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Abstract

Recent progress in Al has primarily been driven along two axes - scaling large generative
Foundation Models (FMs) trained on static internet scale data and developing better
sequential decision making (DM) and reinforcement learning (RL) algorithms that allow
experiential learning. Both paradigms alone have their own flaws, but together provide a
scalable recipe towards general intelligence.

As AlphaGo made its famous "Move 37", it reaffirmed Reinforcement Learning’s(RL)
efficacy as a paradigm to bootstrap intelligence via interactive learning from scratch,
optimizing for goal-directed behavior, self-improvement, and emergence of novel superhuman
abilities. However, RL is hard to scale beyond narrow tasks or simulated environments
given the scarcity of real-world decision-centric data, sparsity of feedback, hard-to-design
rewards, and problems of scaling to larger models. On the contrary, recent generative FMs
pretrained on static internet-scale text and image data excel at broad high-level knowledge
acquisition but fail to acquire robust internal World Models, precluding their notion of
agency, ability to plan and reason well, and extrapolation beyond training data.

In the thesis we focused on combining these complementary paradigms - to both build
and use FMs for DM and develop DM and RL tools for improving FMs - using DM /RL
as a paradigm to finetune and optimize general-purpose pretrained models to elicit better
decisions beyond training data, rather than viewing it as a paradigm to bootstrap intelligence
from scratch. Such broadly capable systems can then be used to empower agents that can
perceive, reason, and act robustly in both physical settings to complete embodied tasks and
in virtual settings to help as autonomous task completion and knowledge-discovery agents.

First, we introduce VideoAgent, a jointly trained goal-conditioned video generation
policy and self-improving simulator for embodied planning tasks. VideoAgent learns to
refine its own generated plans based on a novel self-conditioning consistency objective and
also using feedback from pretrained vision-language models (VLMs), without requiring
ground-truth action labels or any explicit rewards. The model further leverages search to
enable iterative improvement of the video plans using inference-time compute, leading to
more grounded and physically plausible plans in robotic manipulation tasks.

Second, we develop a framework, Reg-ReBoot, to investigate efficient and scalable
methods to improve base non-reasoning LLMs into better reasoners without using explicit
verified data or rule-based verifiers. We analyze this counterintuitive idea: fine-tuning
language models using unverified and even incorrect reasoning traces leads to reasoning
improvement. We show that large language models (LLMs), due to their inductive biases,
can learn useful reasoning heuristics by averaging over noisy chain-of-thought (CoT) data.
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Our results on mathematical reasoning benchmarks reveal that noisy synthetic data can be
an efficient way to bootstrap performance and decrease reliance on hard to curate verified
solutions. From these insights we propose a two stage mid-training pipeline - lowering the
barrier to scalable reasoning improvement.

Finally, we address the evaluation bottleneck in generative modeling by proposing ReFeR,
a multi-agent, tuning-free evaluation framework. ReFeR uses a hierarchy of pretrained
LLMs and VLMs to provide automatic, scalable, and high-quality feedback for both textual
and visual generations. This framework not only rivals human-level evaluation accuracy
but also produces structured feedback, enabling downstream distillation and fine-tuning,
and proving effective even in complex reasoning tasks.

Together, through these works, I try to contribute towards the goal of building au-
tonomous self-improving agents: one where systems powered by foundation models leverage
test-time compute, generative simulations and world models, and diverse learning signals
beyond explicit rewards and human feedback to drive interactive learning and decision
making.

Keywords: Machine Learning, Reinforcement Learning, Unsupervised Policy Learning,
Generative World Models, Planning, Search, Sequential Decision Making, Video Policy,
Self-Improvement, Model-Based Learning, Robot Learning, LLM, Reasoning, Scalable
Oversight.
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Chapter 1

Introduction

1.1 Motivation and Challenges

Over the past decade, progress in Al research has been propelled along two major directions:
the rise of Foundation Models (FMs) (like LLMs, VLMs, Vision Language Action Models
and large scale Image and Video models [21]) and advances in sequential decision making
(exemplified by superhuman reinforcement learning (RL) agents [183, 209, 20]).

Foundation models - large-scale models pretrained on broad internet data - have
demonstrated exceptional capabilities in knowledge transfer across diverse vision and
language tasks. For example, large language models can answer questions or generate code
across domains by leveraging vast prior knowledge. However, when such pretrained models
are deployed in interactive or embodied settings, they face new limitations. Unlike static
prediction tasks, real-world decision making requires agency: the model must perceive an
environment, take actions, plan over time, and adapt and self-improve. Current foundation
models lack this interactive loop: they do not learn from external feedback at inference
and cannot natively perform multi-step planning or maintain goals. As these models are
applied to tasks involving long-term reasoning, control, and planning (e.g., dialogue or
robotics), they must interface with external entities (environments, tools, or other agents)
and contend with challenges like: (1) learning from feedback signals beyond supervised data
(e.g., human ratings of conversation quality), (2) lacking a robust internal world models
causing ungrounded and hallucinatory behaviour when applied to new environments and
modalities (e.g., mapping language or vision to physical robot actions), and (3) executing
long-horizon multi-turn plans after reasoning about future consequences and self-improving
from learned experiences. In summary, FMs provide broad knowledge and skills, but alone



they lack the agency, adaptability, and goal-directed behavior needed for autonomous
decision making.

In contrast, the field of sequential decision making using reinforcement learning has
traditionally focused exactly on those interactive and experiential learning aspects: an
agent actively interacts with an environment, receives feedback (rewards/preferences/expert
demonstrations/language guidance), and improves its policy. RL algorithms have achieved
remarkable feats - from surpassing human champions in Go and Atari games to enabling
robots to learn complex navigation and manipulation skills. These successes demonstrate
that an agent can, in principle, learn complex behaviors from scratch via trial-and-error.
However, the classical RL paradigm is task-specific and data-hungry. Unlike FMs, which
leverage internet-scale datasets for pretraining, RL agents typically start tabula rasa with
limited prior knowledge. This leads to poor generalization and massive sample complexity
- for instance, solving a single Atari game can require on the order of several GPU-
days of experience generation. In practice, scaling up RL to real-world complexity is
exceedingly difficult: each new task or environment demands extensive training, and learned
policies often fail to transfer or generalize beyond their narrow training conditions. And
in many cases gathering experiential data is costly or totally impossible. In summary, RL
provides a framework for agency, self-improvement, autonomy, and bootstrapping emergent
superhuman capabilities, but alone it struggles with efficiency, breadth of knowledge, and
generalization.

These observations highlight a crucial gap - and opportunity - at the intersection of
FMs and decision making algorithms. The two paradigms are highly complementary: FMs
contribute general-purpose knowledge priors, representation learning, and commonsense
reasoning abilities, whereas RL contributes agency, adaptation through feedback, and the
machinery for sequential decision making. Unifying these strengths could enable autonomous
agents that are far more powerful than either alone: agents that come equipped with broad
world understanding yet can continually learn from experience, plan, and improve. Indeed,
recent work has pointed out that foundation models and interactive decision making can be
mutually beneficial when combined. On one hand, a pretrained model can greatly accelerate
an agent’s learning by providing prior knowledge and good representations for states and
goals. On the other hand, adapting FMs to handle actions and feedback would allow them
to operate in environments beyond their current generative abilities from static pretraining
datasets, thus benefiting from interactive feedback and long-horizon planning [239, 91, 184].

However, realizing this unified vision raises several research challenges. First, we need
scalable interaction paradigms that can marry the large-scale knowledge of FMs with the
online learning of RL. A naive approach would be to fine-tune a giant model in an RL
loop, but this may be infeasible or inefficient. An attractive alternative is to leverage



the inference-time computation of FMs to perform sophisticated reasoning and planning
or search on the fly, rather than relying solely on extensive train-time adaptation. In
other words, a unified agent should exploit its considerable computing power at test time
- for example, by simulating potential futures, evaluating hypothetical actions, or doing
chain-of-thought reasoning - to make better decisions without requiring billions of new
training examples. Designing algorithms that effectively utilize such on-demand reasoning
or search is an active area of research with many open challenges.

Second, to learn from experience at scale, an agent must be able to generate and
leverage rich, informative interactions with its environment. In many domains (robotics,
autonomous driving, etc.), real environment interactions are costly or risky, so a unified
agent should make use of simulated experience. Here, generative models present a unique
opportunity: a foundation model can serve as a high-fidelity simulator or world model,
generating synthetic trajectories for the agent to practice with. Recent works show that
powerful generative models (e.g., text-to-video models) can act as simulators of the real
world, implicitly encoding physics and agent-object interactions learned from internet data.
Such simulators hold the promise of internet-scale knowledge transfer - for example, a model
that has watched vast amounts of human videos could simulate plausible robot experiences,
helping to train a generalist robot policy. However, current generative simulators are still
imperfect: they often hallucinate objects or produce physically invalid trajectories. If an
agent relies on a faulty model of the world, its plans will be suboptimal or unsafe. Thus, a
key challenge is enabling self-correction and improvement of these generative world models.
The agent should not treat the simulator’s predictions as ground truth, but rather critically
evaluate and refine them over time.

Third, and relatedly, we must develop mechanisms for feedback and self-improvement
beyond traditional rewards. Standard decision making and RL literature is dominated by
the paradigm of using carefully designed rewards, engineered for each task. Yet in many
domains, designing such complex rewards is very difficult and often impossible. Moreover,
feedback in real-life scenarios can be much richer if we allow it: e.g., natural language
critiques from a human or LLMs/VLMs, scores from a learned world model, preferences, or
the agent’s own assessment of confidence, self-critique and curiosity. Incorporating feedback
beyond the traditional engineered rewards setup is essential to guide agents, using more
informative dense feedback. For instance, large language models benefit enormously from
human preference feedback (as seen in RLHF) and lately in reasoning from rule-based
verifiers and high quality filtered data. In scenarios where human feedback or ground-truth
labels or verifiable rewards are scarce, the agent should leverage generative rewards and
verification and intrinsic feedback. The insight is that a models can judge its own outputs
(for example, via its level of confidence or consistency) or use other models for feedback



to bootstrap a training signal. All told, achieving truly autonomous self-improvement
will require agents to harness a spectrum of feedback: from traditional rewards to diverse
environment feedback and preferences to their internal critiques.

In summary, bridging foundation models with decision-making algorithms opens the path
toward generally capable autonomous self-improving agents. Such agents would combine
the strengths of FMs (broad general knowledge, flexibility, rich generative modeling)
with the strengths of RL (goal-directed learning, adaptability, closed-loop feedback, self-
improvement). Realizing this vision demands we answer: How can a pretrained model be
endowed with agency and self-learning capabilities? How can we efficiently simulate and
practice complex behaviors in learned world models and simulators? How can an agent
refine itself using whatever feedback is available - whether external or intrinsic?

These questions motivate the three primary works in my thesis. First, we investigate
VideoAgent, a self-improving generative simulator - how an agent can use a generative
world model (for example, a video predictor) not only to plan, but to iteratively improve
its predictions via diverse feedback, and explore and collect data to further improve policy.
Second, we explore Reg-ReBoot - reasoning skill acquisition with unverified CoT data
and no reward models, exploring techniques for an agent to bootstrap complex reasoning
without relying on ground-truth intermediate solutions or extensive human supervision.
Third, we develop ReFeR, a compositional system for scalable automated evaluations of
generative outputs that is highly aligned and calibrated with human evaluation preferences
without any manual involvement. Collectively, in the thesis, I try to contribute towards
the ultimate goal of unifying foundation models with decision making to build autonomous
self-improving agents by tackling these three challenges mentioned above. We explore
how systems powered by foundation models can leverage generative simulation, learn from
diverse signals beyond explicit rewards, and use Al-driven feedback to enable robust and
scalable decision-making.

1.2 Contributions

In brief, the following are contributions of my MMath thesis trying to tackle some aspects
of the challenges discussed above motivated by the idea of combining the complementary
paradigms of large Foundation Model priors with Decision Making and RL algorithms
to make autonomous self-improving interactive agents that are less dependent on human
feedback and reward specifications:

1. Video generation has been effective in generating visual plans for controlling robotic
systems. Specifically, given an image observation and a language instruction, previous
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work has generated video plans which are then converted to robot controls to be
executed. However, a major bottleneck in leveraging video generation for control lies
in the quality of the generated videos, which often suffer from hallucination (e.g.,
unrealistic physics), resulting in low task success when control actions are extracted
from the generated videos. In this work, we propose VideoAgent to ground video
generation in the physical world by integrating external feedback. VideoAgent trains
a video diffusion model to perform video refinement through a novel objective which
we call self-conditioning consistency. During inference, VideoAgent samples and
refines generated video plans under the guidance of a vision-language model (VLM)
as reward, enabling inference-time compute to be turned into better generated video
plans. As refined video plans are executed, VideoAgent collects additional data from
the environment to further improve video plan generation. Experiments in simulated
robotic manipulation from MetaWorld and iTHOR show that VideoAgent drastically
reduces hallucination, thereby boosting success rate of downstream manipulation
tasks. We further illustrate that VideoAgent can effectively refine real-robot videos,
providing an early indicator that robots can be an effective tool in grounding video
generation in the physical world.

. The prevailing paradigm for enhancing the reasoning capabilities of Large Language
Models (LLMs) relies on Supervised Fine-Tuning (SFT) or Reinforcement Learning
(RL) using vast datasets of human-verified filtered data or using rule-based verifiers.
This approach is fundamentally limited by the prohibitive cost and logistical complexity
of creating high-quality, verified data, especially for complex, multi-step reasoning
tasks. In this work, we challenge this paradigm by demonstrating that LLMs can
effectively learn and improve their reasoning skills by training on large-scale, unverified,
and even incorrect Chain-of-Thought (CoT) examples. We introduce Regularized
Reasoning Bootstrapping (Reg-ReBoot), a framework inspired by principles of children
language acquisition, where learners regularize inconsistent input to extract robust
underlying latent patterns. We formalize this process, showing how the standard next-
token prediction objective, when applied to a dataset of imperfect CoTs, implicitly
functions as a regularizer that favors consistent, correct reasoning primitives while
averaging out diverse, idiosyncratic errors. Through knowledge distillation and self-
distillation experiments on mathematical reasoning tasks on different non-reasoning
base LLM models, we show that training on CoTs with incorrect final answers can yield
performance comparable to, and in some cases exceeding, training on human-curated
"gold" data. Our findings suggest a more scalable and cost-effective path forward for
developing advanced reasoning in LLMs, leveraging the vast quantities of imperfect
data available in the real world.



3. Assessing the quality of generative model outputs from large language models (LLMs)
or vision-language models (VLMs), poses significant challenges. Traditional eval-
uation methods either rely on human assessment which is resource-intensive and
not scalable or on automatic metrics that often correlate poorly with human prefer-
ences. Another approach is to train dedicated neural evaluators, but this typically
requires substantial training data and compute. In this study, we thus introduce
ReFeR, a tuning-free framework for evaluating generative outputs including both
text and images, using a two-level hierarchy of pre-trained LLM and VLM evalua-
tors. This multi-agent hierarchical strategy leverages additional compute at inference
time by orchestrating multiple models and utilizing the increased test-time rea-
soning to boost performance. By having models themselves provide feedback and
final judgments, ReFeR reduces the dependence on human evaluation. We rigor-
ously evaluate ReFeR on four diverse evaluation benchmarks, where it surpasses
prior methods in accuracy while also generating constructive feedback useful for
downstream distillation and self-improvement via finetuning. Interestingly, ReFeR
is also applicable for reasoning tasks - experiments on four reasoning benchmarks
show ReFeR’s superior collective reasoning abilities. We present two variants of
the framework: ReFeR-Pro, optimized for accelerated performance, and ReFeR-Lite,
offering a more test-time compute efficient solution. ReFeR-Lite is 1214x~ 12 — 14 x
morecomputeef ficientthanpreviousworkswhilebeingcomparablyaccuratetoRe Fle R—
Pro.

1.3 Thesis Organization

e Chapter 1 introduces the overarching vision, motivates the research by contextualiz-
ing the complementary paradigms of foundation models and reinforcement learning,
and outlines the broad challenges in this area of research and the contributions I
made in the thesis in brief.

e Chapter 2 introduces VideoAgent, a framework for embodied planning that lever-
ages goal-conditioned video generation to combine learned generative self-improving
world models with test-time search methods to scale robot manipulation using action
and reward label free video data. This work details a novel self-conditioning consis-
tency objective and a feedback mechanism using Vision-Language Models (VLMs) to
refine generated video plans, making them more physically plausible and effective for
robotic control.

e Chapter 3 presents Reg-ReBoot, a framework that investigates how Large Language
Models (LLMs) can learn to reason from large-scale, unverified, and even incorrect
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reasoning traces. This chapter demonstrates that the inductive biases of LLMs allow
them to extract robust reasoning heuristics from noisy data, thereby reducing the
critical dependency on expensive, human-verified solutions and rule-based verifiers.

e Chapter 4 introduces ReFeR, a multi-agent, tuning-free evaluation framework
inspired by the academic peer review process to model a society of minds framework
for deliberative analysis to automate evaluations. This work shows how a hierarchy
of pretrained models can provide automatic, scalable, and high-quality feedback for
both textual and visual generations, rivaling human-level accuracy and enabling
downstream model improvement.

e Chapter 5 concludes the thesis with a summary of our work and some directions for
future work to develop generally capable autonomous and self-improving intelligent
agents.

Taken together, my thesis emphasizes the central theme that progress toward generally
capable autonomous agents hinges on scalable self-improvement and learning beyond
explicit rewards and human supervision. Traditional supervised learning paradigms are
limited by their dependence on costly, human-curated labels, while standard reinforcement
learning approaches struggle with efficiency and generalization due to their reliance on
carefully engineered reward specifications. By contrast, the works in my thesis illustrate
a complementary pathways for overcoming these bottlenecks. VideoAgent demonstrates
how generative models can act as world simulators that iteratively refine themselves using
diverse feedback signals, moving beyond fixed training datasets. Reg-ReBoot shows that
robust reasoning heuristics can be learned from large-scale, unverified, and even incorrect
reasoning traces, thereby reducing reliance on rule-based verifiers or expensive ground-truth
reasoning data. Finally, ReFeR provides a scalable evaluation framework that leverages
the deliberative capabilities of foundation models themselves, reducing dependence on
human evaluation and enabling iterative improvement of generative systems. Together,
these directions highlight a unified perspective: foundation models with rich general priors
can be transformed into interactive, self-improving agents when equipped with mechanisms
to learn from data generated and collected by themselves using diverse feedback signals
and their own critical evaluations beyond hand-crafted rewards and human supervision -
ultimately pointing beyond the conventional boundaries of supervised and self-supervised
learning learning and reward-driven reinforcement learning.



Chapter 2

Self-Improving Generative Simulators
and World Models: Goal Conditioned
Video Policies for Embodied Planning

2.1 Introduction

Large text-to-video (T2V) models pretrained on internet-scale data enable generation of

creative video content [36, 90, 185], games [28], animations [213], and movies [267]|. Recent
work demonstrates their potential as real-world simulators [238, 27] and as policies with
unified observation and action space |51, , D0]. These advances can lead to internet-scale

knowledge transfer and progress toward generalist agents—a single policy for controlling
multiple robots across various morphologies, environments and tasks. Nevertheless, T2V
models have only had limited success in downstream applications in reality. For instance, in
video generation as policy [51, |, when an observation image and a language instruction
are given to a video generation model, generated videos often hallucinate (e.g., objects
randomly appear or disappear) or violate physical laws (e.g., a robot hand going through
an object) |238, 27]. Such issues have led to low task success rate when generated videos
are converted to control actions through inverse dynamics models, goal conditioned policies,
or other action extraction mechanisms [220, , 5]. While scaling up dataset and model
size can be effective in reducing hallucination in large language models (LLMs) [89)], it is
more difficult in video generation as language labels for videos are labor intensive to curate
and we have not yet converged to an architecture that is more favourable to scaling [240].
Scaling aside, two major directions to improve generation in LLMs have been to incorporate
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Figure 2.1: The VideoAgent Framework. VideoAgent first generates a video plan conditioned
on an image observation and task description similar to [50], and undergoes (1) iterative video
refinement using feedback from a vision language model (VLM), (2) using the VLM to select the
best refined video plan to convert to control actions through optical flow, and (3) executing the
control actions in an environment and improving video generation using real-world feedback and
additional data collected online.

external feedback [156] and to scale search with increased inference time compute [187, 230)].
It is therefore natural to wonder what kind of feedback and inference-time compute can be
leveraged to improve T2V generations.

To answer this question, we explore two types of feedback that are natural to obtain for
video generation models, namely Al feedback from a vision-language model (VLM) and
real-world execution feedback when generated videos are converted to motor controls. To
utilize these feedback for self-improvement, we propose VideoAgent . Different from video
generation as policy, which directly turns a generated video into control actions [0, ],
VideoAgent is trained to refine a generated video plan iteratively using feedback from a
pretrained VLM. During inference, VideoAgent queries the VLM to select the best refined
video plan, allowing inference-time compute to be turned into better generated video plans,
followed by execution of the plan in the environment. During online execution, VideoAgent
observes whether the task was successfully completed, and further improves the video
generation model based on the execution feedback from the environment and additional
data collected from the environment. The improvement to the generated video plan comes
in three folds: First, we propose self-conditioning consistency for video diffusion model
inspired by consistency models [191, 78], which enables low-quality samples from a video
diffusion model to be further refined into high-quality samples. Second, VLM feedback
combined with more inference-time compute leads to better video plans. Lastly, when
online access to the environment is available, VideoAgent executes the current video plan
and collects additional successful trajectories to further finetune the video generation model.



A visual illustration of VideoAgent is shown in Figure 2.1.

We first evaluate VideoAgent in two simulated robotic manipulation environments,
Meta-World [245] and iTHOR [113], and show that VideoAgent improves task success
across all environments and tasks evaluated. We additionally provide ablation studies on
the effect of different components in VideoAgent , including different types of feedback
from the VLM and the amount of inference-time compute spent.Lastly, we illustrate that
VideoAgent can iteratively improve real-robot videos, providing early signal that robotics
can be an important mean to ground video generation models in the real world.

2.2 Related Work

Feedback and Self-improvement in LLMs. Incorporating feedback and preference
signals from feedback into the finetuning process of LLMs, has led to the enormous popularity
and practical usability of the current versions of LLMs as chatbots [30]. Preference feedback
from humans or other Al systems [155, 120, 103] are first collected to train a reward model
to guide the LLM’s generation or do implicit policy optimization |[177, 166]. Furthermore
LLMs have shown the ability to further improve by iterative refinement during finetuning
and inference [251, , |. We incorporate this reward driven improvement mechanism
in our work, but unlike the LLM setting where the feedback came from a reward model or
some proxy of this preference model, but in our VideoAgent work we use natural feedback
from the real world when simulated videos are turned into actions that are executed in the
real world.

Image and Video Generation and Editing. With the advent of large scale foundation

models pretrained on internet scale data [25], generation of super realistic multimodal
content has become easier. Text generation, image or video generation, and cross-modal
generation |[154, , , 86, , , 22] has seen major advancements leveraging

the autoregressive and diffusion based models architectures. And moving beyond simple
generation, these models have been leveraged for guided text, image or video editing and
enhancement |[93| to improve textual and visual aesthetics applied mostly to generative
media [252]. But none of these existing methods focus on grounding a generative simulator
in the real world to perform more complex interactive multi-turn agentic and physical tasks
needing both perception and control. To solve this bottleneck, we propose VideoAgent to
self-improve or edit generated plan based on grounded feedback from real-world to execute
robot manipulation tasks.

Scaling Inference Time Compute. Moving beyond pretraining, scaling inference time
compute has opened another axis of model performance improvement. Recent works in
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inference-time compute for foundation models primarily focus on better search /planning via
multiple generations and better verifiers to guide the generation process [231, (4, , |.
These improvements primarily were first introduced in LLMs and have recently also been
used in other foundation models like pretrained diffusion models. We also have another
way to leverage inference-time compute in diffusion models by simply scaling the number
of denoising steps to improve model generations |[102, , |. Our work moves not
only leverages the vanilla methods to leverage extra compute at inference time to refine
generated video policies, but also leverage offline and online feedback to teach the model
via gradient updates during finetuning to learn to self-improve.

Video Generation for Robot Learning. Leveraging videos to learn robot has been

studied extensively in the research literature |18, 11, , 33, , , , 121]. Existing
methods use video datasets to learn effective visual representations, to extract goal and
subgoal information from videos, used as a dynamic model for planning |60, |, or to
learn via imitation from expert actions [57, , |, state sequences [208, , | or
action-free pretraining on videos followed by task-specific learning via RL |15, 55]. Another

recent line of works has made substantial progress in leveraging generative models and video-
based techniques for robotic learning and planning. One approach is to reframes sequential
decision-making as a text-conditioned video generation problem, allowing policies to be
inferred from synthesized video frames through inverse dynamics, dense correspondences, or
by pretraining a trajectory model to predict future trajectories. |51, , |. Additionally,
vision-language models in combination with text-to-video dynamics models can be used
to generate long-horizon plans that can be directly executed by robots and also solve
complex tasks through abstract planning grounded in visual observations [50, 5|. Moreover,
generative models have been leveraged to simulate realistic agent-environment interactions,
facilitating training of agents in tasks ranging from high-level planning to low-level control,
enabling zero-shot deployment of agents in the real world [238]. A recent work uses test
time feedback to initiate replans as needed |[29]. However, these works focus mostly on
replanning upon failed executions during test time, whereas our VideoAgent work improves
the video generation model during traning by incorporating feedback from failed executions
grounded in real-world and further refines the mistakes during test time via self-iteration
and replanning.

2.3 Background

In this section, we provide the background on video generation as policy in a decision
making process [50]. We also introduce consistency models [191, 78, 41], which VideoAgent
builds upon for self-refinement.
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2.3.1 Video as Policy in Sequential Decision Making

We consider a predictive decision process similar to [51]: P :=(X,G, A, H,E,R), where
X denotes an image-based observation space, G denotes textual task description space, A
denotes a low-level motor control action space, and H € R denotes the horizon length. We
denote 7(+|xg, g) : X x G —~ A(XH)! as the language conditioned video generation policy,
which models the probability distribution over H-step image sequences x = [z, ..., Tg]
determined by the first frame zy and the task description g. Intuitively, x ~ 7(-|zo, g)
correspond to possible visual paths for completing a task g. Given a sampled video plan
x, one can use a learned mapping p(-|x) : X — A(A) to extract motor controls from
generated videos through a goal-conditioned policy [50], diffusion policy [21], or dense
correspondence [109]. Once a sequence of motor controls a € A are extracted from the
video, they are sequentially executed in the environment £, after which a final reward
R : AT+ {0,1} is emitted representing whether the task was successfully completed. For
simplicity, we only consider finite horizon, episodic tasks. Given a previously collected
dataset of videos labeled with task descriptions D = {(x, g)}, one can leverage behavioral
cloning (BC) [162] to learn 7 by minimizing

Lpc(m) = Ex g)~p[—log m(x]x0, 9)]. (2.1)

Equation 2.1 can be viewed as maximizing the likelihood of the videos in D conditioned on
the initial frame and task description.

2.3.2 Consistency Models

Diffusion models |37, | have emerged as an important technique for generative modeling
of high-dimensional data. During training, a diffusion model learns to map noisy data
(at various noise levels) back to clean data in a single step. Concretely, let z(*) denote a
clean image and (¥ denote the noisy image at noise level ¢, where ¢ € [0, T], the training
objective for a diffusion model fy(x®,#) can be written as

Ediﬂusion(0> = E$(0>7€7t “|f9<x(t)7 t) - x(O)Hﬂ ) (22)

where € € N(0,1) is the added noise, and z() = \/Oz_tx(o) + v/1 — e where «; are time-
dependent noise levels. Although diffusion models have achieved high-quality image/video
generation, they require hundreds or thousands of denoising steps during inference, which
induces tremendous computational cost. To overcome the slow sampling speed of diffusion

'We use A(-) to denote a probability simplex function
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models, consistency models [191, | were initially proposed by enforcing a consistency
loss across different noise levels, i.e.,

Lconsistency(e) = Egp(0>,e,t1,t2 [||f€(x(tl)7 tl) - Stopgrad(f9($(t2)> t2)) ||2] ) (23)

which encourages the output of the single-step map between different noise levels to
be similar. In fact, both the diffusion loss in Equation 2.2 and the consistency loss in
Equation 2.3 can be understood as exploiting the structure of the denoising procedure
which corresponds to an ordinary differential equation (ODE). Specifically, as introduced

in [191, |, the backward denoising procedure of a diffusion model can be characterized
by an ODE, i.e.,
dz®
zt = —t-s(z,1), (2.4)

with s(x®,t) is some score function. During the entire path along ¢ € (e, 00|, following this
ODE should always map #® to 2(?). If we parametrize the model f(2®, ) as the simulation
following the ODE governed by s(z®,t), we obtain the diffusion loss (2.2). Meanwhile, for
all t,t' € (e, 00], we have f(z®,t) = f(2®) ') along the simulation path, which induces
the consistency loss (2.3). Therefore, we can combine the diffusion loss and consistency loss
together for model training, i.e.,

‘C(e) = ‘Cdiﬂusion(e) + A Econsistency<9)7 (25)

where A denotes consistency regularization hyperparameter across different noise levels.

2.4 Video Generation as An Agent

In this section, we introduce VideoAgent , a framework for improving video plan generation.
In Section 2.4.1, we develop self-conditioning consistency to iteratively refine generated video
plans. In Section 2.4.2, we describe how a diffusion model trained with self-conditioning
consistency can leverage inference-time compute to select the best video plans. Finally, in
Section 2.4.3, we illustrate how VideoAgent closes the self-improvement loop by collecting
additional online data to further enhance video generation and refinement.

2.4.1 Refinement through Self-Conditioning Consistency

We consider first-frame-and-language conditioned video generation following |50, |,
which generates a sequence of image frames to complete the task described by the language
starting from the initial image. In practice, generated videos often contain hallucinations
[238]. While such inaccuracies may prevent a video plan from fully completing the task,
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Figure 2.2: An illustration of Self-Conditioning Consistency. The horizontal direction
represents regular denoising process. The two rows represent two refinement iterations. X; denotes
generated video plan at refinement iteration 7. We condition the refinement iteration 7 + 1 on
generated video from the previous iteration X;.
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the generated video may still make meaningful progress towards completing the task.
Thus, instead of independently sampling many videos hoping that one may be free from
hallucinations, we propose refining previously generated videos iteratively.

Specifically, let x(© denote the ground truth video and X a generated video from
the original T2V diffusion model. We introduce a self-conditioning consistency model,
fg(f{, x® ), which takes a generated video X and a noisy version of the ground truth
x® as inputs to predict the clean video. This formulation enables iterative refinement
by conditioning the model on its previous predictions, as illustrated in Figure 2.2. We
denote video samples from the refinement model after the i-th iteration as x;. Self-
conditioning is inspired by a reparameterization of the implicit ODE solver for Equation 2.4
[189, 135, 254, 36]. For instance, [189] considered the first-order ODE solver for Equation 2.4

following:
(1 — \/mx(o) + \/m . S(X(t),t). (2.6)

In VideoAgent , we adapt Equation 2.6 by replacing the x(© term with %, the previously
generated video sample, as illustrated in Figure 2.2. In standard DDIM-based methods [189],
x() is typically obtained as an intermediate estimate from x® within the same iteration.
In contrast, our approach reuses X from a previous iteration, allowing for a self-conditioning
mechanism that improves temporal coherence. The self-conditioned consistency loss also
ensures that compounding of errors do not propagate as it teaches the model to focus
on the difference between the consecutive generations and regresses that to the ground
truth video enabling the policy to learn to correct only the errors over each iteration. By
enforcing consistency across iterations, our method thus enables the denoising process to
correct potential failures more effectively.

We learn the ODE solver through self-conditioning consistency by directly predicting
the clean video X;,1 using:

ESC—consistency<9) = E;‘(,x(oht |:||./?9 (&7 X(t)a t) - X(O) ||2]
o B s [ folGer x 0, ) = foa, 0, 1)[2]. (2.7)
The first term in Equation 2.7 represents the standard diffusion loss with the additional
conditioning on x, while the second term regularizes the similarity between different
refinement iterations (X; and X3) to promote coherence across iterations. This iterative

refinement process distinguishes self-conditioning consistency from traditional consistency
models. Combined with the standard objective for video diffusion:

Evideo-diffusion(e) = Ex(0)7e7t [Hf@(x(t)a t) - X(O))Hﬂ ) (28)
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the overall objective for training a self-conditioning-consistent video diffusion model thus
becomes:

L(@) = Lvideo—diffusion<8) + )\ESC—consistency(0>- (29)

Note that while the video generation model f, and the video refinement model fg have
different input arguments (first frame versus previously generated video), we can share
their parameters to train a single unified model for both video generation and refinement
tasks. This parameter-sharing approach allows us to leverage the same model architecture
for generating initial video plans and iterative refinement. The training process for fy and
fg is detailed in Algorithm 1 in Section 2.5.

Feedback Guided Self-Conditioning Consistency. While we can refine videos only
from previously generated samples, it may be desirable to condition the refinement process
on any additional feedback for the previously generated video that is available (e.g., feedback
from humans or vision language models critiquing which part of the generated video is
unrealistic). Given we work with a goal-conditioned video policy setup, we have a lot of
flexibility to adapt and use diverse feedback mechanisms - be it binary feedback from the
VLM or from direct rollout in the environment, or detailed suggestive feedback from the
VLM defining what went wrong and how to correct the plans. We can simply concatenate
such feedback with the initial task goal and better guide the plan generation. When such
feedback is available, we can have the refinement model f further take the additional
feedback as input, combined with the task description, to guide the refinement process, i.e.,

fo(x,x t|feedback), (2.10)

which can be plugged into our framework for learning feedback-guided self-refinement using
Equation 2.9.

2.4.2 Inference-Time Planning through VLM-Guided Video Gen-
eration.

After training the video generation model fy and the video refinement model fg described
in Equation 2.8 and Equation 2.7, we can sample from fy and iteratively apply fg for video
refinement. Specifically, let 17 be the step size for the noise schedule, o; be a time dependent
noise term, VideoAgent first generates a video plan through

<1 — O _ n- Vafa(X(t), )+ oy -c (2.11)

16



The sample x after T' denoising steps corresponds to the generated video. Next, we can
iteratively apply fy to refine the generated video sample

}A(i—i-l = f@(&iax(t)7t)7 (212)

where i denotes the video refinement iteration, with %y = x = x(¥). We denote the final
video after refinement as X,egneq. A natural question is when to stop the iterative video
refinement process. We use a VLM as a proxy for the environment’s reward to assess whether
a refined video is likely to lead to successful execution in the environment. Specifically, we
denote a VLM as R, which takes a refined video %; and returns a binary value {0,1} to
determine whether a video is acceptable based on overall coherence, adherence to physical
laws, and task completion (See prompt for VLM in Section 2.10). With 7AZ, the refinement
stops when the VLM decides that the refined video is acceptable. Namely, we have

Xrefined = Xj+, where ¢ = min {z : 7@(&%) = 1} (2.13)

Algorithm 2 in Section 2.5 shows details for video plan generation, refinement, and selection
during inference.

2.4.3 Self-Improvement through Online Finetuning

In addition to video refinement through self-conditioning consistency and inference-time
compute as described in Section 2.4.1 and Section 2.4.2, we can further characterize the
combination of video generation and video refinement as a policy, which can be improved
by training on additional data collected from the environment during online interaction.
Specifically, the goal is to maximize the expected returns of a policy through trial-and-error
interaction with the environment:

Tontine(0) = E[R(a) [ o, p, €], (2.14)

where R is the true reward function, & is the interactive environment, and 7y corresponds
to the combination of fy and fjy.

A broad array of reinforcement learning methods [201] such as policy gradient [177] can be
employed to maximize the objective in Equation 2.14. For simplicity, we consider the setup
of first executing the policy in the environment, then filtering for successful trajectories,
continuing finetuning the video policy using additional online data, and executing the
finetuned policy again to collect more data. Specifically, each online iteration constructs an
additional dataset by rolling out the policy my at the current online iteration

Dnew = {)A(reﬁned ~ 7T9(.770, g) ’ R(p(fcreﬁned)) = 1} ) (215)

where p is the optical flow model that maps the refined video to low-level control actions.
See Algorithm 3 in Section 2.5 for details of online policy finetuning.
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2.4.4 Unsupervised Policy Learning via Implicit Successor Mea-
sures

The VideoAgent framework, while presented as a generative approach to embodied planning,
can be effectively contextualized within the paradigm of unsupervised, reward-free rein-
forcement learning (RL) [250]. Specifically, its core mechanisms for goal-conditioned video
generation and self-refinement draw strong parallels to the concept of successor measures,
a representation that enables efficient, zero-shot adaptation to new tasks by decoupling
environment dynamics from task-specific rewards |23, , |. This perspective clarifies
VideoAgent’s contribution as a novel, high-dimensional implementation of these advanced
RL principles.

The conventional approach in reward-free RL involves a two-stage process: (1) an
unsupervised pre-training phase where an agent learns the environment’s dynamics, and
(2) a test phase where a new reward function is provided, and the agent must generate
a near-optimal policy without further environment interaction. A key enabler for this is
the successor measure (SM). For a policy 7, the successor measure M7™(z, ) represents
the discounted cumulative distribution of future states visited after starting in state x.
Mathematically, it is defined as:

M™(x0, X) := Y _~'P(xy € X|zo,m) VX CX (2.16)
t=0

By learning this predictive map, an agent can rapidly compute the value function for any
new reward function r, (specified by goal g) by integrating the reward over the successor
measure:
ViGen) = [ @), (217)
VideoAgent’s methodology implements this paradigm through its generative components,
creating a clear mathematical analogy at each stage:

1. Unsupervised Pre-training as Dynamics Learning: The initial training of
the video generation policy 7 is analogous to the unsupervised, reward-free pre-
training phase. In traditional RL, this phase aims to learn the transition dynamics
P(zy41|ze, a;). VideoAgent achieves a similar goal by learning a generative policy
that models entire trajectories. The behavioral cloning objective from Equation 2.1
trains the policy to maximize the likelihood of observed video data:

L0(r) = B gypl-log 7(zlz0, 9) (2.18)
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This objective directly trains 7 to be a generative model of the environment’s dynamics
as represented in the dataset D. The policy learns to produce sequences of states
[zg, ..., x| that are plausible under the true dynamics, effectively creating a generator
for the successor measure distribution.

2. Video Plans as Implicit, High-Dimensional Successor Measures: A generated
video plan, x = [z, ..., zg], produced by the policy 7(-|zo, g), is a high-dimensional,
non-parametric sample from the distribution implicitly defined by the successor
measure M7. While a traditional SM is a function that provides an expected future
state occupancy, VideoAgent’s generative policy provides a concrete sample of a
full future trajectory. This is a richer, more expressive representation than a low-
dimensional successor feature vector.

3. VLM-Guidance as Zero-Shot Task Specification and Planning: The inference-
time refinement process corresponds to the test phase in zero-shot RL, where a policy
is derived for a new reward function. The VLM, denoted as R, acts as a proxy for
a zero-shot reward function r,(-). In the SM framework, the goal is to find a policy
that maximizes the value V,7(zo). VideoAgent’s refinement and selection process is a
practical implementation of this optimization. The iterative refinement in Equation
212, ;1 = fg(i‘i,l’(t),t), performs a search in the space of video plans to find a
trajectory that maximizes the implicit reward from the VLM. The final selection in
Equation 2.13 identifies the plan that satisfies the VLM’s criteria:

A

Trefined = Tiv, where i* = min{i: R(z;) = 1} (2.19)

This is analogous to finding a trajectory sample Z,¢fineq from the successor measure
that yields a high value, effectively maximizing the task-specific value function at
inference time.

4. Self-Improvement as Policy Refinement: The online finetuning stage refines the
underlying generative policy 7y to better align with true task success. In traditional RL,
policy improvement adjusts policy parameters 6 to increase the expected return, often
via policy gradients: VyJ(0) = E.r,. VideoAgent’s online objective in Equation
2.14 similarly aims to maximize the expected true environment reward R:

jonline(0> =EK (220)

This is achieved by collecting a new dataset D, of successful trajectories (Equation
2.15) and using it to update the model parameters 6 by minimizing the combined
loss from Equation 2.9. While this is a form of behavioral cloning on successful
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data rather than a direct policy gradient update, the effect is analogous: it shifts
the probability mass of the policy 7y towards generating trajectories that yield high
rewards. This improves the model’s ability to generate more task-successful successor
measures, enhancing its internal world model based on real-world feedback.

We thus can view VideoAgent is not just from the lens of a generative simulator or
world model but also as an instantiation of a goal-conditioned, unsupervised agent policy.
It learns an implicit, high-dimensional successor measure during a reward-free pre-training
phase and leverages goal-conditioning from diverse VLM or environmental feedback as a
zero-shot reward function for inference-time planning and refinement.

2.5 Algorithms

Algorithm 1: Training of Video Generation and Refinement Models with VLM
Feedback
Input: Dataset D, learning rate ~, total training iterations NV, initial model
parameters 6, video generation model fy, video refinement model fg, VLM
R
for iteration =1 to N do
Sample {(x¥, g)} ~ D and t ~ Uniform({0,1,...,T});
Compute vanilla diffusion loss:
Lvideo—diffusion = Hf@(x(t)a t) - X(O) H27
Generate % following Equation 2.11 and sample feedback ~ R(-|%);
Compute consistency loss:

o 2
£SC—consistency = Hf@ ()AQ X(t),t | feedback) — X(O) H ;
Update parameters:
00— 7V0 (ﬁvideo—diffusion + LSC—consistency);
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Algorithm 2: VLM Guided Replan
Input: Initial frame x, task description g, Reward R, Environment £, VLM R,
max_refine iterations, max replans

for replan_ count =1 to mazx_replans do

X < my(x0,9);

for i = 0 to max_refine_iterations do
response <— 7@(&@), 9);
if response == ACCEPT then brealk;
X(it1) We(ﬁ(i),%,g);

success < R(p(Xrefined));

if success then break;

xo < £.get_state();

Algorithm 3: Online Finetuning of Video Generation and Refinement Models
Input: Dataset D, policy my, Reward R, Environment £
for iteration i =1 to N do
Dyew < 0
for each (-,g) in D do
xg < E.reset(g);
Trefined ~ To(Z0, 9);
if R(p(:%reﬁned)) then
L Dnew < Dnew U (ireﬁneda g);

D < DU Dypew;
| Finetune 6 using Algorithm 1 on D;

2.6 Dataset Descriptions in Detail

2.6.1 Datasets and Environments.

We follow the same evaluation setting as [109], which considers three datasets: Meta-
World [245], iTHOR [113], and BridgeData V2 [210]. Meta-World consists of 11 robotic
manipulation tasks performed by a simulated Sawyer arm, with video demonstrations
captured from three distinct camera angles. iTHOR is a simulated 2D object navigation
benchmark, where an agent searches for specified objects across four room types. BridgeData
V2 is a real-world dataset of robotic manipulation.
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Figure 2.3: Environments and Datasets that we work with: Meta-World, iThor, and BridgeData-
V2

Meta-World [215] is a simulation benchmark that uses a Swayer robotic arm to perform
a number of manipulation tasks. In our experiments, we make use of 11 tasks as shown in
Table 2.1. We capture videos from three distinct camera angles for each task and use the
same camera angles for both the training and testing phases. We gather five demonstration
videos per task for each camera angle. During the evaluation, we tested on each of the
three camera angles with 25 seeds per camera angle. The position of the robot arm and the
object is randomized at the beginning of each seed to ensure variability. A trajectory is
considered successful if the Video Agent reaches within a really close threshold of the goal
state.

iTHOR [113] is another popular 2D simulated benchmark that focuses on embodied
common sense reasoning. We evaluate the Video as Agent framework on the object
navigation tasks, where an agent is randomly initialized in a scene and tasked with finding
an object of a specified type (e.g., toaster, television). At each time step, the agent can
take one of the four possible actions (MoveForward, RotateLeft, RotateRight, or Done),
and observes a 2D scene to operate in. We selected 12 objects ((e.g. toaster, television) to
be placed in 4 different room types (e.g. kitchen, living room, bedroom, and bathroom).
Again, the starting position of the agent is randomized at the start of each episode. During
evaluation, we test the agent across 12 object navigation tasks spread across all 4 room
types, 3 tasks per room. A trajectory is successful if the agent views and reaches within 1.5
meters of the target object before reaching the maximum environment step or predicting
Done.

To test the usefulness of our framework across different videos types, we also use the
BridgeData V2 dataset [210], a large and diverse dataset of real world robotic manipulation
behaviors designed to facilitate research in scalable robot learning. It contains 60,096
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trajectories collected across 24 environments using a publicly available low-cost WidowX
250 6DOF robot arm. The dataset provides extensive task and environment variability,
enabling skills learned from the data to generalize across environments and domains.

2.6.2 Additional trajectories per iteration during online training

We collect 15 successful trajectories for each task during every iteration. This standardization
helps address task imbalance, as task success rates are higher for certain tasks compared to
others. By ensuring a fixed number of successful trajectories per task, we prevent overfitting
to easier tasks and maintain balanced model performance across the entire task set. The
set of seeds used for training and collecting additional trajectories are different from the
seeds used for evaluation.

2.7 Experiments

In this section, we evaluate the performance of VideoAgent . First, we measure the end-
to-end task success rate of VideoAgent against the baselines in Section 2.7.2, and study
the effect of different components of VideoAgent in Section 2.7.3. Finally, we show that
VideoAgent is effective in improving the quality of real robotic videos in Section 2.7.5.

Evaluation Setup. We follow the evaluation setup of AVDC [109], a method for con-
trolling simulated robots using dense action correspondence extracted from generated
videos. We follow AVDC and perform evaluation in three environments: Meta-World [215],
iTHOR [113], and BridgeData V2 [210] (see detailed dataset description in Section 2.6).
We compare variants of VideoAgent , including VideoAgent with only self-refinement (Sec-
tion 2.4.1), VideoAgent -Online (Section 2.4.3), and VideoAgent -Replan against AVDC and
AVDC-Replan (replanning when movement stalls) from [109]. More detailed descriptions of
the baselines and the VideoAgent variants are provided below.

2.7.1 Baselines and VideoAgent Variants.

We consider the following methods for comparison:

e AVDC (baseline). This is the Actions from Video Dense Correspondences [109] baseline,
which synthesizes a video and predicts optical flow to infer actions.

e AVDC-Replan (baseline). When the movement stalls, AVDC-replan re-runs video
generation and action extraction from the flow model to execute a new plan.

e VideoAgent . Our proposed video refinement model through self-conditioning consis-
tency as introduced in Section 2.4.1. VideoAgent generates video and iteratively refines
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a video plan. We use GPT-4 Turbo for selecting the best video plan during inference
(Section 2.4.2).

¢ VideoAgent -Online. As actions are executed in the online environment, successful
trajectories are collected and used to continue training the video generation and refinement
model, as described in Section 2.4.3.

e VideoAgent -Replan. This variant incorporates online filtering of successful trajectories
with the replanning mechanism, where replanning is conducted first, and more successful
trajectories after replanning are added back to the training data.

2.7.2 End-to-End Task Success

Meta-World. We report the task success rates of baselines and VideoAgent in Table 2.1.
Following [109], we evaluate performance across three camera poses with 25 seeds per pose.
Without online environment access, VideoAgent improves the overall success rate through
self-conditioning consistency alone from 19.6% (AVDC) to 22.3%. For certain difficult tasks,
e.g., faucet-close, VideoAgent improves performance from 12.0% to 46.7%. With online
data collection, VideoAgent -Online further improves success rates with each additional
online iteration of rolling out the policy, collecting successful trajectories, and finetuning.
VideoAgent -Online can be further combined with replanning, achieving 53.7% overall
success, surpassing prior state-of-the-art on this benchmark. Detailed baseline comparisons
are provided in Section 2.8.2, and qualitative improvements in refined videos are shown in
Figure 2.9 in Section 2.12.

iTHOR. Next, we evaluate VideoAgent on iThor. Due to the high computational cost of
running the iThor simulator(approx. 20 minutes per roll-out), we focus only on evaluating
self-conditioning consistency (without online access). We follow the same setup as [109],
where we measure the average success rate across four rooms each with three objects using
20 seeds. As shown in Table 2.2, VideoAgent consistently outperforms the AVDC baseline,
demonstrating the effectiveness of self-conditioning consistency in producing more plausible
video plans for first-person view navigation (i.e., what iThor measures).

2.7.3 Effect of Different Components in VideoAgent

In this section, we aim to understand the effect of different components of VideoAgent .
Specifically, we focus on the effect of (1) different types of feedback given to the refinement
model, (2) the number of refinement and online iterations, and (3) the quality of the VLM
feedback.
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door-open door-close basketball

AVDC 30.7% 28.0% 21.3%
AVDC-Replan 72.0% 89.3% 37.3%
VideoAgent 40.0% 29.3% 13.3%

VideoAgent-Online (Iterl)  48.0% 40.0% 24.0%
VideoAgent-Online (Iter2)  58.7% 50.7% 28.0%
VideoAgent-Online-Replan  82.7%  97.3%  40.0%

shelf-place btn-press btn-press-top

AVDC 8.0% 34.7% 17.3%
AVDC-Replan 18.7% 60.0% 24.0%
VideoAgent 9.3% 38.7% 18.7%

VideoAgent-Online (Iterl) 12.0%  42.7% 36.0%
VideoAgent-Online (Iter2)  18.7% 53.3% 41.3%
VideoAgent-Online-Replan  26.7%  73.3% 44.0%

faucet-close faucet-open handle-press

AVDC 12.0% 17.3% 41.3%
AVDC-Replan 53.3% 24.0% 81.3%
VideoAgent 46.7% 12.0% 36.0%
VideoAgent-Ounline (Iterl)  53.3% 28.0% 52.0%
VideoAgent-Online (Iter2)  58.7% 36.0% 64.0%

VideoAgent-Online-Replan ~ 74.7% 46.7% 86.7%

hammer assembly Overall

AVDC 0.0% 5.3% 19.6%
AVDC-Replan 8.0% 6.7%  43.1%
VideoAgent 0.0% 1.3%  22.3%

VideoAgent-Online (Iterl) 1.3% 5.3%  31.2%
VideoAgent-Online (Iter2) 1.3%  9.3%  38.2%
VideoAgent-Online-Replan 8.0% 10.7% 53.7%

Table 2.1: Meta-World Results. Mean success rates of baselines and VideoAgent on 11 simu-
lated robot manipulation environments from Meta-World. VideoAgent consistently outperforms
baselines across all tasks.
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Room AVDC VideoAgent

Kitchen 26.7%  28.3%
Living Room 23.3%  26.7%
Bedroom 38.3%  41.7%
Bathroom 36.7%  40.0%

Overall 31.3% 34.2%

Table 2.2: iThor Success Rates comparing VideoAgent with the AVDC baseline. VideoAgent
outperforms AVDC across all four rooms averaged over all three objects in each room.

Effect of Different VLM Feedback

In the previous section, we only used VLM during inference to determine when to stop
refining a generated video. However, it is natural to wonder if information-rich feedback
from the VLM, such as language descriptions of which part of a generated video to improve,
might lead to better refined videos. To answer this question, we propose a few variants of
VideoAgent according to the feedback available when training the video refinement model
as in Equation 2.10. Specifically, we use VideoAgent to denote training the video refinement
model only conditioned on the original task description. VideoAgent -Binary denotes
additionally conditioning on whether a generated video is determined to be successful by the
VLM. VideoAgent -Suggestive denotes conditioning additionally on language feedback from
the VLM on which part of the video needs improvement and how the video can be improved.
We train these three versions of the video refinement model, and report the overall task
success from Meta-World in Table 2.3. We see that VideoAgent-Binary improves upon the
base VideoAgent, while training with descriptive feedback in VideoAgent-Suggestive leads
to even better performance. This suggests that richer feedback from the VLM can facilitate
better training of the video refinement model. Improvement for each individual task can be
found in the Section 2.7.4.

Overall
AVDC 19.6%
VideoAgent 22.3%

VideoAgent-Binary 23.8%
VideoAgent-Suggestive  26.6%

Table 2.3: Effect of Different Feedback used to train the refinement model. Descriptive
feedback from the VLM leads to higher improvement in task success.
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Figure 2.4: Effect of Refinement Itera- Figure 2.5: Effect of Online Iterations.
tions. The accuracy of downstream tasks gen-  The overall task success of VideoAgent increases

erally increases as the number of refinement  as the number of online iterations increases.
iteration increases.

Effect of the Number of Iterations.

Next, we want to understand whether more refinement iterations and online finetuning
iterations lead to higher task success. We found that while different tasks require a different
number of refinement and online iterations to achieve the best performance, VideoAgent
does perform better as the number of refinement and online iterations increases, as shown in
Figure 2.4 and Figure 2.5. During video refinement, specific tasks such as handle-press and
faucet-close continue to show improvement even at the fifth refinement iteration. Faucet-
close especially benefits from more refinement iterations, bringing success rate from 24.0%
to 58.7% after five refinement iterations. The improved task success rates across refinement
and online iterations suggests that self-conditioning consistency discussed in Section 2.4.1
and online interaction discussed in Section 2.4.3 can indeed effectively reduce hallucination
and improve physical plausibility in the generated videos.

Accuracy of VLM feedback

Precision Recall F1-Score Accuracy

Unweighted 0.65 0.89 0.76 0.69
Weighted 0.92 0.58 0.71 0.75
Without Cam 3 0.91 0.71 0.80 0.79

Table 2.4: VLM Performance measured according to whether a VLM considers a generated
video as acceptable using human label as the ground truth.
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Since VideoAgent heavily relies on a VLM to select video plans during inference, it
is crucial to understand whether the VLM can in fact achieve a reasonable accuracy in
providing feedback for video generation. To quantify the performance of a VLM, we use
human labels on whether a generated video is acceptable as the ground truth, and measure
precision, recall, F1-score, and accuracy based on whether GPT-4 Turbo thinks the generated
video is acceptable according to trajectory smoothness (consistent across sequential frames),
physical stability, and achieving the goal (See full prompt in Section 2.10). We report the
average result across 36 generated videos from the Meta-World dataset in Table 2.4. We
see that the original prompt we used (Unweighted, meaning not emphasizing reduction of
false positives) achieves 69% accuracy, suggesting that the VLM is able to somewhat judge
generated videos but not always accurately. Since VideoAgent uses multiple refinement
iterations, we want to avoid false positives where a bad video is accidentally accepted. We
can achieve this by penalizing false positives through reweighing its cost in the prompt,
which leads to the VLM rejecting videos when the VLM is uncertain about the video’s
acceptability. This adjustment results in a significant increase in precision as shown in
Table 2.4. This weighted version of the prompt is used in the experiments in Section 2.7.2.

Partial Observability. In the AVDC experimental setup, center cropping the third
camera (what is used in the pipeline) often results in most of the robot arm being outside of
the frame. We found that the accuracy of the VLM is affected by such partial observability.
As shown in Table 2.4, removing the third camera from the prompt leads to much higher
accuracy.

Descriptive Feedback. While VLM can provide binary feedback on whether a generated
video is acceptable, we also measure the accuracy of the VLM in giving more descriptive
feedback such as identifying the issue and providing suggestions on how to improve the video.
We use three examples with human written language feedback as prompt for in-context
learning. GPT-4 Turbo achieves 73.5% accuracy on identification and 86.1% accuracy on
suggestion, as evaluated by humans. This result is highly encouraging and opens up future
directions of leveraging descriptive feedback from VLMs to improve video generation.

2.7.4 VLM Feedback for Correction
2.7.5 Evaluating Self-Refinement on Real-World Robot Videos

In this section, we evaluate VideoAgent ’s ability to refine real-world videos, which often
contain higher variability, intricate details, nuanced behaviors, and complex interactions.
We study the effect of video refinement using both quantitative metrics and qualitatively
for holistic evaluation.
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We report the average across 2250 videos generated from the AVDC baseline and from
VideoAgent in Table 2.6. VideoAgent performs better according to all metrics except for
Dynamic Degree from Video-Score (which shows similar performance between VideoAgent
and AVDC). Notably, the gain is significant for metrics critical for instruction following and
real-world videos, such as CLIP Score, Factual Consistency, and Text-to-Video Alignment.
Improvement in Flow Consistency and Temporal Consistency suggests that VideoAgent
produces smoother and more physically plausible videos that adhere better to the physical
constraints of the real-world. This directly translates to better performance in real-world
robotic tasks in Table 2.1.

Qualitative Evaluation. Next, we qualitatively evaluate generated videos from the
AVDC baseline and from VideoAgent . We collect 50 generated videos from each model and
conduct qualitative evaluation on whether a generated video looks realistic. Videos with
refinement from VideoAgent improves the acceptance rate by 22% as shown in Table 2.6.
We further show an example video with and without refinement in Figure 2.8 which we
provide in Section 2.12, where the baseline (middle row) hallucinates (the bowl disappears)
whereas VideoAgent produces the video that completes the task (bottom row). We also
present a more fine-grained analysis of Visual Quality, Temporal Consistency, Dynamic
Degree, Text to Video Alignment, and Factual Consistency evaluated qualitatively in the
Section 2.7.6 with the metrics in Table 2.7, which further echos the results of qualitative
evaluations presented in Table 2.6.

Quantitative Evaluation. Following previous literature on video generation, we consider
two reference-free metrics, CLIP Score |$2] and Flow Consistency [205], as well as a set of
Video-Scores [77] for evaluation. CLIP Score measures the cosine similarity between frame
feature and text prompt, whereas Flow Consistency measure the smoothness and coherence
of motion in the videos calculated from the RAFT model. Video-Scores use five sub-metrics
with a focus on correlation with qualitative evaluation and real-world videos.

2.7.6 Details of Qualitative Evaluation on BridgeData V2

Qualitative Evaluation. Next, we qualitatively evaluate video generation quality using
the five Video-Score dimensions: Visual Quality (VQ) for clarity and resolution, Temporal
Consistency (TC) for smooth frame transitions, Dynamic Degree (DD) for capturing
accurate object/environment changes, Text-to-Video Alignment (TVA) for matching the
video to the prompt, and Factual Consistency (FC) for adherence to physical laws and
real-world facts. Videos are rated on a 4-point scale based on the metric in [77]: 1 (Bad), 2
(Average), 3 (Good), and 4 (Perfect). Our evaluation is based on 50 generated videos from
a held-out set.
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In terms of VQ and TC, both the baseline AVDC and our VideoAgent generate average
quality videos (graded 2), with AVDC hallucinating more and generating some choppy
jumps in videos temporally (we grade such videos as 1) and Video Agent fixing some of
these upon video conditioned iterative refinement. The reason for AVDC baseline having
higher DD is attributed to unruly movements that cause higher DD scores compared to
VideoAgent, where movements are smoother. This also explains the result in fifth row of
Table 2.6, and upon closer examination of the generated videos and their corresponding
individual scores, we observed similar traits in videos having higher DD due to unnatural
robot arm movements and object impermanence. TVA shows trends similar to ClipScore
in Table 2.6 due to the better instruction following ability of VideoAgent leading to more
controlled generation. FC is a very crucial metric for deployment of video generation agents
as policy for task completion in robotics, scene navigation, and so on. Improved visual
quality does not imply adherence to correct physical laws and real-world constraints, FC
particularly checks for this aspect and due to video conditioned self-refinement, VideoAgent
has better FC compared to AVDC.

Unsupervised policy learning methods like VideoAgent provide some great practical sig-
nificance - because they achieve policy improvement without action labels or explicit rewards.
By reducing hallucinations and producing physically plausible video plans, VideoAgent
enables more reliable control when executed. Its inference-time refinement demonstrates
that agents can improve their plans on the fly, making them more adaptable in novel
scenarios. The framework illustrates how generative simulators, guided by diverse feedback,
can serve as scalable tools for embodied planning.

2.8 Extended Experiments

2.8.1 Videos to action conversion

We employ the GMFlow optical flow model [232] to predict dense pixel movements across
frames. These predicted flows serve as the foundation for reconstructing both object
movements and robot motions depicted in the video. The flow predictions allow us to
interpret the temporal evolution of the video in terms of actionable physical dynamics.
The optical flow essentially provides a dense correspondence of pixel movements between
consecutive frames, which is then used to infer the relative motion of objects and the
robot. This mapping bridges the gap between the high-dimensional video representation
and the low-level control commands required to execute the tasks in a simulated or real
environment.

This method ensures that the generated video plans are actionable and aligned with the
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task-specific dynamics, making the video generation process directly relevant to downstream
policy learning and execution.

2.8.2 Baseline experiments on Metaworld

We conduct experiments on additional baselines including, Behavioral Cloning (BC), UniPi
(with replan), VLP, AVDC-IS-Replan and Diffusion policy. Table 2.8 consists of these results.
VLP follows a training setup similar to ours, but does not incorporate the proposed self-
consistency loss. AVDC-IS-Replan refers to the baseline AVDC model with replanning
and a straightforward inference-time scaling strategy, wherein the number of denoising
time-steps is increased from 100 to 500 during inference. Our method surpasses all the
above baselines considered.

2.8.3 Further Analysis of VideoAgent-Online

We train VideoAgent-Online for multiple iterations and observe that after 2 iterations, the
results start to stabilize. The extra results for iteration 3 are also shown in table 2.9.

2.9 Architectural Details of VideoAgent

2.9.1 Video Diffusion training details

We use the same video diffusion architecture as the AVDC baseline. For all models,
we use dropout=0, num head channels=32, train/inference timesteps=100, training ob-
jective=predict v, beta schedule=cosine, loss function=I12, min snr gamma=>5, learning
rate=1e-4, ema update steps=10, ema decay=0.999. All of our models and experiments
were run on Nvidia A6000 GPUs.

2.9.2 Inference time speed

In our current setup, during inference, our video generation model produces a new video
within 10 seconds on a single A6000 GPU at a resolution of 128 x 128 for Meta-World. The
process of mapping this generated video to an action takes, on average, an additional 25
seconds. This action-mapping stage involves calculating optical flow, receiving feedback
from the vision-language model (VLM), and converting the video into an action sequence
based on the computed flow.
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2.10 Prompt Structure for VLM Feedback

2.10.1 Binary Classification

We employ a structured prompting strategy to provide feedback on video sequences for the
zero-shot classification. The process consists of one Query-Evaluation Phase, each with
distinct sub-goals.

BINARY CLASSIFICATION

Task: You are a video reviewer evaluating a sequence of actions presented as seven
consecutive image uploads, which together represent a single video. You are going to
accept the video if it completes the task and the video is consistent without glitches.
Query-Evaluation Phase:

e Inputs Provided:

— Textual Prompt: Describes the task the video should accomplish.
— Conditioning Image: Sets the fixed aspects of the scene.
— Sequence of Images (7 Frames): Represents consecutive moments in the video
to be evaluated.
e Evaluation Process:
— View and Analyze Each Frame: Examine each image in sequence to understand
the progression and continuity of actions.

— Assess Overall Coherence: Determine if actions transition smoothly and
logically from one image to the next.

— Check for Physical Accuracy: Ensure adherence to the laws of physics, identi-
fying any discrepancies.

— Verify Task Completion: Confirm the sequence accomplishes the task described
in the textual prompt.

— Identify Inconsistencies: Detect inconsistencies in object movement or overlaps
that do not match the conditioning image. )
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BINARY CLASSIFICATION (Continued)

Task: You are a video reviewer evaluating a sequence of actions presented as seven
consecutive image uploads, which together represent a single video. You are going to
accept the video if it completes the task and the video is consistent without glitches.
Query-Evaluation Phase:

e Evaluation Criteria:

— Accept the sequence if it is a coherent video that completes the task.

— Reject the sequence if any frame fails to meet the criteria, showing inconsistencies
or not achieving the task. Be very strict, rejecting even minor errors.

¢ Response Requirement:
— Provide a single-word answer: Accept or Reject. Do not give reasoning.
e Additional Notes:

— No further clarification can be requested.

— Elements from the conditioning image must match those in each frame of the
sequence. )

NG
2.10.2 Identification and Suggestion:

We employ a structured prompting strategy to provide descriptive feedback on video
sequences via an in-context few-shot classification setup. The process consists of one
Query-Evaluation Phase, each with distinct sub-goals.
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Table 2.5: Meta-World: VideoAgent-Feedback Guided Results The mean success rates for
various tasks, comparing different VideoAgent-Feedback Guided variants and the AVDC baseline.

door-open door-close basketball

AVDC 30.7% 28.0% 21.3%
VideoAgent 40.0% 29.3% 13.3%
VideoAgent-Binary 46.7% 32.0% 14.7%
VideoAgent-Suggestive 46.7% 33.3% 18.7%
VideoAgent-Online-Suggestive 52.0% 28.0% 21.3%

shelf-place btn-press btn-press-top

AVDC 8.00% 34.7% 17.3%
VideoAgent 9.3% 38.7% 18.7%
VideoAgent-Binary 6.7% 38.7% 21.3%
VideoAgent-Suggestive 12.0% 41.3% 22.7%
VideoAgent-Online-Suggestive 16.0% 46.7% 22.7%

faucet-close faucet-open handle-press

AVDC 12.0% 17.3% 41.3%
VideoAgent 46.7% 12.0% 36.0%
VideoAgent-Binary 46.7% 17.3% 32%

VideoAgent-Suggestive 48.7% 17.3% 46.7%
VideoAgent-Online-Suggestive 45.3% 20.0% 48.0%

hammer assembly Overall

AVDC 0.00% 5.30% 19.6%
VideoAgent 0.00% 1.3% 22.3%
VideoAgent-Binary 0.00% 5.3% 23.8%
VideoAgent-Suggestive 0.00% 5.3% 26.6%

VideoAgent-Online-Suggestive ~ 2.7% 5.3% 27.4%
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Metrics AVDC Video Agent

Clip Score 22.39 22.90
Flow Consistency 2.48 £+ 0.00 2.59 + 0.01
Visual Quality 1.97 £+ 0.003 2.01 £ 0.003
Temporal Consistency 1.48 £ 0.01 1.55 4+ 0.01
Dynamic Degree 3.08 4+ 0.01 3.07 + 0.02
Text to Video Alignment 2.26 + 0.003 2.30 &+ 0.03
Factual Consistency 2.02 + 0.004 2.07 £+ 0.01
Average Video Score 2.16 £ 0.01 2.20 £ 0.01
Qualitative Eval on Task Success 42.0% 64.0%

Table 2.6: BridgeData-V2 Results. Quantitative metrics comparing AVDC and VideoAgent
on generated Bridge data. VideoAgent outperforms the baseline according to all except for one
metric.

Metrics AVDC Video Agent
Task Success via Quali- 42.0% 64.0%
tative Eval
Visual Quality 1.74 1.84
Temporal Consistency 1.58 1.76
Holistic Assessment Dynamic Degree 3.14 2.98
Text to Video Alignment 2.66 3.04
Factual Consistency 3.22 3.30
Qualitative Eval Average 2.47 2.98

Table 2.7: Task Success and Other Fine-grained Qualitative Evaluation Metrics on BridgeData-V2
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door-open door-close basketball shelf-place btn-press btn-press-top

BC-Scratch 21.3% 36.0% 0.0% 0.0% 34.7% 12.0%
BC-R3M 1.3% 58.7% 0.0% 0.0% 36.0% 4.0%
UniPi (with Replan) 0.0% 36.0% 0.0% 0.0% 6.7% 0.0%
AVDC 30.7% 28.0% 21.3% 8.0% 34.7% 17.3%
VLP 33.3% 28.0% 17.3% 8.0% 36.0% 18.7%
Diffusion Policy 45.3% 45.3% 8.0% 0.0% 40.0% 18.7%
AVDC-Replan 72.0% 89.3% 37.3% 18.7% 60.0% 24.0%
AVDC-IS-Replan 66.7% 93.3% 40.0% 21.3% 65.3% 29.3%
VideoAgent 40.0% 29.3% 13.3% 9.3% 38.7% 18.7%
VideoAgent (Iter2) 48.0% 40.0% 24.0% 12.0% 42.7% 36.0%
VideoAgent (Iter3) 58.7% 50.7% 28.0% 18.7% 53.3% 41.3%

VideoAgent-Replan  82.7% 97.3% 40.0% 26.7% 73.3% 44.0%

faucet-close faucet-open handle-press hammer assembly  Overall

BC-Scratch 18.7% 22.7"% 28.0% 0.0% 0.0% 15.4%
BC-R3M 18.7% 17.3% 37.3% 0.0% 1.3% 16.2%
UniPi (with Replan)  4.0% 9.3% 13.3% 40%  0.0% 6.1%
AVDC 12.0% 17.3% 41.3% 0.0% 5.3% 19.6%
VLP 30.7% 10.7% 33.3% 0.0% 1.3% 19.8%
Diffusion Policy 22.7% 58.7% 21.3% 4.0% 1.3% 24.1%
AVDC-Replan 53.3% 24.0% 81.3% 8.0% 6.7% 43.1%
AVDC-IS-Replan 48.0% 28.0% 78.7% 10.7% 0.0% 43.8%
VideoAgent 46.7% 12.0% 36.0% 0.0% 1.3% 22.3%
VideoAgent (Iter2) 53.3% 28.0% 52.0% 1.3% 5.3% 31.2%
VideoAgent (Iter3) 58.7% 36.0% 64.0% 1.3% 9.3% 38.2%

VideoAgent-Replan  74.7% 46.7% 86.7% 8.0% 10.7% 53.7%

Table 2.8: Meta-World Results. The mean success rates of baselines and VideoAgent
on 11 simulated robot manipulation environments from Meta-World. VideoAgent consistently
outperforms baselines across all tasks.
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door-open door-close basketball
AVDC 30.7% 28.0% 21.3%

VideoAgent 40.0% 29.3% 13.3%
VideoAgent-Online (Iterl)  48.0% 40.0% 24.0%
VideoAgent-Online (Iter2)  58.7% 50.7% 28.0%
VideoAgent-Online (Tter3)  58.7% 52.0% 26.7%

shelf-place btn-press btn-press-top

AVDC 8.00% 34.7% 17.3%
VideoAgent 9.3% 38.7% 18.7%
VideoAgent-Online (Iterl)  12.0% 42.7% 36.0%
VideoAgent-Online (Iter2)  18.7% 53.3% 41.3%
VideoAgent-Online (Iter3)  17.3% 54.7% 40.0%

faucet-close faucet-open handle-press

AVDC 12.0% 17.3% 41.3%
VideoAgent 46.7% 12.0% 36.0%
VideoAgent-Online (Iterl)  53.3% 28.0% 52.0%
VideoAgent-Online (Iter2)  58.7% 36.0% 64.0%
VideoAgent-Online (Iter3)  56.3% 36.0% 66.7%

hammer assembly Overall
AVDC 0.00%  5.30%  19.6%

VideoAgent 0.0% 1.3% 22.3%
VideoAgent-Online (Iterl) 1.3% 5.3%  31.2%
VideoAgent-Online (Iter2) 1.3% 9.3%  38.2%
VideoAgent-Online (Iterd) 1.3%  10.7%  38.22%

Table 2.9: Meta-World Result. The mean success rates of VideoAgent combined with successive
rounds of data collection via Online Iterations and Replan modules as compared to AVDC baseline.
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IDENTIFICATION AND SUGGESTION

Task: You are a video reviewer tasked with evaluating a series of actions depicted
through eight consecutive image uploads. These images together simulate a video. This
task is structured as a few-shot learning exercise, where you will first review three
examples and then apply learned principles to new queries.

Query-Evaluation Phase:

e Inputs Provided:
— Textual Prompt: Describes the intended outcome or task the video aims
to accomplish.
— Conditioning Image: Establishes the fixed elements of the scene.
— Sequence of Images (7 Frames): Illustrates consecutive moments in the
video, representing the action sequence.
e Evaluation Process:
— Frame-by-Frame Analysis: Carefully examine each of the seven images
to understand the progression and continuity of actions.

— Assess Overall Coherence: Evaluate the sequence as a whole to deter-
mine if the actions transition smoothly from one frame to the next while
maintaining logical progression.

— Check for Physical Accuracy: Ensure each frame complies with the laws
of physics, identifying any discrepancies in movement or positioning.

— Verify Task Completion: Confirm if the sequence as a whole accomplishes
the task described in the textual prompt.

— Identify Inconsistencies: Detect inconsistencies in object movement or
overlaps that contradict the fixed scene elements depicted in the conditioning
image.

- J
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IDENTIFICATION AND SUGGESTION (Continued)

Task: You are a video reviewer tasked with evaluating a series of actions depicted
through eight consecutive image uploads. These images together simulate a video. This
task is structured as a few-shot learning exercise, where you will first review three
examples and then apply learned principles to new queries.

Query-Evaluation Phase:

e Evaluation Criteria:

— Descriptive Feedback: Based on your evaluation, provide a concise,
constructive sentence suggesting specific improvements. Focus on enhancing
physical accuracy and task fulfillment based on identified inconsistencies or
discrepancies.

e Response Requirement:

— Feedback must be derived from your observations during the evaluation and
not exceed 20 words.

e Additional Notes:

— No further clarification can be requested.

— Elements from the conditioning image must match those in each frame of
the sequence.

\_ J

39



2.11 Task Descriptions and In-Context Examples for
VLM Feedback

TASK DESCRIPTION AND SUCCESS CRITERIA

e door-open: The robot arm has to open the door by using the door handle.

e door-close: The robot arm has to close the door by pushing the door or the
handle.

e basketball: The robot arm has to pick up the basketball and take it above the
hoop.

e shelf-place: The robot arm has to pick up the blue cube and place it on the
shelf.

e button-press: The robot arm has to press the red button from the side by
pushing it inside.

e button-press-topdown: The robot arm has to press the red button from the
top by pushing it downward.

e faucet-close: The robot arm has to use the red faucet handle and turn it
anti-clockwise.

e faucet-open: The robot arm has to use the red faucet handle and turn it
clockwise.

e handle-press: The robot arm has to press the red handle downward.

e hammer: The robot arm has to grip and pick up the hammer with a red handle
and hit the peg on the box inside.

e assembly: The robot arm has to pick up the ring and place it into the red peg.

G J
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Few-Shot In-Context Examples

Ideal Feedback: Task Incomplete. Move the manipulator along with the ring more forward and to the left.

Ideal Feedback: Object Impermanence and Task Incomplete. Pick ring and place inside peg with ring visible in every frame.

Ideal Feedback: Task Incomplete. The hammer must push the nail into the wood and nail should remain inside permanently.

= .
PAANAAAN

Ideal Feedback: Good trajectory. Task is completed.

Figure 2.6: Few-Shot Examples given to VLM: We provide some examples to the VLM and
corresponding feedback to teach the VLM in-context how to critic the generated videos for task
completion and success or failure.
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2.12 Examples
Additional examples are provided below.

2.12.1 Zero-shot generalization on real-world scenes

VideoAgent trained on Bridge dataset demonstrates strong performance on zero shot video
generation for natural distribution shifts and longer language instructions. Some examples
of the synthesized videos can be found in Fig. 2.7.

Zero-shot generalization of YideoAgent

Pick up banana

Put the lid on the
pot

Put carrot on plate

Put the eggplant
in pot

Put spoon on cloth

Figure 2.7: Zero-shot generalization of VideoAgent: VideoAgent generalizes fairly well to
natural distribution shifts and is able to generate successful trajectories on data it has not been
trained on.

2.12.2 Improvements on real-world scenes

We show an example video with and without refinement in Figure 2.8, where the baseline
(middle row) hallucinates (the bowl disappears) whereas VideoAgent produces the video
that completes the task (bottom row).
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Prompt: Put banana in colander

Target Frames
\
AVDC
(no self-improvement)
VideoAgent . R 3
\ : \

Figure 2.8: Correcting Hallucinations in Video Generation: The AVDC model hallucinates
after the second frame, and totally removes the colander from the frames and places the banana on
the table. In contrast, VideoAgent accurately retains the colander’s position and correctly places
the banana inside.
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2.12.3 Improvements in Meta-World

Prompt: Assembly

AVDC
(no self-improvement)

Figure 2.9: Correcting Hallucinations in Video Generation: The goal prompt is “Assembly”
as shown in the Target Video. The AVDC model has problem of object permanence and action
incomplete in last frame. In contrast, our VideoAgent model accurately object permanence and
correctly places the inside the peg properly.

2.12.4 Improvements in iThor
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Prompt: Television

Target Frames

(no self 1mprovement)

VideoAgent

Figure 2.10: Correcting Hallucinations in Video Generation: The goal prompt is “Televi-
sion” as shown in the Target Video, the goal is for the navigator to locate the object and reach near
it. The AVDC model has difficulty reconstructing and navigating in the livingroom to find the
television. In contrast, our VideoAgent model solves the initial frame hallucinations and accurately

reaches near the television correctly.
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2.12.5 Identification and Suggestive Feedback Examples

Identification and Suggestive Feedback Examples

Feedback: The hammer is not aligned to hit the peg; adjust the position for effective striking and contact with nail.

Feedback: The robot arm should not be retracted after pressing the button down, it should hold button down for task completion.

Feedback: The robot arm needs to move the ring directly down into the red peg and hold it in place.

Feedback: The robot arm cannot move and fails to pick up basketball and take it to the hoop.

Figure 2.11: Detailed VLM Feedback: We show the efficacy of VLMs to provide useful
feedback even in the absence of access to a simulator or real-world execution environment. The
VLM acts as a proxy reward model to condition VideoAgent on useful corrective signals, leading
to improved performance as described in Table 2.3.
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2.13 Conclusion, Limitations and Future Work

We have presented VideoAgent , where a video generation model acts as an agent by
generating and refining video plans, converting video plans into actions, executing the
actions in an environment, and collecting additional data for further self improvement.
Through interaction with an external environment, VideoAgent provides a promising
direction for grounding video generation in the real world, thereby reducing hallucination
and unrealistic physics in the generated videos according to real-world feedback.

Limitations and Future Work. VideoAgent needs to overcome a few limitations that I
discuss below.

e In the online setting, VideoAgent only considers filtering for successful trajectories for
further finetuning. Exploring other algorithms such as online RL is interesting future
work.

e VideoAgent utilizes optical flow for action extraction. It would be interesting to see
how VideoAgent works with inverse dynamics model or image-goal conditioned diffusion
policy.

e We only measured end-to-end task success in simulated robotic evaluation settings. It
would be interesting to see how VideoAgent works with real robotic systems.

e As additional data is being collected in the online setting, in addition to finetuning the
video prediction model, one can also finetune the action extraction module (flow model),
and the VLM feedback model using the additionally collected data, which we defer to

future work.

e VideoAgent trades off inference-time compute for better performance by iteratively refines
generated video plans under the guidance of a VLM. Exploring other inference-time
search strategies to further improve video sample quality is an interesting area of research.
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Chapter 3

Beyond Rule-Based and Human
Verifiers: Scaling Reasoning Training
Compute with Unverified Synthetic Data
and Reward Free Methods

3.1 Introduction

Recent advancements in enhancing large language models (LLMs) for reasoning tasks often
utilize meticulously verified and filtered reasoning data and rule-based verifiers, which are
constrained by the availability of ground-truth solutions for a fixed set of problems. In
contrast, moving towards an unsupervised skill learning setup eliminates the dependence on
a fixed verifiable problem set, expanding the horizon to use diverse synthetic problems as well
as the use of LLM-based verifiers, offer the potential to apply verification to reasoning tasks
lacking ground-truth solutions. While recent works on improving reasoning guided by RL
finetuning have become popular, it is again bottlenecked by rule-based verifiers and labeled
chain-of-thoughts (CoTs). Moreover, recent investigations have shown that an efficient
way to elicit such capabilities, especially for smaller models, is to distill from a teacher
model, i.e. supervised-finetuning (SFT) on reasoning traces output by a stronger reasoning
model. Even for larger models, SF'T with thousands of examples typically serves as a
crucial precursor to RL [73, 19]. This reliance on distillation is underscored by findings that
RL on its own does not effectively enhance a model’s reasoning priors [219], whereas SF'T
enables the introduction of novel reasoning primitives that RL can then refine. Moreover,
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recent works also show that RL fine-tuning, even with spurious rewards [180], leads to
performance gains, further necessitating the study of a data-centric approach towards the
reasoning CoTs and capabilities in the base model that lead to acquiring downstream
reasoning capabilities. In our work, we focus on studying this in detail, along with scaling
trends of synthetic data - both problems and solutions - generated by LLMs and especially
the role of how wrong CoTs can also help in such circumstances counterintuitively. We
investigate the impact of incorporating unfiltered synthetic data into model training to push
performance and present a framework to understand these performance gains. Additionally,
we perform detailed ablations on the MATH [79] benchmark to demonstrate our findings
on three classes of model families - Gemma 2, Llama 3.1, and Qwen 2.5.

Open-source community efforts such as Open-R1 [95] and OpenThoughts [72] have
focused on harvesting high-quality filtered CoT trajectories from strong reasoning models.
More recent approaches, such as LIMO [2412] and S1K [1417], emphasize the value of selecting

high-quality CoT traces for distillation. They demonstrate that as few as 1,000 carefully
chosen examples can significantly enhance a student model’s performance, particularly
on mathematical reasoning tasks [212, 117]. However, both LIMO and S1K restrict their
curated datasets to easily verifiable domains.

Our work presents a counter-intuitive yet powerful hypothesis: LLMs do not require
perfectly clean data to learn how to reason. We propose that models can acquire and refine
robust reasoning abilities by training on a large corpus of imperfect CoT demonstrations,
including those that contain errors and lead to incorrect final answers. This hypothesis is
predicated on the observation that even flawed reasoning attempts are not random noise;
they often contain valid sub-sequences of logic, correct application of formulas, or sound
decompositions of a problem. These nuggets of correct reasoning represent a valuable, albeit
noisy, learning signal.

The inspiration for applying this lens of analysis in LLMs is drawn from a compelling
analogy in cognitive science: the process of human language acquisition. Decades of research
have shown that children acquire robust, systematic language grammars even when exposed
to inconsistent, error-filled, and probabilistic linguistic input from their environment, such
as from non-native speaking parents. A seminal case study by [186] documented a deaf
child, Simon, who learned American Sign Language from parents who were late, non-native
signers. Simon’s linguistic output was more grammatically regular and consistent than the
noisy input he received; he did not simply mimic his parents’ errors but instead appeared to
regularize the input, filtering out inconsistencies and amplifying the underlying grammatical
patterns [180]. Subsequent experimental work by [12| confirmed this phenomenon, showing
that young children regularize inconsistent linguistic input by latching onto and amplifying
the most dominant, consistent forms, a stark contrast to adults who tend to merely match

49



the probabilities of the input they observe |12, 58].

We argue that taking inspiration from learning in children from imperfect teachers,
we develop Regularized Reasoning Bootstrapping (Reg-ReBoot), which can be
harnessed to train reasoning LLMs. The core idead is to utilize the model’s training
process that naturally emphasizes the consistent, underlying patterns in the reasoning data,
effectively down-weighting or averaging out the diverse, idiosyncratic noise introduced by
individual errors.

Our contributions in this work are threefold:

1. A Data-centric Framework to Learning from Unverified CoTs: We introduce and
formalize Reg-ReBoot, a finetuning paradigm that leverages large-scale, unverified,
and imperfect CoT data to enhance LLM reasoning, thereby circumventing the
primary bottleneck of existing method’s dependence on verifiers and high-quality
filtered reasoning data.

2. Analysis and Grounding of Reg-ReBoot from Learning over Noisy Data: We provide
a detailed analysis that connects the standard maximum likelihood training objective
of LLMs to the cognitive concepts of regularization and frequency boosting common
in human and child learning. We demonstrate how this objective, when applied to
noisy data, naturally gives rise to a preference for consistent reasoning primitives, an
effect underpinned by the known inductive biases of large neural networks.

3. Empirical Validation and Ablations: We present detailed experimental results in
the mathematical reasoning tasks, using both knowledge distillation from a stronger
teacher model and self-distillation. Our results on Gemma-2-2B and Llama-3.1-8B
models show that fine-tuning on datasets composed entirely of CoTs with incorrect
final answers can lead to substantial performance gains in non-reasoning base models,
rivaling and surpassing the effectiveness of training on human-curated gold datasets.

Our work tries to present a framework towards a more scalable and practical approach
for developing advanced reasoning in LLMs, one that embraces the noisy, imperfect nature
of real-world data rather than depending on an idealized, and largely unattainable, standard
of perfect supervision. This investigation underscores a key departure from prior work that
insisted on perfectly verified solutions — our method can exploit noisy, unverified data, but
only insofar as that data contains some consistent reasoning patterns. Understanding the
limits of this assumption will inform how broadly Reg-ReBoot can be applied, especially in
domains where obtaining fully correct solutions is impractical.
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3.2 Related Work

Our work builds on research situated at the confluence of learnability in large models,
learning from noisy data and the notions of leveraging such ideas on unsupervised unverified
reasoning data for improving LLMs.

Data-Centric Approaches for Enhancing Reasoning

Distillation and reinforcement learning (RL) have emerged as two foundational strategies
for building models with strong reasoning abilities. Notably, 73] present a systematic
comparison between these approaches, demonstrating that distillation from a powerful
teacher model substantially outperforms RL training conducted solely on the student model.
Following this, the research community has devoted significant attention to distillation-
based techniques, leading to the release of big high-quality reasoning datasets such as
OpenThoughts [72] and OpenR1 [95]. Studies like LIMO [242] and S1K [147] highlight that
well-designed questions and reasoning traces can drastically improve sample efficiency -
showing that as few as 1000 examples can be sufficient to transfer complex chain-of-thought
(CoT) reasoning patterns from teacher to student models. However, these findings have
largely been confined to domains and datasets with easily available verifiers. In contrast,
our work offers new perspectives by learning from data-centric distillation strategies across
a range of unverified data posing the challenge of learning reasoning for imperfect CoTs.

Chain-of-Thought Reasoning and Knowledge Distillation from Large
Models

Chain-of-thought (CoT) prompting, encouraging language models to articulate intermediate
reasoning steps - has emerged as a highly effective technique for solving complex problems
[225]. Both few-shot CoT [03] and zero-shot CoT [111] evoke the latent reasoning abilities
of large language models by guiding them through incremental sub-problems. Building
upon this, Least-to-Most prompting [264] explicitly breaks down tasks into simpler subtasks,
solving them sequentially to tackle complexity. Self-Consistency [215] further enhances
performance by aggregating multiple diverse reasoning paths and selecting the most consis-
tent answer. Progressive-Hint Prompting (PHP) [260] refines this process by iteratively
using previously generated answers as additional context, enabling convergence towards the
correct solution. This iterative framework and majority voting based test-time methods
create soft filters to filter correct from wrong.

We instead focus on studying how even incorrect responses from LLMs can serve as
valuable knowledge, we argue that rationales themselves, not just final answers, contain
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instructive signals, and we incorporate these negative rationales directly into the knowledge
transfer process during student model training, rather than solely using them during
inference. Our framework currently works best under the assumption that the synthetic CoT
data contain some underlying correct reasoning structure rather than being entirely random.
In practice, we expect imperfect solutions to still include valid intermediate steps (‘static
noise’ as opposed to completely derailing errors). As an ongoing extension of this work, we
are conducting controlled experiments to validate this assumption. In these experiments,
we gradually inject increasing levels of noise or wrong steps into otherwise correct CoTs —
starting from fully correct human-written solutions and progressively introducing errors —
to observe at what point the model’s performance significantly degrades. This will help
quantify how tolerant our approach is to noise and confirm that Reg-ReBoot works because
of partial correctness in the training data. Our goal is to rigorously determine the boundary
where the learning signal from coherent sub-steps is overcome by too much random noise.
By doing so, we address the concern of CoT structure: we show that as long as a certain
fraction of each reasoning trace is logically sound, the model can bootstrap its reasoning
abilities from it.

Knowledge distillation (KD) is a proven method for transferring knowledge from a high-
capacity teacher model to a smaller student, typically by minimizing divergence between
their output distributions, hidden states, or attention maps [%5, , D9, , |. However,
with mainstream LLMs (e.g., GPT-4) operating as black boxes, traditional KD methods
can be hard to implement. As a result, researchers have turned to off-policy distillation
by fine-tuning student models directly on LLM-generated responses with correct answers
[88, 63, 268]. Yet, this discards LLM outputs that contain incorrect final answers, despite
the potential value embedded in their latent reasoning. Considering that a sizable fraction of
LLM-generated reasoning is inaccurate in complex tasks, our work introduces a framework
to leverage this abandoned knowledge, integrating both correct and incorrect CoTs into the
distillation process to transfer reasoning capabilities more effectively.

Learning from Noisy Signals - From Human Learners to LLMs

Deep neural networks—including large language models (LLMs)—exhibit a well-documented
inductive bias: they first internalize simple, low-frequency regularities before over-fitting
idiosyncratic noise [10, 11, |. Recent work extends this insight to pretraining data in
LLMs. [76] distinguish static noise - localized slips such as a single miscalculation—from
dynamic noise, logical errors that corrupt all subsequent steps, and show that LLMs remain
remarkably robust to large amounts of the former yet are highly sensitive to even small
amounts of the latter. Our empirical findings mirror this pattern: the wrong CoTs that
yield performance gains in our experiments mostly contain static noise, enabling the model
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to absorb the overarching reasoning template while ignoring minor slips.

This phenomenon also appears in human language acquisition. Children confronted with
variable or inconsistent input actively regularize, amplifying the most consistent pattern
and suppressing irregular variants. The case of Simon—a deaf child who produced more
grammatical American Sign Language (ASL) than the inconsistent input provided by his
non-native-signer parents—exemplifies this frequency-boosting mechanism [136]. Laboratory
studies with artificial languages corroborate that learners regularize unpredictable variation
while faithfully reproducing lexically consistent alternations, and that relative dominance,
not absolute frequency, drives this process [12, 58]. Together, evidence from neural networks
and human learners points to a shared inductive bias: when faced with noisy or inconsistent
data, both systems preferentially internalize dominant, systematic structure and filter out
erratic noise - a principle that underlies the success of our data-centric approach.

While our LLM is obviously not ‘learning’ in the human cognitive sense, its gradient-
based training objective produces a similar effect — amplifying consistent reasoning patterns
and suppressing irregular deviations — much like how children regularize noisy language
input.

3.3 Method and Analysis: Regularized Reasoning Boot-
strapping (Reg-ReBoot)

Most recent works in improving LLM reasoning depend on two primary techniques - either
using a carefully curated filtered dataset of CoTs using heuristic methods or using a reward
model / verifier to filter for SFT runs and rank generations for RL training. Our primary
finding in this work is that non-reasoning LLMs with broadly general base capabilities,
can learn robust reasoning skills from imperfect Chain-of-Thought (CoT) without any
explicit filtering or verification steps, because these examples, even when incorrect, contain
partially correct reasoning structures. In this section, we formalize this hypothesis, drawing
inspiration from the principles of human cognitive development and connecting them to the
mechanics of statistical learning in neural networks and LLMs. We propose a framework,
Reg-ReBoot, to explain how a model trained from an imperfect teacher on a mixture of
correct and incorrect CoTs can converge toward useful, generalizable reasoning patterns.

3.3.1 The Latent Structure of Reasoning: Primitives and Traces

To formalize our analysis, we first introduce a conceptual model for the structure of reasoning.
We posit that any given CoT is a surface-level linguistic realization of a deeper, latent
structure. Let a problem be denoted by z € X'. A CoT solution, y, is a sequence of tokens
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y = (t1,tq,...,tr) that represents a step-by-step solution to z. We model this sequence y
as being generated from an underlying latent reasoning trace, Z = (s, Sg, ..., St), where
each s; is a reasoning primitive.

A reasoning primitive s; represents a fundamental, atomic unit of thought or computation.
For a mathematical problem, a primitive could be an arithmetic operation, the application
of a specific formula, the definition of a variable, or a step of logical deduction. Crucially,
each primitive s; in a trace possesses a latent correctness attribute, ¢; € {0,1}, which
depends on the context established by the preceding primitives Z.; = (s1,...,8-1). A
value of ¢; = 1 signifies that the primitive is a valid and correct step given the context,
while ¢; = 0 indicates an error. A perfectly correct CoT, denoted y*, corresponds to a
latent trace Z* where all primitives are correct (¢; = 1 for all 7). An incorrect CoT, e,
corresponds to a trace Z, that contains at least one incorrect primitive (¢; = 0 for some 7).

3.3.2 Modeling Imperfect Demonstrations from a Noisy Teacher

In our experimental setup, we do not have access to a dataset composed solely of perfect
demonstrations y* and intentionally avoid using compute intensive filtering and verification
steps to study the scaling trends of this phenomenon of learning from imperfect reasoning
CoTs. Instead, we train on these noisy data generated by a model, which could be a more
powerful LLM (knowledge distillation from teacher) or the model itself (self-distillation).
This data is a mixture of correct and incorrect CoTs. We model the training data distribution
for a given problem x as a mixture:

Poix(ylz) = AP.(ylz) + (1 — X) P.(y|x)

where A € [0, 1] is the proportion of correct examples.

e P.(y|x) is the distribution over correct CoTs, y*. For a given problem, we can assume
this distribution is sharply peaked around the ideal solution trace.

e P.(y|x) is the distribution over incorrect CoTs, y.. This is the critical component.
An incorrect CoT is not random noise. Its latent trace Z, is a sequence of primitives
where some are incorrect (¢; = 0), but many others may still be correct (¢; = 1).

Drawing on the analysis of [70], where they studied the effect of noise in pretraining, we
can further classify the errors within P,:

e Static Errors: These are local mistakes that affect a single primitive s; but do
not corrupt the high-level structure of the subsequent reasoning trace. A simple

54



arithmetic mistake is a canonical example. The rest of the reasoning can proceed
logically, albeit from an incorrect intermediate value.

e Dynamic Errors: These are more fundamental mistakes that corrupt the state of
the reasoning process, rendering all subsequent primitives invalid in that context.
Choosing the wrong formula or making a critical logical fallacy at an early step are
examples of dynamic errors.

Our manual analysis of solution CoTs of 100 random questions from the Hendricks
Math training dataset questions generated using the gemma27B model, which serves as
a primary source for our noisy teacher, indicates that a significant fraction (68%) of the
CoTs with incorrect final answer, suffer from what can be categorized as static errors -
minor calculation mistakes or skipped steps leading to incorrect final answer, but leaving
the overarching reasoning approach intact. This suggests our training data is rich in traces
that are locally flawed but globally structured, a condition under which models have been
shown to be robust learners of reasoning skills and primitives. This idea of student model
regularizing over dynamic errors to learn useful concepts has also been extensively studied in
children language acquisition and sign language acquisition studies, providing the inspiration
to pursue this framework for analyzing such behaviours in our current class of reasoning
LLMs as well[ 186, 12].

3.3.3 The Implicit Regularization of Maximum Likelihood Learning

The student model, with parameters 6, is trained to maximize the likelihood of the observed
data. This corresponds to minimizing the standard negative log-likelihood (NLL) loss, or
cross-entropy loss, over the mixture distribution:

L£(0) = Ea,y)n s [~ 108 Po(y | 2)]

Expanding this for a sequence y = (¢1,...,t.), the loss becomes a sum over the conditional
probabilities of each token:

L
‘C(e) = E(m,y)NPmix Z - log P9 (tk | x, t<k)

k=1

We analyze how the optimization process behaves under this objective when the data is a
mixture of correct and flawed reasoning traces.
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1. Consistent Signal from Correct Primitives Consider a prefix of tokens t.,
that corresponds to a correct partial reasoning trace ZZ,. The next step in a correct
solution involves generating tokens corresponding to the correct primitive s;. This correct
continuation is present in 100% of the samples drawn from the correct distribution P.,.
Furthermore, it is also present in a large fraction of the samples from the error distribution
P.—specifically, all those traces that have not yet deviated due to a dynamic error. Therefore,
the gradient signal Vjlog Py(tx|z,t<x) for the tokens representing s7 is strong and, crucially,
consistent across a large portion of the training batch. The optimization process receives a
clear, unambiguous signal to increase the probability of this correct reasoning step.

2. Inconsistent Signal from Error Primitives Now, consider a prefix ¢, that has
led to an error state (i.e., the last primitive was incorrect). The subsequent reasoning
paths become highly divergent. One erroneous trace might continue with a specific type of
calculation error, another might make a different calculation error, a third might apply an
incorrect logical rule, and a fourth might attempt to backtrack. From this single erroneous
context t.;, the model observes a wide variety of possible next tokens t;,. The gradient
signal for any single specific error path is diluted and weak, as it is averaged with the
competing signals from all other possible error paths.

The net effect of this dynamic is that the learning process, driven by gradient descent,
naturally amplifies the probability of the consistent, correct reasoning primitives that are
shared across both fully correct and partially correct traces. Simultaneously, it effectively
treats the diverse, idiosyncratic error patterns as low-signal noise to be averaged out and
suppressed.

3.3.4 Formalizing the Analogy to Cognitive Regularization

This learning dynamic is not a coincidence; it is a direct consequence of the inherent
properties of both the learning algorithm and the data structure, and it provides a formal
bridge to the concept of regularization observed in human cognitive development. Children
exposed to probabilistic grammars tend to over-regularize, choosing the most frequent form
and ignoring less frequent alternatives |94, |. LLMs appear to exhibit similar behavior
during training - favoring majority-consistent transitions even when trained on noisy data.

Inductive Bias towards Simplicity The behavior described above is a manifestation
of the well-established inductive bias of deep neural networks. When over-parameterized,
these models do not learn by rote memorization. We also performed experiments to see
the effect of overfitting on wrong CoTs and current LLMs do not operate in the overfitting
and memorization regime, thereby enabling these models to learn useful reasoning skills
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even from partially wrong CoTs due to the ability of the models existing inductive biases
enabling it to help regularize over the errors in the data. Instead, they exhibit a preference
for learning simpler functions that explain the data |11, 9]. In our context, the set of correct
reasoning primitives and their compositional rules forms a simple low-entropy, and coherent
system. In contrast, the universe of possible errors is vast, unstructured, and high-entropy.
The model’s inductive bias pushes it to first learn the underlying basics of reasoning before
it begins to memorize the noisy exceptions (the errors).

Frequency Boosting as Conditional Probability Maximization The frequency
boosting mechanism observed in previous mentioned works in child language acquisition
[186], can be formalized within this framework. At any reasoning step j, given a correct
context (prefix) Z* ;» the training data provides an empirical distribution over the set of
possible next primitives, Pyata(s;/ZZ;). In this distribution, the correct primitive s occurs
with some probability p*, while a set of various incorrect primitives {s;c,, Sje,, .. } occur

with lower probabilities {pe,, Pe,, - - - }-

Inspired by the findings of [12, 58|, we see that effective learning can proceed as long as
the correct primitive is relatively dominant, meaning its probability is greater than that
of any single incorrect alternative: p* > maxy(p,, ). The NLL objective function encourages
the model’s predictive distribution FPy(s;|Z%;) to match the empirical distribution Pata-
However, due to the model’s finite capacity and its inductive bias towards learned reasoning
primitives during pretraining, it will not perfectly replicate this noisy distribution. Instead,
it will allocate a disproportionately large probability mass to the mode of the distribution,
which is the correct and most consistent primitive, s7.

This is the mathematical analogue of cognitive regularization in LLM. The model
does not probability-match the noisy input. Instead, it boosts the probability of the most
consistent and systematically occurring option. By iteratively applying this principle at each
step, the model learns to stitch together a complete and correct reasoning trace, effectively
bootstrapping its way to competence from a foundation of imperfect demonstrations without
the need of explicit verifiers or data filtering in the mid-training stage.

3.3.5 Distillation for Reasoning

The fundamental learning method we adopt in this work is knowledge distillation, a process
where a smaller student model which in our case is our base non-reasoning LLMs are trained
to mimic the reasoning trajectories of a larger more capable teacher model [341]. Recent
works have already shown the efficacy of distillation as an effective if not better and more
efficient method to improve reasoning in smaller LLMs compared to RL finetuning [249, 19].
This allows us to transfer the powerful reasoning capabilities of a frontier model to a smaller,
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more efficient one. Our work investigates distillation as a purely off-policy learning problem,
where the student learns from a static dataset of reasoning chains generated by a fixed
policy teacher model.

The motivation for this strictly off-policy approach is to isolate the learning process
from any form of online verification or feedback. In many contemporary methods, a student
model’s generations are evaluated or guided by a reward model or a more powerful teacher
model, which then provides a signal to update the student’s policy (an on-policy loop).
We deliberately avoid such on-policy or online distillation schemes to better study our
verification free learning setup. Our goal is to understand if a student model can improve
by simply observing and imitating complete and noisy reasoning trajectories without any
explicit labels and without being guided token-by-token or sequence-by-sequence by an
external verifier. We achieve this by treating all generated reasoning chains—whether from
a powerful teacher or from the student model itself - as a static data buffer. The student
then learns from this fixed dataset via standard supervised fine-tuning (SFT).

In this off-policy framework, we explore two sources for the training data buffer:

First, in a conventional cross-model setup, we leverage a powerful teacher model, Pr,
to generate a large, synthetic dataset of reasoning trajectories, Dy. The student model,
Ps(0), learns from this fixed dataset. The goal is to train the student’s parameters 6 by
minimizing the cross-entropy loss for each token in a generated chain-of-thought (CoT)
sequence y = (y1,...,yr) given a problem z. The distillation loss, Lxp, for a single
trajectory (x,y) from the teacher’s dataset Dy is given by:

T
Licp(0) ==Y 10g Ps(y|z, y<i; 0)

t=1

Crucially, as our work demonstrates, the teacher-generated CoT, y, does not need to be
correct for learning to occur. This is a significant finding, as it suggests the structural
patterns of reasoning are themselves a valuable learning signal, independent of the final
answer’s correctness. This is a significant departure from traditional distillation works,
which typically assumes high-quality or perfect data from teacher.

Second, we also test this off-policy setup on self-distillation. Here, the base student
model refines its reasoning abilities bootstrapped by its own CoTs. We use the current
student model Ps () as a fixed policy to generate a new dataset of CoT solutions, Dg .
This dataset is then treated as a static data buffer for the next stage of reasoning fine-tuning.
This process is still off-policy because the model being trained (6;,1) learns from a fixed
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distribution created by a previous, separate policy (). The update rule is expressed as:

T
Or+1 = arg m@in E(zy)~pss |~ Z log Ps(yi|z, y<i;6)
t=1

where the dataset Dg, is generated by sampling from Pg(-|x; 0)). We stick to a single update
loop (k =0), although previous works have shown in detail how multiple rounds of finetuning
on data generated by the iteratively improving base model is a successful recipe to further
push performance as well. This self-distillation loop, free from any external verification,
allows the model to improve by learning from its own generated reasoning structures. Our
experiments show that fine-tuning on these self-generated, and often incorrect, CoTs still
leads to significant performance improvements.

3.4 Experiments and Results

To study the effect of learning dynamics under our experimental setup of inconsistent noisy
reasoning inputs, we perform a detailed study using Supervised Fine-Tuning (SFT) as
the mid-training paradigm to enable non-reasoning models to acquire reasoning skills by
Reg-ReBoot. Recent works have shown that for small base models SFT is just as effective
and often outperforms RL finetuning at much less compute resources and data. We study
the effect of noisy CoTs on three base models namely Gemma 2-2 B, Llama 3.1-8 B, and
Qwen 2.5-1.5 B. And as for the data we rely on the Hendrycks MATH data’s training set
and generated synthetic solutions for our controlled SFT experiments and on MATH128
which is a harder subset of the Hendrycks MATH test set for our evaluations [30].

3.4.1 Experimental Setup

Models The experiments utilized three prominent open-source non-reasoning LLMs as
base models for fine-tuning: Gemma-2-2B, Llama-3.1-8B, and Qwen 2.5-1.5B. We chose
these models to study the effect of reasoning acquisition across model families and the
generality of such methods.

Datasets with MATH training set problem prompts All fine-tuning datasets were
derived from mathematical problems, primarily from the MATH dataset [30|. Here we use
both the human-generated gold solutions present in the original MATH 7500 training set
as well as teacher model and self-generated synthetic solutions for studying the teacher
distillation and self distillation setups. The key datasets used are:
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e human gold: The high-quality original dataset of 7,500 human-written, verified
correct CoT solutions for problems in the MATH training set.

e gemma27B gold: A dataset of CoT solutions generated by a powerful teacher model,
Gemma 2-27B, and filtered to include only those that result in the correct final answer.
The problem prompts are same as the MATH training set problems.

e gemma27B_wrong: A dataset of CoT solutions generated by the same Gemma 2-27B
teacher model, but filtered to include only those that result in an incorrect final
answer. This is our primary dataset for testing the Reg-ReBoot hypothesis. The
problem prompts are same as the MATH training set problems.

e qwenldB gold: A dataset of CoT solutions generated by a powerful teacher model,
Qwen 2.5-14B, and filtered to include only those that result in the correct final answer.
The problem prompts are same as the MATH training set problems.

e gwenldB wrong: A dataset of CoT solutions generated by a powerful teacher model,
Qwen 2.5-14B, but filtered to include only those that result in an incorrect final
answer. The problem prompts are same as the MATH training set problems.

e self distill gold: Correct CoT solutions generated by the base models themselves,
all on the same set of MATH training set problems.

e self distill wrong: Incorrect CoT solutions generated by the base models themselves,
all on the same set of MATH training set problems.

We chose mathematics-related datasets as the primary test bed for our method for
several reasons. Since Reg-ReBoot aims to improve latent reasoning capabilities in a
skill-learning setup, domains like mathematics are a natural fit - the chain-of-thought (CoT)
solutions in such domains often have well-defined, compositional subcomponents. Even if
the complete CoT leads to an incorrect final answer, many intermediate steps may still
be correct, providing useful learning signals. This property allows the model to learn and
generalize from partially correct reasoning traces without requiring fully verified solutions.
In contrast, domains where reasoning traces are less structured or harder to decompose
(e.g., open-ended creative writing) offer less obvious latent reasoning substrates, making
direct application of our current approach challenging. Also since base models are already
adept with such general language generation tasks, gains in performance using methods
like Reg-ReBoot will also be moderate.

We use the following standard zero-shot prompt template both during SF'T and for all
evaluations :
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MATHEMATICAL PROBLEM SOLVING (ZERO-SHOT)

Zero-Shot Prompt Template :

You are a math expert. I am going to give you a math Problem that you
need to solve. When you answer, respond only with the Solution, thinking
step by step. At the end of the Solution, when you give your final answer,
write it in the form "Final Answer: The final answer is {answer}. T hope it
is correct."

Problem: {problem}

\_ Solution: /
3.4.2 Details of SFT

For SFT, we finetune the model on teacher-generated CoTs while masking the loss on the
question portion of the input, ensuring that only the model’s reasoning trace and final
answer contribute to the gradient. We set a maximum input length of 1024 tokens and
ensure all completions fit within this budget. Training is conducted using the standard
TRL SFTTrainer library built on HuggingFace Transformers. We train for 10 epochs on
all datasets, using a per-device batch size of 2 with gradient accumulation of 128 steps
when training on a single A100 40 GB GPU and a per-device batch size of 1 with gradient
accumulation of 64 steps when training on a node of 4 A100 40 GB GPUs, effectively
simulating a batch size of 256. We use the AdamW optimizer with 0.05 weight decay, a
constant learning rate of 1e7%, and a warmup ratio of 0.1. The training is performed using
BF16 precision and checkpointed every 10 steps for most runs.

3.4.3 Primary Findings: Learning to Reason via Distillation and
from Unverified CoTs

Our central experimental finding is that off-policy distillation via supervised fine-tuning
can turn small non-reasoning base LLMs into competent reasoners on small reasoning
datasets after very efficient training runs. And the counterintuitive result we noticed is
that datasets composed entirely of incorrect CoTs can lead to significant improvements
in reasoning performance as well, challenging the conventional wisdom that only verified,
correct demonstrations are useful for training. This opens up various opportunities to
leverage lots of unverified synthetic data and removes the bottleneck of painstakingly
curating verified CoT datasets.
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Table 3.1: Peak SFT performance of Gemma 2-2B and Llama 3.1-8B on the MATH-128 test set.

Training Dataset \ Peak SFT Accuracy
Gemma-2-2B
Gemma-2-2B baseline 14.06%
human _gold 20.31%
gemma27B gold 28.12%
gemma27B _ wrong 27.34%
qwenl4B  gold 22.65%
qwenl4B  wrong 21.87%
self distill gold 21.87%
self distill wrong 21.87%
Llama-3.1-8B
Llama-3.1-8B baseline 14.84%
human _gold 16.40%
gemma27B gold 21.87%
gemma27B  wrong 27.34%
self distill gold 25.78%
self distill wrong 24.22%

Table 3.1 summarizes the peak accuracies achieved on the MATH-128 test set after
SFT on the various datasets. The results demonstrate a consistent trend across both the
Gemma-2-2B and Llama-3.1-8B models.

Analyzing the reasoning performance of Gemma 2-2B and Llama 3.1-8B The
most significant result from these experiments is that fine-tuning on gemma27B_wrong
achieves accuracy that is at par with that achieved by gemma27B_gold. For both models,
training on incorrect teacher-generated data dramatically outperforms training on human-
written gold solutions. This strongly supports our hypothesis that the model is able to
extract the underlying cognitive artifacts and stitch reasoning traces from the process of
the CoT, regardless of the final outcome’s correctness. The self-distillation results further
corroborate this - training on a model’s own incorrect traces (self distill wrong) still yields
substantial gains over the baseline, demonstrating that even self-generated imperfect data
contains a valuable learning signal. The stark difference between the performance of SFT
on human _gold data compared to model generated synthetic CoTs, be it stronger teacher
generated CoTs or self-generated CoTs, is also very significant. This lag in performance
on human _gold data has been studied by |[172| showing that models prefer responses
generated by a LLMs than those generated by humans even when the CoTs are objectively
better.
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Model Accuracy vs Data Seen Across Training Runs for Gemma 2B SFTs
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Figure 3.1: Gemma 2-2B SFT results on various datasets. The efficacy of unverified synthetic
CoTs generated by a teacher model as well as self-distillation clearly helps learn reasoning skills
even better than human gold dataset.

This opens up the opportunity to scale and leverage huge amounts of synthetic data to
bootstrap multiple types of skill acquisition removing the bottleneck of gathering human
data which is expensive and often impossible in many domains. It can be clearly attributed
to the fact that LLMs are inherently more familiar with other LLM generated response
distributions than human responses as evidenced by the lower perplexity scores before SF'T.
This is further reinforced by the preference of Gemma 2-2B model towards CoTs generated
from Gemma 2-27B as compared to that of Qwen 2.5-14B and vice versa in case of Qwen
2.5-1.5B SFT runs.

Analysis of CoT Quality To understand the mechanism enabling this learning from
unverified noisy data, we performed a manual analysis on a sample of 100 CoTs generated
by the Gemma-27B teacher model. This analysis aimed to categorize the nature of the
reasoning in both correct-outcome and incorrect-outcome traces.

The analysis in Table 3.2 provides the crucial ground truth for our framework. It reveals
that 68% of the CoTs in the gemma27B _wrong dataset do not suffer from fundamental
logical flaws. Instead, their errors are minor and local—calculation mistakes or skipped
steps—which correspond directly to the concept of static noise [76]. These traces preserve
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Model Accuracy vs Data Seen Across Training Runs for Gemma2B on Qwen 14B CoT SFTs
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Figure 3.2: Gemma 2-2B SFT results on Gemma2-27B CoTs compared to Qwen2.5-14B CoTs
shows the base model’s preference towards similar model family generated data.

Table 3.2: Manual analysis of the quality of 100 CoTs generated by the Gemma-27B teacher
model. This analysis reveals that a majority of traces leading to an incorrect final answer still
contain a largely correct reasoning structure which forms the basis of our proposed method and
framework Reg-ReBoot.

CoT Type Analysis Category Proportion

Correct Answer | Fully Correct CoT 1%
Wrong sub-CoT (calc/approach error) 29%

Incorrect Answer | Minor Problems (calc error, skipped steps) 68%
Incorrect Reasoning(major logical flaw) 32%

the high-level structure and approach of a correct solution. It is this preserved structure
that provides the consistent, learnable signal that the student model bootstraps from, while
the varied, local errors are treated as noise and filtered out during the learning process.

The Curious Case of the Qwen Base Model The Qwen 2.5-1.5B base model de-
spite several ablations and hyperparameter sweeps seem to not improve significantly after
distillation based SF'T. One reasoning being the base model’s already strong performance
comparable to the teacher models. Furthermore, the baseline performance of Qwen 2.5-1.5B
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Model Accuracy vs Data Seen Across Training Runs for Llama 8B SFTs
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Figure 3.3: Results of SFT on Llama 3.1-8B model on various datasets. Reg-ReBoot provides
a good understanding of performance gains in Llama similar in trends to the Gemma model.
Llama base model can bootstrap reasoning skills effectively from synthetic unverified datasets and
performs significantly better than human gold data.

with our prompt which is 52.34% is significantly higher than the reported 35% in the
technical report. And we perform all experiments with 52.34% as our baseline score. A large
number of recent papers have studied the properties of the Qwen family of base models
which is one of the most common open model used for downstream reasoning finetuning
and they seem to be already very well optimized with strong baseline performance and
some reasoning mid-training done already, thereby making them more amenable for direct
RL finetuning [222, 180]. While other non-reasoning base models families require the first
step of SF'T to warm start the acquisition of reasoning abilities which then makes them
more suitable for downstream RL finetuning. Despite this, performance on human gold,
qwenl4B gold, and qwen14B wrong slightly outperform the baseline. Here as well, we
can see the model preferring data generated from same model family over others.

Reg-ReBoot demonstrates practical significance - that large-scale imperfect data can
substitute for scarce and costly verified solutions, lowering the barrier to scaling reasoning
capabilities. It reframes reasoning improvement as learning from noisy but structured
patterns rather than requiring curated demonstrations. Practically, this opens a path
to bootstrapping reasoning in domains where ground-truth step-by-step solutions are
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Model Accuracy vs Data Seen Across Training Runs for Qwen 1.5B SFTs
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Figure 3.4: Results of SFT on Qwen 2.5-1.5B model on various datasets. AS we can see the
gains in performance are moderate compared to the other two model families given the strong
base performance of Qwen on Math reasoning already. Still SF'T on human gold, and Qwen 14B
distilled CoTs show some gains while the others degrade performance upon scaling data.

unavailable and verification is hard, making reasoning enhancement more cost-effective and
generalizable.

3.5 Ongoing Extensions of Experiments and Results

We are working to further analyze this phenomenon and build on the Reg-ReBoot framework
to scaling LLM finetuning for reasoning. Two ongoing parts of the work include primarily
scaling synthetic data beyond the MATH training dataset’s question prompts to include
more synthetic question for more diverse and broader coverage and carefully studying the
effect of dynamic and static noise to understand the limits of this learning paradigm.

Systematic Analysis of Errors and Noise in the Reasoning CoTs We are performing
a controlled experiment to systematically vary the properties of the noisy training data. By
precisely manipulating the ratio of static to dynamic errors and the overall noise level, we
can quantitatively map the boundaries of the Reg-ReBoot effect and identify the breaking
point at which the regularized learning signal loses to the errors. To this end we are
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Perplexity of Gemma-2-2B Across Different Datasets Perplexity of Qwen 2.5-1.5B Across Different Datasets
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Figure 3.5: Models often prefer synthetic LLM generated data more than gold standard human
data measured in terms of perplexity (lower the better).

67



re-structure the human gold MATH training data and its solution CoTs into more amenable
styles and formatting that the base models prefer and then will introduce errors gradually in
the gold human dataset which has all sub-parts of the CoTs as correct. This will reveal the
resilience of the base models to learn helpful reasoning artifacts as a function of amount and
severity of errors introduced (the hyperparameter A in Py (y|z) = AP.(y|x)+(1—\)P.(y|x))
enabling us to understand the limits of our framework and also the effects of overfitting
and memorization of wrong CoTs in the base models.

Datasets with synthetic question prompts as well as unverified synthetic solu-
tions: Given the success of using CoTs without verification, we could leverage another
axis to scale the performance of the base LLM models on reasoning - by scaling the number
and diversity of problems to learn from and solutions generated by a stronger teacher model
which is Gemma 2-27B in our case. We use the generated maths questions prompts derived
from the original MATH training set from the works of Google DeepMind Montreal with
permission from the teams and authors to open-source these synthetic question dataset
and our generated Gemma 2-27B generated synthetic responses for use by the broader
community [253]. This synthetic dataset has a total of 7 million plus problem prompts and
after filtering for deduplication and high semantic similarity we arrived at a total of 1.2
million question prompts. We then used Gemma 2-27B to generate 16 solutions per prompt
and further did a round of filtering for answer format mismatch and token length of solutions
to finally reach a dataset of 131 thousand synthetic questions for which we also used Gemma
2-27B to generate their synthetic solution CoTs (which we call gemma27B syn). We
perform no answer verification related filtering on this dataset as we lacked gold truth
answers for these synthetic questions anyway. This let us to further study the effect of
learning from synthetic questions and their corresponding unverified solution CoTs and also
the effect of simply scaling data size in reasoning skill acquisition.

This also enables a simple extension of SE'T knowledge distillation setup into a Two-Stage
SFT setup as follows:
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Algorithm 4: Two-Stage Finetuning

Input: Teacher model Pr, initial student model Ps(6y), unlabeled synthetic
problem and solution CoTs set Xy, high-quality dataset human generated
problem set with solution CoTs Dy

Stage 1: Off-Policy Reasoning Distillation on Noisy Synthetic Problem
Prompts;

Generate large, noisy dataset Dr noisy using Pr on Xy, (e.g., Gemma27B_syn);

Fine-tune Pg(6y) on Dy peisy to obtain mid-trained model parameters 6;;

Stage 2: Fine-tuning on High-Quality Human Generated Problem
Prompts;

Fine-tune Pg(6;) on Dy (e.g., Human Gold or Gemma Gold) to obtain final
parameters 6s;

return Pg(6y);

We are currently working on this direction to further improve the base LLMs reasoning
abilities following this two-stage SF'T setup trying to analyze the effect of scaling unverified
synthetic reasoning data as both in terms of synthetic problems and solution CoTs.

3.6 Conclusion and Future Work

In this work, we challenged the prevailing notion that improving LLM reasoning necessitates
massive high quality verified datasets. We introduced Regularized Reasoning Bootstrapping
(Reg-ReBoot), a framework grounded in principles of human language acquisition, which
posits that LLMs can effectively learn robust reasoning skills from large-scale, unverified,
and even incorrect Chain-of-Thought demonstrations.

Our analysis provides a formal mechanism for this phenomenon, connecting the standard
supervised fine-tuning objective to the concept of regularization when learning from noisy
data. We have shown how the model’s inherent inductive bias towards simpler patterns,
combined with the statistical properties of math reasoning data, allows it to amplify the
consistent signal of correct reasoning primitives while averaging out the diverse noise of
idiosyncratic errors.

Our empirical results provide validation for our framework. Through knowledge distil-
lation and self-distillation experiments, we demonstrated that fine-tuning on datasets of
CoTs with incorrect final answers yields performance on mathematical reasoning bench-
marks that is comparable to training on smaller, human-curated gold datasets. A manual
analysis confirmed that these wrong CoTs are not random noise but are rich in partially
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correct reasoning structures, providing the necessary signal for the model to bootstrap its
capabilities.

The broader implication of this research is a potential efficient alternative towards
unsupervised skill acquisition in LLMs, bypassing the predominant need of verifiers and
filtered datasets needed to hill-climb in many current LLM tasks. By demonstrating the
utility of imperfect data, our work opens a path toward more scalable, cost-effective, and
accessible methods for training capable models. Such approaches can allows us to tap into
the vast and largely under-utilized troves of unverified real-world data as a valuable resource
for teaching machines to think.

Looking forward, some interesting research directions can be built on our existing work:

e Cross-Domain Transfer: The principles of Reg-ReBoot are not inherently limited
to math reasoning. A critical next step is to understand which domains of data
contain such latent compositional artifacts making them suitable for unsupervised
skill acquisition from unverified data using Reg-ReBoot like frameworks. Applying
this framework to other complex reasoning domains where verified data is even scarcer
and more costly can be an interesting direction to pursue.

e Extensions to Long-CoT Data: Our work currently focuses on short reasoning CoTs.
But with the recent rise of R1 distilled open-source long CoT reasoning models along
with diverse Long-CoT reasoning datasets can be further utilized to perform better
SFT distillation alowing another axis to scale performance with respect to CoT length.

e Integration with Reinforcement Learning: Our findings suggest a powerful two-stage
training architecture. Reg-ReBoot can be employed in a first, highly scalable stage
to instill foundational reasoning skills using massive amounts of unverified data but
as shown by previous works SFT for reasoning can make models capable but not
super-human. For this a more targeted stage of RL finetuning can be applied. This
hybrid approach, as hinted in our preliminary two-stage SF'T plans, could combine
the data efficiency and scalability of our method with the and further performance
gains afforded by reinforcement learning to build highly capable reasoning systems.

e Scaling the second stage finetuning with Generative Reward Models (GenRMs): With
the advent of LLMs trained as next-token predictors for reward modeling, we can
continue scaling the second stage of SF'T or RL finetuning without requiring rule-based
verifiers or gold answers on larger unverifiable problem sets using these GenRMs and
also scale inference time compute by simply generating multiple responses verified
and ranked using these GenRMs.
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Chapter 4

Automating Evaluations for Scalable
Oversight and Improving Verifications
for Reasoning

4.1 Introduction

The rapid production of content by LLMs and VLMs poses a challenge to traditional
human-centric evaluation methods and conventional automatic metrics. Metrics like BLEU
[157], ROUGE [127], and METEOR [17] for textual evaluation and CLIPScore [33] for
image to text evaluation, often misalign with human judgment and face limitations in
assessing creative or nuanced responses. Recent studies suggest using LLMs as novel,
reference-independent evaluators by assessing text quality based on predicted sequence
likelihoods, bypassing the need for direct reference comparisons [35]. This has motivated
researchers [133, 10] to work on improving the evaluation capability of individual LLMs
on text evaluation. [258] highlight that large models align more closely with human
perceptual processes, thereby enhancing the evaluation of multimedia quality. Consequently,
[39] leverage vision language models to provide explainable image quality evaluation by
generating textual explanations, assessing fidelity, alignment, and aesthetics.

Surprisingly, despite the potential for improved performance by using ensembles of
multiple vision-language models or large language models, there has been limited research
on how to align evaluations from multiple VLMs or LLMs with human judgments. The
recent advances in inference time compute methods have shown a promising direction to
leverage additional compute generating more responses from the same or multiple models to
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improve performance in generative tasks [219, ]. The prospect of thus taking inspiration
from these developments and using multiple VLMs or LLMs together in a society of
minds [143] setup to solve the complex and nuanced problem of automatic and scalable
evaluations is very promising. But it also introduces several uncertainties, including how
to select the models, how many models to use, how to manage communication between
different models and what prompting structure should be used to maximize the collective
effect.

In this paper, we introduce Reason-Feedback-Review (ReFeR), a multi-agent framework
drawing inspiration from the academic peer review process to enhance the evaluation of
multimodal generative outputs like text generated by an LLM, an image generated by any
model, or caption of an image generated by a VLM. By using multiple LLMs or VLMs
as evaluators and feedback providers in a system akin to academic peer review, ReFeR
enables a comprehensive evaluation of generative outputs across various domains, promoting
model self-improvement, reasoning behind evaluation, and consistent score across runs. The
paper outlines ReFeR’s methodology, including its new prompting schema and the strategic
use of LLMs or VLMs in roles parallel to peer reviewers and area chairs, facilitating a
multi-dimensional evaluation through a hierarchical framework consisting of two levels:
evaluation at the peer level and evaluation at the area chair level. ReFeR thus leverages
increased computation at inference time by coordinating multiple models during evaluation
to improve performance and by having models themselves produce feedback and final
assessment, we introduce an automated model-based evaluation pipeline, reducing the
dependence on human evaluators, thereby helping towards scalable oversight of generative
model contents [26, 105].

The framework is tested across two NLG evaluation and two multimodal evaluation
tasks. Interestingly, the ReFeR framework is generic enough to exhibit strong transfer
to reasoning benchmarks as well. The multi-agent hierarchical setup, where multiple
peer models deliberate, overseen by the area-chair model, promotes structured reasoning
and reflective feedback, enabling complex reasoning and decision-making: we also test its
reasoning ability on four reasoning benchmarks. This deliberative process also serves as
a scalable generator of high-quality rich feedback-annotated synthetic instruction-tuning
datasets. This imbues smaller models with evaluative capabilities more aligned with human
preferences. This enables a scalable method to distill the automatic evaluation capabilities
of ReFeR-like frameworks into smaller efficient models by fine-tuning them on these datasets,
to achieve better correlation with human evaluation.

We present two variants of our proposed framework, ReFeR-Pro and ReFeR-Lite.
ReFeR-Lite is ~14x more test-time compute efficient than ReFeR-Pro. Both the variants
outperform strong baselines on both text evaluation datasets: TopicalChat [110] and
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SummEval [56]. ReFeR also beats baselines like Clipscore [33], ImageReward [233] and

others on caption quality and image generation quality evaluation using ICQD [123] and
AGIQA [257] datasets respectively by large margins. Lastly, ReFeR also beats single
agent methods (zero-shot CoT [112], self correction [92]), and multi-agent methods like
multi-agent debate [18] and multi-agent peer review [231] on 3 out of 4 reasoning datasets,

clearly outperforming on average while incurring lower costs than baselines.

To summarize, the primary contributions of our research are as follows: (1) Introduction
of a general-purpose tuning-free multi-agent hierarchical framework leveraging inference time
compute, called ReFeR, with its two variants, ReFeR-Pro and ReFeR-Lite. (2) We develop a
novel prompting schema, with a novel evaluation guidelines component, specifically designed
to improve the effectiveness of our framework both evaluation and reasoning tasks. (3)
Empirical validation of the framework’s evaluation and reasoning skills on four benchmarks
each. (4) We conduct an in-depth analysis of our multi-agent framework, addressing key
questions such as how to select models, how many models to use, and other critical aspects
of model interactions.

4.2 Methodology

4.2.1 ReFeR Framework

Evaluating generative outputs in unverifiable domains without a predefined correct answer,
such as assessing the quality of a research paper or open-ended responses, presents significant
challenges. Inspired by the hierarchical peer review process in academia, we propose the
ReFeR framework, which leverages a hierarchy of language models to systematically evaluate
generative outputs. The ReFeR framework consists of two main modules, as depicted in
Figure 4.1.

1. Peer Review Body

Let G denote the generative output to be evaluated, Ep represent the prompt for the
peer and E4¢ represent the prompt for the area chair. Let P = {P;, P,,..., Pk} be a set
of K peer agents, where each P; is a language model acting as a peer reviewer. Each peer
agent independently evaluates GG according to Ep, producing a comment C; and a score
S; € R. This process is formalized as follows.

(C;, S;) = Evaluatep, (G, Ep), Vie {1,2,...,K} (4.1)

2. Area chair Evaluation
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Figure 4.1: Illustration of the ReFeR Framework on the TopicalChat dataset. Refer to
Fig. A.2 (in the appendix) for illustration of ReFeR for multimodality and Algorithm 5 showing the
framework’s working. We use the predictions from AC to create an Instruction tuning dataset which
can be used to improve the performance of smaller models as evaluators, shown in Appendix A.10

An area chair agent AC, typically a larger or more capable language model, aggregates
and synthesizes the peer reviews, comments and scores to provide the final evaluation. The
area chair considers the generative output GG, the prompt E4¢, and the set of peer reviews
{(C;, S;)}E |, producing a final comment Cgy,ay and a final score Sguay. n is a hyperparameter
that denotes the number of responses for a given prompt.

(CR 58 = {Evaluate) (G, Bac, {(Ci, $)YE,) } (4.2)
_ I g0
Sﬁnal - njzlsAc (43)

4.2.2 Prompting Schema

An essential aspect of assessing generative outputs with language model agents involves
crafting prompts that elicit high-quality evaluations. Prior work, such as G-Eval by [133],
introduced a structured evaluation schema, organizing the prompt into sections: task
introduction, evaluation criteria, steps for evaluation, input presentation (context and
target), and an evaluation form designed to output a numerical rating only. Subsequently,
[10] proposed an adjusted schema named Analyze-Rate, which prioritizes an analytical
review followed by scoring, showing improved performance over G-Eval’s prompt.
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To further refine this approach, we introduce a new module in the evaluation schema
called Fvaluation Guidelines to enhance the model’s understanding of the scoring criteria,
akin to guidelines provided in traditional academic review processes. Evaluation guidelines
can be automatically generated by prompting a language model with the prompt structure
and some examples from the dataset and we call this process auto prompt. We give
an example of this process in Appendix A.5 showing the Auto Prompt for Engagingness
prompt for TopicalChat. Alternatively, manually written human annotation guidelines of
the dataset can be used. We also modified the evaluation form to include a critical comment
or reasoning for the given score. The proposed evaluation schema is shown in Figure A.1.

4.2.3 ReFeR Variants

ReFeR-Pro

ReFeR-Pro leverages a hyperparameter n, representing the number of responses generated
by the area chair agent. This variant generates multiple responses (n = 20) for each prompt,
applying a scoring function that averages the scores across all generated responses, as
described in Eq. 4.3.

The final comment Ch,, is the list of all individual comments from the area chair
evaluations. While ReFeR-Pro provides superior performance due to generating more
evaluations per prompt, it incurs higher computational costs. Additionally, the use of
n = 20 is often constrained to models from the OpenAI API, as other APIs supporting large
models do not support this level of multiple response generation directly. Although it is
possible to generate multiple responses by making repeated calls to the model (e.g., running
the model 20 times with the same prompt), this approach is computationally expensive
and less practical for large-scale evaluation tasks. This usage of the hyperparameter was
first suggested by G-Eval and later used by Analyze-Rate.

ReFeR-Lite

To enhance flexibility and reduce computational overhead, we developed ReFeR-Lite, which
removes the dependency on the parameter n for the given performance. In this variant,
only a single response (n = 1) is generated for each prompt, or n is completely removed.
This reduction in response generation is reflected in Eq 2, where n is set to 1.

(Oﬁna]7 Sﬁnal) == EvaluateAc(G, E, {(OZ, Sl) zlil) (44)

By relying on just one evaluation per prompt, ReFeR-Lite can be used with a wider variety
of models, including open-source models, which do not natively support the generation of
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multiple responses with a single prompt. Despite generating fewer responses, ReFeR-Lite
maintains competitive performance and offers significant cost savings. This makes it a more
test-time computing-efficient solution for tasks where computational resources are limited
or where evaluating large numbers of samples is required.

Both ReFeR-Pro and ReFeR-Lite use the same peer evaluation structure, but differ
primarily in the area chair’s response generation and model compatibility. ReFeR-Pro,
with n = 20, offers potentially higher performance due to generating more evaluations but
is restricted to models that support or can simulate multiple response generation with
a single prompt. In contrast, ReFeR-Lite provides greater flexibility and cost-efficiency
by generating only a single response (n = 1) per prompt, making it more suitable for
resource-constrained environments.

4.3 Experiments

4.3.1 Datasets

For NLG evaluation, we test our framework on SummEval [56] for summarization evaluation,
and TopicalChat [110] for dialogue generation evaluation. For multimodal evaluation, we
compare our framework on evaluating two types of task, image-to-text using ICQD (Image
Caption Quality Dataset) [123] and text-to-image generation using AGIQA-1k by [257].
For ICQD, we score model-generated captions and compare them with the average human
annotated rating for the same. In AGIQA, we assess the quality of Al-generated images
in reference to a given prompt and compare it with the mean opinion score (human
annotations).

We also test our framework on 4 reasoning datasets: AQuA [1258], BBH-DU [193], CSQA
[3] and GSMS8k [12] which cover various reasoning tasks like Math, Commonsense and Date
Understanding. Statistics and details about all the datasets are provided in Table 4.1.
For more details about the datasets, refer to Appendix A.7. We test our framework on
these reasoning tasks, where our framework answers a reasoning question with the label or
numerical Answer after giving the reasoning. We calculate the accuracy of our answers in
reference to the gold answers.

4.3.2 Baselines

NLG Evaluation

While the current landscape of models for evaluating NLG responses includes reference-based
methods such as BERTScore [255], UniEval [262] and reference-free methods like GPTScore
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Table 4.1: Dataset Statistics. We list all the tasks we tackle in our paper and the datasets we
used to show results with the number of samples used.For Reasoning, a random subset of 100 was
sampled from the original datasets, following [34]. 500 random samples were selected from the
original AGIQA-1k to get a well-distributed dataset. We use 864 samples with usable image urls
from the ICQD test dataset. We use the full test sets for the NLG Evaluation datasets.

Dataset Domain Task Samples | Answer Scale
TopicalChat | Dialogue Generation | NLG Evaluation 360 Rating (on 4 metrics) | 1-3
SummEval Summarization NLG Evaluation 1600 Rating (on 4 metrics) | 1-5
ICQD Image-to-Text Multimodal Evaluation 864 Caption Score 0-100
AGIQA Text-to-Image Multimodal Evaluation 500 Generation Score 0-5
AQuA Math Reasoning 100 Option A-E
CSQA Commonsense Reasoning 100 Option A-E
BBH-DU Date Understanding | Reasoning 100 Option A-F
GSM8k Math Reasoning 100 Number -

[62], we do not consider these models as baselines given they were clearly surpassed by
G-Eval [133] and later works [10]. Given our work primarily proposes a reference-free
LLM-based evaluation for NLG, we do a comparative analysis primarily against G-Eval
[133] and Analyze-Rate [10] only.

G-Eval performs evaluation by deploying a single LLM agent. This agent employs

Auto-CoT (chain of thought) reasoning and a form-filling paradigm to ascertain the quality
of NLG outputs, delivering only scores for the specific dimensions under scrutiny. They use
'n’ hyperparameter to generate 20 responses and take the average score.
Analyze-Rate builds upon G-Eval, advocating for an enhanced prompt structure. This
methodology incorporates a preliminary analysis phase before scoring, aiming to enrich the
evaluative process for NLG tasks. Following G-Eval, they also consider the average score of
20 responses for each sample.

LLM-as-Judge [201] is designed to evaluate LLMs and to rank them potentially
creating ChatBOT Arena. We replicated the original setup for TopicalChat dataset.

ChatEval [31] proposed a single model multi-agent framework with varied persona to
evaluate various NLG responses on open-ended questions and traditional NLP tasks by
leveraging a debating structure among the agents. We reproduced their most optimal setup
mentioned in the paper as baseline with 3 roles i.e. 3 agents and 2 discussion turns.

MultiModal Evaluation

For multimodal evaluation, several works like HyperIQA [194], DBCNN [250], IP-IQA [164]
were proposed for image quality assessment, but all of these works are deep learning-based
methods which leverage and depend on training a capable model. Hence we do not compare
our framework against them directly.
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CLIP Score [33] evaluates how well an image aligns with a text description by using
the CLIP model, which computes similarity scores between images and text embeddings.

Image Reward [233] is a scoring model trained to assess the quality/alignment of generated
images with text by comparing them against reference images using a reward model.
Pick Score [107] is another scoring model for the task of image text alignment, which is

trained on human preference images ‘picked’ for a given text.

X-IQE [39] leverages VLMs to evaluate text-to-image generation methods by generating
textual explanations. We implement their Alignment dimension experiments to compare
with our results on text-to-image generation dataset (AGIQA).

Reasoning

We compare our framework against a variety of baseline methods across different categories.
For single-agent methods, we select zero-shot Chain-of-Thought (CoT) and Self-Correct.
For multi-agent frameworks, we compare against Multi-Agent Debate and Multi-Agent Peer
Review, both of which use a single model acting as multiple agents.

Zero-shot CoT [112] utilizes chain-of-thought prompting to generate reasoning pro-
cesses and answers using a single agent.
Self-Correct [92] is a single-agent approach that enables an LLM to iteratively evaluate
its own outputs, identify errors, and refine its responses through self-reflection.
Multi-Agent Debate [15] involves a group of agents, where each agent observes the
solutions provided by others, updates its own solution accordingly, and repeats this process
through multiple iterations.
Multi-Agent Peer Review [231] is a multi-agent system in which each agent indepen-
dently generates a solution, reviews the solutions of others, and assigns confidence scores to
its reviews. Agents then revise their initial solutions based on the received peer reviews.
This revision is repeated through multiple iterations/rounds of peer review. We used the
default number of rounds (3) mentioned by the authors.

4.3.3 Implementation Details

NLG Evaluation: Our framework for NLG evaluation employs Llama-3.1-8B-Instruct
[141], Mistral-Nemo-12B [1141] and Gemma-2-9B [08] as the peer models and GPT-40-mini
[153] as the area chair model. We use [207]’s API for the peer models, but since these are
small open-source models, they can also be deployed locally. For the baselines, we follow the
original setups (with GPT-40-mini) proposed by [133] and [10]. As mentioned in Section
4.2.3, we vary the hyperparameter n for the two ReFeR variants. For more details on other
hyperparameters, refer to Appendix A.3.
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Multimodal Evaluation: For multimodal evaluation, our framework uses only 2 peers:
Gemini-1.5-Flash [16] and GPT-4o-mini [153]. We use GPT-40 [152] as the area chair model.
We choose only 2 peers for multimodal evaluation setup considering the cost and availability
of VLMs of similar strength. More details on the number of peers and how to choose
peers are described in Section 4.5. The baselines like CLIPScore [33], ImageReward [233],
PickScore [107] are implemented following the codes provided in their official repositories.

Reasoning: We use the same setup as our NLG evaluation for all our reasoning
experiments following similar prompting structure except using evaluation guidelines which
is irrelevant in reasoning tasks. All the baselines were implemented and evaluated using
the scripts provided by [234] in their official repository.

4.4 Results and Discussions

This section presents the experimental results evaluating ReFeR’s effectiveness in assessing
text, multimodal outputs, and reasoning capabilities. Experimental details are provided in
Section 4.3.3, hyperparameters in Appendix A.3, and prompts in Appendix A.17.

4.4.1 NLG Evaluation

We evaluate ReFeR’s performance on two datasets: TopicalChat and SummEval. For
TopicalChat, we assess dialog system responses based on four metrics: Coherence, Engag-
ingness, Groundedness, and Naturalness. For SummEval, we evaluate article summaries
using Coherence, Consistency, Fluency, and Relevance metrics. Following [133] and [10],
we compare the generated scores with human-annotated ground truth using Spearman
(p) and Kendall-tau (7) correlations. Results for TopicalChat are presented in Table 4.2,
with SummEval results in Appendix A.6. All results are averaged over three runs. The
table first shows individual peer performances using our peer prompt, followed by baselines
Analyze-Rate [10] and G-Eval [133]. ReFeR Pro outperforms all baselines on most metrics
and excels on average. ReFeR Lite, our cost-effective model, ranks second on average despite
generating a single response instead of 20 like G-Eval and Analyze-Rate. G-Eval sometimes
outperforms Analyze-Rate despite only generating scores, while both Analyze-Rate and
ReFeR provide analysis in addition to scores, offering the potential for model improvement.
The key findings from this experiment are: (1) Both ReFeR Pro and ReFeR Lite outperform
baselines. (2) ReFeR Lite with n = 1 also achieves comparable performance while being
significantly cheaper. We also provide a statistical test to show the relevance of these
automatic evaluations compares to the baselines in Appendix A.13.

While generating multiple responses (e.g., n = 20 as in G-Eval) is theoretically possible
with any LLM, it poses substantial practical challenges. For instance, evaluating the
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TopicalChat dataset (360 samples, 4 metrics) would require approximately 28,800 model
calls with an average input token size of 675 for TopicalChat. This approach becomes
impractical in terms of cost, time, and computational resources, especially for models
without the throughput (n = 20) capabilities of the OpenAl API. Hence ReFeR-Lite can
be an option in such cases.

Table 4.2: Comparison of ReFeR with baselines for NLG evaluation on the TopicalChat
dataset (all baselines and ReFeR uses GPT-40-mini as the backbone). Results are
averaged across 3 runs. The best results are bolded, and the second-best are underlined. *Costs for
ReFeR Pro and ReFeR Lite include only AC API cost, as open-source peer models can be deployed
locally and so do not involve API costs. Peer model costs based on API pricing from services like
[207] are also provided for reference. Relative costs are shown as fractions of the most expensive
method. GPT-40-mini row denotes the performance of the AC model with the peer setup, Peer
Average row denotes the correlation when the average of the 3 peer scores is considered.

Method Coherence Engagingness | Groundedness
p T p T p T
Llama-3.1-8B 0.380 0.324 0.400 0.342 0.444 0.414
Peer Agents | Mistral Nemo-12B 0.409 0.346 0.594 0.501 0.442 0.414
Gemma-2-9B 0.536 0.453 0.615 0.527 0.582 0.545
GPT-40-mini 0.518 0.438 0.618 0.527 0.589 0.549
Peer Average 0.547 0.433 0.648 0.519 0.577 0.510
Analyze-Rate 0.551 0.465 0.638 0.544 0.615 0.569
Baselines G-Eval 0.581 0.493 | 0.636 0.546 | 0.593 0.555
LLM-as-Judge 0.510 0.445 0.593 0.519 0.556 0.467
ChatEval 0.551 0.471 0.624 0.538 0.522 0.428
Ours ReFeR Pro 0.592 0458 | 0.677 0.536 | 0.645 0.588
ReFeR Lite 0.561 0.479 0.636 0.543 0.618 0.575
Method Naturalness Average Cos.t
) T P T (Relative)
Llama-3.1-8B 0.320 0.268 0.386 0.337 0.13
Peer Agents | Mistral Nemo-12B 0.411 0.348 0.464 0.402 0.23
Gemma-2-9B 0.519 0.430 0.563 0.489 0.20
GPT-40-mini 0.540 0.457 0.566 0.493 0.13
Peer Average 0.512 0.396 0.539 0.447 0.56
Analyze-Rate 0.562 0.476 0.591 0.514 0.77
Baselines G-Eval 0.558 0.470 0.592 0.516 0.13
LLM-as-Judge 0.534 0.471 0.548 0.476 0.13
ChatEval 0.557  0.478 | 0.564 0.479 0.78
Ours ReFeR Pro 0.616 0473 | 0.632 0.514 1.0*
ReFeR Lite 0.591 0.416 0.602 0.503 0.13*

4.4.2 Multimodal Evaluation

To assess the multimodal applicability of ReFeR, we conducted experiments on two tasks:
image generation quality evaluation using the AGIQA dataset (text-to-image setting) and
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image caption evaluation using the ICQD dataset (image-to-text setting). Table 4.3 presents
the results of these experiments. Following previous deep learning-based works such as
[257], we report Spearman’s p and Kendall’s 7 rank correlations. Key findings include the
following.

e ICQD dataset: Both variants of ReFeR outperform all baselines. Notably, although
individual peers show low correlations, AC effectively countered this, resulting in better
correlation.

o AGIQA dataset: ReFeR Pro outperforms all baselines, while ReFeR Lite outperforms
ClipScore and X-IQE but falls short of ImageReward and PickScore.

We attribute the performance difference in the AGIQA dataset to the fact that both
ImageReward and PickScore involve training based on human preferences, which may have
contributed to their superior performance compared to our ReFeR Lite variant. But, our
ReFeR-Lite has clearly surpassed a single VLM based method X-IQE by a large margin
showing the effectiveness of the framework.

Table 4.3: Multimodal Evaluation Results. Comparison of caption quality and image
generation quality score correlations with human scores on ICQD and AGIQA datasets, respectively.
*X-IQE is a text-to-image VLM-based method, so we don’t show it for Caption Quality.

Method Caption Quality | Image Quality Cos.t
p T p T (Relative)

Peer Agents Gemini-1.5-Flash 0.135 0.098 0.341 0.268 0.07

GPT-40-mini 0.200 0.145 0.502 0.392 0.01

Clip Score 0.310 0.233 0.522 0.366 -
Baselines ImageReward 0.433 0.302 0.634 0.451

Pick Score 0.352 0.241 0.627 0.442 -

X-IQE* - - 0.410 0.307 0.05
Ours ReFeR Pro 0.497 0.347 0.657 0.467 1.0

ReFeR Lite 0.459 0.336 0.599 0.442 0.14

4.4.3 Reasoning

We hypothesize that our framework enhances the overall reasoning capabilities of area
chair by utilizing multiple models collaboratively, leading to improved decision-making. To
verify this, we compare ReFeR’s reasoning capabilities against other frameworks, including
zero-shot-CoT, single-agent frameworks, and same-model multi-agent frameworks. Table 4.4
presents the results of these experiments, with all results averaged across 3 runs, following
the setup in [34]. Key observations:

e On average, ReFeR outperforms all other baselines across the tested benchmarks.
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e In the BBH Date Understanding benchmark, debating-type frameworks like Multi-
Agent Debate show better results than ReFeR. This may be attributed to the nature
of the benchmark, which involves understanding dates and resolving conflicts. Such
tasks benefit from inter-agent discussions, which are possible in a debating setup but
not in ReFeR’s hierarchical framework.

e ReFeR outperforms baselines on the AQuA benchmark because the hierarchical
structure allows the area chair to synthesize peer inputs efficiently, avoiding confusion.
In contrast, debate formats may cause models to introduce conflicting reasoning,
which is less effective for tasks requiring precise reasoning like AQuA.

e Considering overall cost and performance, both variants of ReFeR demonstrate
significant advantages in terms of cost-efficiency compared to corresponding multi-
agent models.

e Further analysis on response quality between ReFeR and other methods on GSM8k
dataset using reference rationale as premise we get a HHEM score [18] of 0.33 whereas
other baselines have a score ranging from 0.102 to 0.115. Higher HHEM score
indicates better response quality. More details on the analysis are provided in the
Appendix-A.15.

Table 4.4: Experimental results on Reasoning tasks. Comparison of ReFeR performance
(accuracy) with single-agent and multi-agent method baselines. All results are averaged across 3
runs. Cost*- Costs are shown as relative to the most expensive method.

Method Type | Methods AQuA BBH DU CSQA GSMS8k Average Cost*
Llama-3.1-8B 26.3+5.1 28.0+7.8 68.3+4.0 | 40.0+£11.4 | 40.7+£7.1 0.03
Peer Agents Mistral Nemo-12B 43.0+£3.6 55.7+4.6 65.7+6.1 | 54.7+11.5 | 54.84+6.5 0.05
Gemma-2-9B 50.7+2.3 70.3+6.5 75.7+4.5 79.3+4.0 69.0+4.3 0.04
Single Agent zero—shot—Cc?T 60.7+£1.5 88.0+1.7 76.0+1.7 95.3+1.2 80.0£1.5 0.06
Self Correction 78.7+0.6 92.74+0.6 54.0+1.0 93.3+1.5 79.71+0.9 0.20
Multi-Agent Multi-Agent Debate 54.0+3.5 94.3+0.6 79.0+1.7 95.74+0.6 80.8+1.6 0.97
Multi-Agent Peer Review | 62.0+4.4 91.7+0.6 77.0+1.0 95.3+1.5 81.5+1.9 1.0
Ours ReFeR Pro 85.0+1.0 92.0+2.0 79.3+1.2 | 96.0+£0.0 | 88.1£1.0 0.93
ReFeR Lite 81.0+2.0 91.0+2.0 79.3+1.2 93.3+2.1 86.24+1.8 0.18

4.5 Analysis

In this section, we perform an analysis of the framework to understand the impact of
different components and choices.

4.5.1 Peer Ablation

To evaluate the impact of number of peer agents and composition on ReFeR’s performance,
we conducted a peer ablation study using the TopicalChat dataset shown in Fig. 4.2.
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Our findings indicate that increasing the number of peers generally improves the frame-
work’s overall correlation, as evidenced by the main branch in Fig. 4.2. We experimented
with varying peer combinations and numbers to distinguish between the effects of adding
another peer versus a better-performing peer. Due to the impracticality of exploring all
possible combinations with six peers, we selected a subset based on individual performances,
costs, and model sizes.

3 Peers+ 4 Peers+Qwery
0.64 Gemir_]'b ,,,,,
S = 3 Peers+ 4 Peers+Gemin
.© 0,631 Mixtral
_,(_U, ixtra
o
j .
—_
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Figure 4.2: Framework Ablation. Results obtained on ReFeR-Pro by progressively adding
different peers for the TopicalChat Dataset. The points in the figure indicate the performance of
ReFeR when specific labelled peers were used in conjunction with the area chair (GPT-40-mini). “3
Peers” refers to the Llama, Nemo, and Gemma models being used as peers. “4 Peers” includes the
same 3 peers along with the Mixtral model added as fourth peer. Detailed results are presented in
Table 4.5.

Fig. 4.2 demonstrates that while the framework’s average performance generally increases
with more peers, adding a relatively weaker model can result in better performance than
the base (1 peer) but not necessarily the highest overall. For instance, with five peers,
the combination of four peers plus Qwen yields the best performance, whereas four peers
plus Gemini (weaker at this task) performs closer to the three-peer configuration. Notably,
the performance gain from four or five peers compared to three peers is not substantial.
This observation suggests that using three peers may be an optimal choice, balancing
performance improvements with computational efficiency.
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4.5.2 Selecting Peers and area chair

For optimal peer selection, we recommend using a group of capable peers chosen based
on their individual performances in performance assessment. After assessing individual
performances, top-performing peers can be selected considering both cost and performance.
As shown in Table 4.5, Gemma2-9B is the top performer across all metrics, while Mistral
Nemo 12B and Llama-3.1 8B offer comparable performance at lower costs. Consequently,
we selected Gemma2-9B, Llama-3.1 8B, and Mistral Nemo 12B as our peers. This selection
is also crucial for enabling local GPU deployment of the peers.

To understand the framework’s effectiveness under various conditions, we conducted a
study by fixing the peers and changing the area chair. Particularly, we choose an area chair
which is relatively weaker than not just GPT-4o-mini but also our best peer, Gemma2-9B, at
this task. Hence, we choose Qwenl.5 - 72B. Table 4.6 presents the results using the ReFeR
Lite setting on the TopicalChat dataset. We observed that although we used Qwen as AC
(whose individual performance is less than the best peer), we get improved performance
compared to the respective individual performance. But we see that one of the peer’s
(Gemma2-9B) has a correlation of 0.568 hence we deduce that if the AC model is relatively
stronger than most of the peers then we get improved performance but to get the best
results out of the framework we see that we need a larger or better model as AC to better
utilize the evaluations done by the peers and incorporate them in it’s own evaluation.

This observation aligns with the original analogy of research paper peer review, where
the area chair is typically a senior researcher with a potentially better understanding than
most peer reviewers, thus being given more importance or final judgment authority. In
cases where performance assessment is not feasible to determine the most suitable models,
the LLM Leaderboard on [96] can be consulted to select appropriate models based on the
specific task requirements, cost considerations, GPU availability, and time constraints.

Table 4.5 shows the individual performances of the 6 open-source models we chose and
then the ablation of an increasing number of peers and the ablation of adding different
models. The models we used are Llama-3.1-8B, Mistral-Nemo-12B, Gemma-2-9B, Mixtral-
8x7B, Gemini-1.5-Pro, Qwen-1.5-72B.

We have also performed AC ablation experiments with another AC model to show the
difference of performance based on the model chosen. We have chosen our best peer model
Gemma2-9B as the AC model while using the same peer models and their responses, as
our original setup. We use the same hyperparameters for the AC model(Gemma) as our
original setup. We also show the original GPT-40-mini results to compare.

From the results of Table 4.7, we can see that the peer performance of Gemma2-9B
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Table 4.5: Ablation analysis of the effect of different models used. Comparison of ReFeR
Pro results on TopicalChat with Different Peer Configurations. The method column shows what
peers were used with the AreaChair (GPT-40-mini). 4 Peers in the last rows denotes the 3 peers
(Llama, Nemo, Gemma) and Mixtral. *These rows show the individual performance of the peers,
not the framework’s performance when the peer is used.

Peers Used Coherence Engagingness | Groundedness
P2 T o T o T
Llama 0.417  0.357 | 0.418 0.357 0.488 0.455
Nemo 0.416  0.352 | 0.567 0.475 0.453 0.424
Gemma 0.549  0.465 | 0.623 0.534 0.583 0.545
Individual results* | Mixtral 0.440 0.373 | 0.552 0.467 0.491 0.458
Gemini 0.352  0.300 | 0.460 0.387 0.498 0.466
Qwen 0.465 0.399 | 0.524 0.459 0.471 0.441
Average 0.440 0.374 | 0.524 0.446 0.497 0.465
Llama 0.542  0.423 | 0.603 0.479 0.628 0.556
1 Peer Nemo 0.558 0.440 | 0.684 0.548 0.617 0.555
Gemma 0.564 0.448 | 0.680 0.552 0.635 0.578
Average 0.555  0.437 | 0.656 0.526 0.626 0.563
Llama+Gemma 0.565 0.440 | 0.656 0.524 0.593 0.535
2 Peers Llama+Nemo 0.577 0.450 | 0.692 0.553 0.621 0.570
Nemo+Gemma 0.567 0.443 | 0.685 0.547 0.622 0.573
Average 0.570 0.444 | 0.677 0.541 0.612 0.559
3 Peers Llama+Gemma+Nemo | 0.589 0.458 | 0.689 0.550 0.623 0.574
4 Poers 3 Peers + Mixtral 0.596 0.463 | 0.682 0.541 0.629 0.572
3 Peers + Gemini 0.601  0.469 | 0.688 0.550 0.644 0.590
5 Poers 4 Peers + Gemini 0.584 0.455 | 0.686 0.545 0.623 0.572
4 Peers + Qwen 0.601  0.467 | 0.682 0.545 0.646 0.592
Peers Used Naturalness Average
) T I T
Llama 0.346  0.289 | 0.417 0.365
Nemo 0.396  0.339 | 0.458 0.397
Gemma 0.520 0.431 | 0.568 0.494
Individual results* | Mixtral 0.469 0.390 | 0.488 0.422
Gemini 0.419 0.352 | 0.432 0.376
Qwen 0.508 0.437 | 0.492 0.434
Average 0.443 0.373 | 0.476 0.415
Llama 0.599 0.460 | 0.593 0.479
1 Peer Nemo 0.539 0414 | 0.599 0.489
Gemma 0.622 0.481 | 0.625 0.515
Average 0.587 0.452 | 0.606 0.494
Llama+Gemma 0.621 0.481 | 0.609 0.495
2 Peers Llama+Nemo 0.621 0.480 | 0.627 0.513
Nemo-+Gemma 0.632 0.490 | 0.627 0.513
Average 0.624 0.484 | 0.621 0.507
3 Peers Llama+Gemma+Nemo | 0.626 0.486 | 0.632 0.517
4 Peers 3 Peers + Mixtral 0.634 0.494 | 0.635 0.517
3 Peers + Gemini 0.623 0.485 | 0.639 0.523
5 Peers 4 Peers + Gemini 0.640 0.495 | 0.633 0.517
4 Peers + Qwen 0.637 0.498 | 0.642 0.526
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Table 4.6: Results on TopicalChat using the open-source model Qwenl1.5-72B as the
area chair. We were unable to include results for ReFeR Pro with Qwen as the area chair due to
the limitation of not being able to use n=20.

Method Coherence Engagingness | Groundedness
p T p T p T

(Peer) Llama-3.1-8B 0.417  0.357 0.418 0.357 0.488 0.455
(Peer) Mistral Nemo-12B 0.416 0.352 0.567 0.475 0.453 0.424
(Peer) Gemma-2-9B 0.549 0.465 | 0.623 0.534 0.583 0.545
Qwen (Individual Performance) | 0.465 0.399 0.524 0.459 0.471 0.441
ReFeR Lite (Qwen) 0.496 0.422 0.609 0.522 0.587 0.550

Method Naturalness Avg

p T p T

(Peer) Llama-3.1-8B 0.346 0.289 0.417 0.365

(Peer) Mistral Nemo-12B 0.396 0.339 0.458 0.397

(Peer) Gemma-2-9B 0.520  0.431 | 0.568 0.494

Qwen (Individual Performance) | 0.508  0.437 | 0.492  0.434

ReFeR Lite (Qwen) 0.527 0.450 | 0.555  0.486

is relatively lesser than that of GPT-40-mini. This same trend is observed when using
these models as AC in the ReFeR framework. The better performing model GPT-40-mini
gives better correlation as the AC too. This further supports our statements in section
4.5.2, where we show that a stronger model has to be chosen as an AC to get the best
performance from the framework.

We also study the effect of using the same model in all our peers as well as the AC in
our ReFeR framework and present the results in Apprndix A.16. In short the framework
results still surpass the baselines of G-Eval and AnalyzeRate.

4.5.3 Error Analysis

To assess the framework’s effectiveness in both evaluation and reasoning tasks, we conducted
an error analysis, with results shown in Fig. 4.3. In this analysis, a TopicalChat sample’s
evaluation score for each metric is considered correct if it falls within a given threshold
range of 25%. In the TopicalChat dataset evaluation, the area chair provided correct scores
42.6% of the time when one or two peers provided a correct answer, demonstrating the AC’s
ability to leverage partially correct peer scores effectively. The AC made mistakes only
11.9% of the time when at least one peer was correct. However, the AC was correct only
in 2% of the cases where all the peers were incorrect, suggesting that the AC may require
at least one correct peer input to avoid confusion and give a correct score. For reasoning
tasks, the AC was incorrect for only 2.9% of cases where atleast one peer is correct, showing
similiar observation as evaluation. And the AC was correct 14% of the time, even when all
peers were incorrect, indicating a better ability to disregard clearly incorrect answers from
the smaller peer models. This suggests that the AC, when using reasoning tasks, may not
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Table 4.7: Choosing model for AC: Below Table shows individual performance of AC model
and model acting as AC in the ReFeR Framework. The purpose of this table is to understand
correlation of capability of the AC and our framework. We See that if gpt-4o-mini is better than
gemma in base performance then gpt-4o-mini is better at being AC than gemma

Method Coherence Engagingness | Groundedness
p T p T p T
Gemma-2-9B (Peer Setup) 0.536 0.453 0.615 0.527 0.582 0.545
Gemma-2-9B (n=20) 0.556 0.466 0.617 0.521 0.577 0.538
ReFeR-Pro (Gemma AC) 0.569 0.440 | 0.684 0.540 | 0.643 0.581
ReFeR-Lite (Gemma AC) 0.552 0.463 0.624 0.533 0.607 0.567
GPT-40-mini (Peer Setup) 0.518  0.438 | 0.618  0.527 0.589 0.549
ReFeR-Pro (gpt-4o-mini as AC) | 0.585  0.454 0.673 0.535 0.628 0.577
ReFeR-Lite (gpt-4o-mini as AC) | 0.552  0.467 | 0.640 0.550 | 0.596 0.558

Method Naturalness Average

P T P T
Gemma-2-9B (Peer Setup) 0.519  0.430 0.563 0.489
Gemma-2-9B (n=20) 0.530 0.434 0.570 0.490
ReFeR-Pro (Gemma AC) 0.590 0.451 0.621 0.503
ReFeR-Lite (Gemma AC) 0.574  0.484 | 0.589  0.512
GPT-40-mini (Peer Setup) 0.540  0.457 | 0.566  0.493
ReFeR-Pro (gpt-4o-mini as AC) 0.625 0.484 0.628 0.513
ReFeR-Lite (gpt-4o-mini as AC) | 0.599 0.505 | 0.597 0.520

always rely on peers and can function independently in such cases.
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AC Correct AC Correct
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Figure 4.3: Performance analysis wrt framework scale. Pie-charts showing Peer and AC
performance on evaluation and reasoning tasks. (P- Peer model, AC- area chair Model)

More analysis about prompt optimization, communication strategies, inference and
test-time compute, and statistical significance tests can be found in Appendix A.4, A.11,
A.12 and A.13 respectively.
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In terms of practical significance - ReFeR delivers tuning-free, scalable evaluation
that is well aligned with human preferences, reducing reliance on human annotators or
finetuned evaluators. Beyond single scores, it produces structured feedback that can guide
downstream model refinement as automatic evaluators. Its multi-agent structure highlights
a general strategy for scalable Al oversight, where diverse evaluators provide checks and
balances, making it practical for improving and monitoring generative systems in research
and deployment.

4.6 Related Work

NLG & Multimodal Evaluation: Recent advancements in NLG evaluation include
GPTScore [62], which uses generative pre-training models to assess text quality, and G-
Eval [133], employing a chain-of-thoughts approach with form-filling methodology. [10]
highlighted limitations in G-Eval’s automated CoT alignment with human evaluations.
TIGERScore |99] offers detailed error analysis using fine-tuned Llama-2, while FusionEval
[182] integrates auxiliary evaluators with a primary LLM for scoring. X-Eval [130] introduces
a two-stage instruction tuning framework for diverse evaluation dimensions. ChatEval
[31] proposes a multi-agent referee system using autonomous debating among agents with
different personas to evaluate response quality. While similar to our approach, it primarily
relies on debate methodology using the same models under varied personas, whereas our
method employs diverse models as peers and area chairs with a richer prompting schema.
Mixture of Agents (MoA) [216] is another work which explores the how to harness the
collective expertise of multiple LLMs. In multimodal evaluation, CLIP Score [33], Image-
Reward [233], and Pick Score [107] assess image-text alignment using pre-trained models.
Deep learning methods like HyperIQA [194] and IP-IQA [164] have shown improvements
in this domain. Later, X-IQE [39] introduced using VLMSs for the task of image-quality
assessment.

Reasoning using LLMs: Single-agent methods like Zero-shot CoT [112] have improved
language models’ reasoning capabilities using Chain-of-Thought prompting. Self-correction
[92] mimics human self-reflection to address reasoning errors. In multi-agent frameworks, [15]
introduced a same-model approach using peer solutions for individual improvement, while
[160] proposed embedding-based communication to optimize reasoning. [231] developed a
framework inspired by academic peer review, emphasizing iterative improvement through
peer feedback. This differs from our method, which involves an area chair reviewing peer
responses without direct inter-peer communication. ReConcile [34] structured a multi-model,
multi-agent framework as a round table conference, demonstrating enhanced reasoning
through discussion and consensus. We expand on why we did not consider ReConcile
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as a baseline in the appendix A.8. [223] proposed selecting the most coherent response
from multiple reasoning chains, offering an alternative approach to consensus-building and
improving reasoning accuracy. For more recent related works discussion, please refer to
appendix section A.9.

4.7 Conclusion

In this work, we propose ReFeR (Reason-Feedback-Review), a hierarchical model framework
that utilizes smaller yet capable models as peers and a powerful model as the area chair.
The area chair leverages the reasoning and feedback from the peer models to produce a
final review for evaluating given images or texts. We demonstrate ReFeR’s efficacy across
two NLG evaluation tasks, two multimodal evaluation tasks, and four reasoning tasks,
outperforming various baselines while maintaining favorable cost-performance trade-offs. We
also present two variants: ReFeR-Pro and ReFeR-Lite. Notably, our Lite version achieves
performance comparable to other works and to ReFeR-Pro, while being significantly more
efficient in terms of compute used.

Our framework, while robust in many aspects, has some limitations. One notable
constraint is the potential computational cost when using large models as both peers
and area chairs, especially in resource-limited environments. Additionally, the framework
currently lacks an interactive discussion phase between peer models, which could further
improve collective reasoning. In some scenarios, such as when a weaker model is used as
the area chair, the performance may not be optimal. Lastly, while our framework has
shown promising results on text and image evaluation tasks, it remains untested in other
modalities, which could present unique challenges in scaling and complexity and is an
interesting area for future research.

89



Chapter 5

Conclusion

5.1 Summary

The central premise of this thesis has been that the convergence of large-scale Foundation
Models and the principles of sequential decision-making represents a critical path toward
more general and autonomous Al systems. We began by identifying two powerful but
paradigms with some limitations: FMs, which possess vast, high-level knowledge but lack
grounding and true agency; and Reinforcement Learning, which offers a robust framework
for goal-directed learning but struggles with data efficiency and scalability. The research
presented herein has aimed to bridge this gap, tackling three fundamental challenges that
arise at the intersection of these fields: building self-improving generative simulators for
scalable embodied planning and grounding generative models in physical reality, scaling
reasoning in LLMs beyond rule based verifiers and filtered datasets, and scaling automated
evaluations of generative model outputs.

The thesis has three distinct works tackling different problems, each contributing toward
the development of self-improving agents that can learn and act with less reliance on explicit
rewards and perfect human feedback.

1. In Chapter 2, we tackle the problem of learning generative simulators to scale model-
based decision making algorithms. We thus introduce VideoAgent, the first self-
improving video policy model that served jointly as both the learned world model
(WM) or simulator and action policy to perform robot manipulation. We use a goal-
conditioned text-to-video diffusion model with a novel self-conditioned consistency
objective for correcting video plans. VideoAgent is trained on action-free videos and
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is grounded in the physical world using diverse feedback from VLMs and limited
online interactions to collect data guided by the WM in a Dagger style iterative loop,
eliminating the need for action labels and complicated reward specifications. The
learned WM in turn enabled test-time VLM-guided panning over video plans and
self-correction of hallucinations, improving agent trajectories as we scaled refinement
iterations and online interactions, enabling us to leverage insights from the Bitter
Lesson - of effectively using both learning and search.

2. In Chapter 3, we tackle the problem of bootstrapping reasoning in LLMs from
unsupervised unverified CoTs without depending on the prevalent idea of using
labeled filtered datasets and verifiers. We propose Reg-ReBoot, a framework to learn
reasoning from unverified noisy data inspired by cognitive models of children language
acquisition. Challenging the predominant reliance on perfectly curated data, we
demonstrated that LLMs can learn robust reasoning skills from unverified and even
incorrect data. We framed a theoretical and empirical argument that the standard
fine-tuning objective, when applied to noisy Chain-of-Thought examples, allows a
model to amplify the consistent, underlying latent reasoning primitives while averaging
out idiosyncratic errors. Our experiments and ablations showed that training on
imperfect, teacher-generated data can yield reasoning capabilities comparable to,
or even exceeding, those achieved with human-verified gold datasets, opening the

potential for a more scalable and cost-effective path for bootstrapping reasoning in
LLMs.

3. In Chapter 4, we give a shot at tackling the final but very crucial step of scaling
and automating evaluations to build reliable and scalable oversight methods. We
developed ReFeR - a multi-agent, tuning-free framework inspired by the society
of minds approach instantiated in the form of the academic peer review process.
By structuring a hierarchy of pretrained models as "peers" and an "area chair",
ReFeR leverages increased inference-time compute to produce automated, high-quality
evaluations for both textual and multimodal outputs. Our results showed that this
collaborative, model-based approach not only correlates highly with human judgment
but also generates structured, useful feedback that can be distilled for improving
downstream model for automated evaluations. Our work provides a viable path for
scalable oversight, a critical component for the safe and responsible development of
increasingly powerful generative models.

Collectively, with these three works, I try to demonstrate demonstrate how feedback -
whether from the physical world (VideoAgent), from the statistical structure of imperfect
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data (Reg-ReBoot), or from a society of other Al models (ReFeR) - can be harnessed to
create more capable, grounded, and reliable agents. Together, they push the frontier of
AT beyond static, passive learning and toward a future of experiential, interactive, and
self-improving systems [184].

5.2 Future Work

The research directions that I explored in the thesis require much more work and good
science to build truly reliable and safe autonomous agents that are generally capable. While
each chapter concludes with specific limitations and future steps, in this section, I try to
outline some broader research directions that can be built upon the unified theme of my
thesis.

Deepening the Integration of Learning and Search or Planning: VideoAgent demon-
strated the potential of using generative models as policies. A natural next step is to more
deeply integrate these generative world models with sophisticated planning algorithms.
Future work could explore combining generative video foresight with Monte Carlo Tree
Search (MCTS) or other model-based RL techniques, allowing an agent to "imagine" and
evaluate many possible futures to select an optimal course of action. This would bridge the
gap between single-step refinement and long-horizon, multi-step planning.

Closing the Loop: Self-Improving Systems from Al Feedback: The ultimate dream
of many Al researchers is a fully autonomous, self-improving agent. Future work could
integrate the components presented here into a single, cohesive system. Imagine an agent
that uses a ReFeR-like framework to evaluate its own plans generated by a VideoAgent-
like policy. The feedback from this self-evaluation could then be used to generate new
training data to bootstrap recursive self-improvement. Creating such a system, which
learns, acts, evaluates, and improves in a continuous, autonomous cycle, could enable
building exploratory open-ended systems like Al-scientists. Although oversight and safety
also becomes extremely important in such cases of iterative improving systems and is a
very promising direction of further research.
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Appendix A

Appendix and Supplementary Material
for Chapter 4: ReFeR

A.1 Future Works

Future research can explore incorporating additional elements from the academic peer
review process, such as the author discussion phase, to simulate a more interactive review
environment. Expanding the framework to include evaluations beyond text and images,
such as video and audio content, could further enhance its applicability. Another promising
direction is to develop various communication strategies between peers and the area chair to
optimize evaluation and feedback cycles. Moreover, experimenting with different numbers
of area chairs of varying strength could help in understanding the impact of multiple,
potentially conflicting, judgments on the final evaluation outcomes.
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Original Article Summary of that Article
[ |

[ INPUT CONTEXT j ( INPUT TARGET j
3

TASK INTRODUCTION
You will be given one summary written for a news article. Your task is to rate the summary on one metric
v
EVALUATION CRITERIA
(Criteria on the basis of which the article’s summary will be evaluated)
Fluency (1-5): Evaluate sentence quality based on readability, grammar, and structure; high score reflects well-
constructed, error-free sentences for easy reading.

e _ - - - - - _ _ _____________ - -—-—-———-——-—-—-—-————= F-o - - __________ B
Auto CoT Auto Prompt
: EVALUATION STEPS EVALUATION GUIDELINES :
I (Steps the model should follow to evaluate) (Guidelines model should follow to score the article) |
1 1. Read the news article to understand the overall style and tone. 5.0: Exceptional, flawless grammar, clear structure. |
! 2. Review the summary. Focus on the quality of the sentence < | 4 <= Score < 5: Mostly well-constructed, minor errors. !
: construction, grammar, and overall readability. 3 <= Score < 4: Mix of good and poor sentences, noticeable errors. :
, 3. Rate the summary's fluency on a scale of 1 to 5, with 1 being the 2 <= Score < 3: Many poorly constructed sentences, frequent errors. |
, \ least fluent and 5 being the most fluent. 1 <= Score < 2: Predominantly poor, error-ridden, hard to grasp. |

EVALUATION FORM

! |
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! -Critical comment / Analysis / Reasoning !
| -Score : (Between 1 to 5) |

1 Generative-Output ' i ReFeR Variants '
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Figure A.2: Illustration of ReFeR for Multimodal evaluation shown on AGIQA dataset.
A similar version of ReFeR working on textual TopicalChat dataset is shown in 4.1.
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A.2 ReFeR Algorithm

Algorithm 5: ReFeR Framework for Evaluating Generative Outputs

Input
e Generative output O (text or image)
Prompting schema Ep for peers and E4¢ for area chair
Peer Models P = {Py, P, Ps, ..., Pk} (K Peers)
Area Chair Model AC
Variant V' € {ReFeR-Pro, ReFeR-Lite}
Number of responses n (only for ReFeR-Pro)

Output:
e Final Evaluation Score Sgna

e Constructive Feedback Cgpal

Phase 1: Peer Review Body Evaluation,;

foreach peer model P, € P do
// Each peer independently evaluates O using prompting schema Ep
(Ci, Sz) < Evaluatepi(G, Ep);

end

Phase 2: Area Chair Evaluation;
if V = ReFeR-Lite then
‘ n <+ 1;
end
else
‘ n < 20;
end
for j =1 tondo
| (CR SK2) « Evaluatel (G, Eac, {(Ciy SO );
end
// Compute final score

Sﬁnal — % Zyzl S/(xjc)jv
Chinal ¢ Choose 1 randomly whose score is closest to Sﬁnal(C(AI()j7 e C’Xg);

return Final Evaluation Score Sgpq, Constructive Feedback Clrpys
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Mathematical Notation Summary:

e (. Generative output to be evaluated. e AC: area chair agent.

e FEp: Prompt of peer. e n: Number of independent evaluations by
e F,0: Prompt of area chair. AC in ReFeR-Pro.

e P Peer agent ¢, fori=1,... K. . C/(f%, SX();: Comment and score from the
e K: Number of peer agents. j-th evaluation by AC.

e (;: Comment from peer agent P;. ® Chnal, Shnai: Final comment and score.

e S;: Score from peer agent P;.

In summary, the ReFeR framework formalizes the evaluation of generative outputs by
modeling the process after the hierarchical peer review system, with mathematical rigor
to facilitate clarity and reproducibility. This approach not only enhances the evaluation
accuracy but also provides constructive feedback, aligning closely with human judgment
and expectations in complex evaluation scenarios.

A.3 Hyperparameters

For the ReFeR NLG Evaluation setup, following Analyze-Rate [10], we set these hyperparam-
eters as follows, for the AreaChair GPT-40-mini model- temperature=1, max_tokens=256,
top_p=1, frequency penalty=0, presence_penalty=0, stop=None, n=20 (varies for ReFeR
Lite and Pro). For the peer models, we use the default hyperparameters except for the
max_ tokens=128. For multimodal evaluation, we use the same setup for the AC, but for
the peers, we increase the maz_tokens from 128 to 192 tokens. For reasoning tasks, we
follow the NLG evaluation setup for the area chair, but we don’t set any limit on the
mazx_tokens hyperparameter. For the peer models, we increase max_tokens to 256 and set
the hyper-parameters temperature=1, top _p=1.

A.4 Prompt Optimization

Prompt optimization methods utilizing LLMs, such as OPRO [236], APE [265], and ProTeGi
[163], often employ text-gradient or feedback-based techniques to refine prompts. These
methods typically involve providing a capable LLM with error examples and obtaining
feedback, which serves as a text gradient to adjust the prompt for improved performance.
Such approaches have demonstrated effectiveness for short questions/requests and relatively
simple tasks.

Table A.1 compares our prompt with an optimized prompt using ProTeGi on the
TopicalChat dataset. We utilized the default ProTeGi settings with GPT-40-mini as the
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optimizer LLM. Our findings indicate that prompt optimization is time-consuming and
incurs higher costs than evaluation itself due to the iterative improvement process of
prompt optimization over a test set, and that too with long inputs for complex tasks like
this. Moreover, our prompts with the proposed structure yield better correlation than the
optimized prompts from ProTeGi.

We attribute this outcome to the limitations of these methods when dealing with
extensive inputs, such as conversation history and responses in TopicalChat, where entire
dialogues are provided to evaluate and rate NLG output on various metrics. Unlike G-
Eval, which only provides scores, methods like Analyze-Rate and ours improve scores
based on generated analyses. In these cases, both the analyses and ratings are crucial for
understanding errors, as the singular numerical rating value offers insufficient insight into
prompt issues. Additionally, even when detailed analyses are provided in multiple error
examples for the prompt optimization, the gradient-based approach may struggle with long
contexts, making it challenging for the model to identify specific prompt deficiencies and
provide useful feedback.

Table A.1: Analysis of Prompt Optimization. Comparison of Average (across 4 metrics)
results for different prompts on TopicalChat dataset.

Method ProTeGi Ours
) T p T
Llama-3.1-8B 0.347 | 0.303 | 0.386 | 0.337
Mistral-Nemo-12B | 0.387 | 0.336 | 0.464 | 0.402
Gemma-2-9B 0.511 | 0.444 | 0.563 | 0.489
ReFeR Pro 0.625 | 0.511 | 0.628 | 0.513

The table shows the results of average results across 4 metrics for peers and the framework
for Prompt optimized by ProTeGi vs Our Prompt generated through our prompting schema.
We can see that the peers’ performance declines with the optimized prompts. These prompts
were the best prompts after 3 rounds of Prompt-Optimization with ProTeGi. But still
their performance falls short to our prompting schema. And even though the framework
is relatively close, it would still make a point on how the effort and costs for the prompt
optimizations would not be worth it. Running ProTeGi prompt optimizations alone for
peers and area chair costs ~ 4 times the cost of evaluating using ReFeR-Pro.

Prompt Ablation

Table A.2 shows the ReFeR framework performance on TopicalChat Dataset with different
prompts. We can see from the results that our prompting Schema gives the highest
performance with Analyze-rate being the second. From the significant difference, we can
see that G-eval scores only prompting doesn’t work for our ReFeR framework.
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Table A.2: Analysis of Prompt Ablation. Average results (across 4 metrics) on TopicalChat
Dataset of ReFeR-Pro with different Prompt structure.

Prompt Schema I;Averagi
G-Eval 0.568 | 0.454
ReFeR-Pro Analyze-Rate 0.592 | 0.510
Ours 0.628 | 0.513

A.5 Auto Prompt

Example Implementation of Autoprompt:

Input AutoPrompt:

AutoPrompt for Engagingness FEvaluation for TopicalChat

You are tasked with creating a clear and concise prompt for a task based on the provided
prompt structure and examples from dataset. The prompt should be written in such
a way that it can be easily understood and followed by another LLM or human user
performing the task. Your prompt should include the following:

A brief overview of the task.

Fuvaluation criteria explaining what metric the evaluation is going to be on.

Clear instructions for how to approach the task or evaluation steps.

Use the examples of dataset, analyze and understand how it is evaluated for the
given metric and give a detailed Fvaluation guidelines which will tell when to give a
particular score.

Ezxample Prompt Structure:

You will be presented with a conversation between two individuals and given a
potential response for the next turn in the conversation, along with a fact that the
response 1s based on.

Your task is to evaluate the response on a single metric: Engagingness. The rating
must be given after giving the analysis too.

Evaluation Criteria:

Engagingness (1-3): Assess whether the response is dull, moderately interesting, or
highly engaging.
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Fvaluation Steps:

1. Read the conversation, the corresponding fact and the response carefully.

2. Rate the response on a scale of 1-3 for engagingness, according to the criteria
above.

Please ensure the prompt explains the rating scale from 1 to 3 clearly.

Examples for Task:
Example 1:

Conversation History:
Person A: "I heard that flamingos get their pink color from their diet.”
Person B: "Really? I didn’t know that! What do they eat to turn pink?"

Fact: Flamingos get their pink color from consuming shrimp and algae rich in
carotenoids.

Response:  "Yes! They eat shrimp and algae, which contain pigments called
carotenoids that give them their pink color.”

Rating: 3
Example 2:

Conversation History:
Person A: "I just rewatched Interstellar. The way they depict time dilation near a
black hole is incredible.”
Person B: "Yeah, the science behind it is pretty solid. What did you think of the
emotional storyline with Cooper and his daughter?”
Person A: "I thought it was powerful how they tied in the human element with such a
complex scientific concept.”
Person B: "Do you think the film’s portrayal of black holes was accurate?”

Fact: Interstellar consulted physicist Kip Thorne to ensure the black hole depiction
was as scientifically accurate as possible, especially with the time dilation effects.
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Response: "It was fine."

Rating: 1

The above prompt is an example of Auto Prompt for the Engagingness metric in
TopicalChat dataset. The text marked in blue, i.e., the example prompt structure and the
examples are the inputs to be given by the user to get the evaluation guidelines to be used
in our proposed prompting schema. In the example above we use the prompt structure
from Analyze-Rate engagingness prompt. Hence by prompting a capable LLM with an
Auto Prompt crafted for a task giving the prompt structure and examples, we can obtain a
prompt following our prompting schema for that task, including evaluation guidelines.

Output based on the above prompt:

Engagingness Peer Prompt
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- A score of 3 (interesting) means the response is very interesting or presents an inter-
esting fact.

A.6 SummEval Results

We test our framework on the SummEval Dataset, comparing it with the baselines G-Eval
and Analyze-Rate. We first show our individual peer performances, then the baselines,
and finally, the two variants of our ReFeR framework. Before delving deep into the results
of this benchmark, it is important to discuss the dataset distribution of SummEval. As
shown in Fig. A.3, the dataset is highly skewed for the consistency and fluency metrics,
with almost 1300+ and 1100+ samples having a score of 5 for consistency and fluency,
respectively.

Table A.3: Performance analysis on SummEval dataset. Comparison of various methods
for NLG evaluation on SummEval.

Method Coherence Consistency Fluency Relevance Average

p T p T ) T ) T ) T
Llama-3.1-8B 0.351 0.287 0.425 0.381 0.307 0.277 0.361 0.295 0.361 0.310
Peer Agents | Mistral Nemo-12B | 0.367 0.296 0.383 0.340 0.239 0.211 0.368 0.303 0.339 0.287
Gemma-2-9B 0.560 | 0.460 0.474 0.433 0.387 0.347 0.517 0.422 0.484 0.415
Baselines Analyze-Rate 0.533 0.392 0.382 0.305 0.353 0.283 0.430 0.320 0.425 0.325
G-Eval 0.509 0.387 0.475 0.386 0.334 0.290 | 0.571 | 0.433 | 0.472 0.374
Ours ReFeR 0.528 0.403 | 0.478 | 0.390 | 0.425 | 0.342 0.521 0.395 | 0.488 | 0.382
ReFeR Lite 0.483 0.400 0.472 0.420 0.360 0.324 0.472 0.397 0.447 0.385

The skewed distribution in the Summeval dataset creates an imbalance in correlation
evaluations. Smaller models, such as Gemma-2-9B, which may lack sensitivity to subtle
differences in the data (e.g., article and summary), often give uniformly high scores that
mimic the skewed human annotations, resulting in higher correlations. However, this does
not reflect the model’s true ability to understand and follow instructions. In contrast,
larger models like GPT-40-mini, which adhere more strictly to evaluation guidelines, tend
to generate more varied scores. This often leads to lower correlations due to the skewed
nature of the human annotations. Additionally, in cases where the ReFeR framework
provides consistent scores, the result is a high number of tied predictions, which further
lowers Kendall’s tau coefficient due to the large number of tied pairs. This complicates
the interpretation of performance for larger models and more advanced frameworks, as the
lack of variability in the dataset hampers an accurate assessment of model effectiveness.
Given these challenges, although Summ€FEval is a popular benchmark dataset used for NLG
evaluation, we do not consider Summeval to be an appropriate benchmark for testing our
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Figure A.3: Ratings Distribution. We show the distribution of human annotations for
Consistency, FLuency metrics in the SummEval dataset

methods, unless a uniformly distributed sample can be extracted—a difficult task given the
inherent skewness of the annotations. Hence, even though ReFeR-Pro outperforms other
baselines on this dataset, we present these results only in the appendix.

A.7 Datasets

NLG Evaluation

SummEval [50] provides human assessments on four critical dimensions of summarization
quality: Coherence, Consistency, Fluency and Relevance, utilizing the CNN /DailyMail
dataset [31] as its foundation.

TopicalChat [70] is a dataset of conversations. We use the dataset created by [110]
using the TopicalChat dataset in which they give a possible next response generated by a
language model for a given conversation history, and the human annotation score of the
response on five attributes: Coherence, Engagingness, Groundedness, Naturalness, and
Understandability. We exclude Understandibility, following the previous works G-Eval,
Analyze-Rate and Uni-Eval

1Uni-Eval shows results on the 4 metrics and uses the Understandability metric for transfer experiment,

hence only 4 dimensons are shown in the following works. Refer to [262] for more details.
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MultiModal Evaluation

ICQD (Image Caption Quality Dataset) [123] focuses on the task of Quality Estimation
(QE) for image captions. We use the test dataset which provides human ratings (0/1) on
quality. We scale these average ratings to a scale of 0-100 for our evaluation.

AGIQA (AI Generated Image Quality Assessment) [257] presents a AGI quality as-
sessment database, AGIQA-1K, which consists of 1,080 AGIs generated from diffusion
models. They provide MOS (Mean Opinion Score) in the range of 0-5. We have observed
that the dataset is skewed around certain scores around 3-3.5. So to test on a subset
which has variance of image quality ratings, we select 500 samples, such that the data
more or less equally spread on the rating range (0-5).

Reasoning

AQuA (Algebra Question Answering) [1258]| dataset is designed to assess a model’s
reasoning abilities in solving algebraic word problems. It consists of multiple-choice
math questions, where the model must understand and compute the correct answer from
several options.

BBH-DU (Big Bench Hard Date Understanding) [193] dataset is part of the BIG-Bench
benchmark. It focuses on testing a model’s ability to comprehend and reason about
date-related information, such as calculating durations and interpreting dates.

CSQA (CommonsenseQA) [3] dataset is designed to test a model’s understanding of
commonsense knowledge through multiple-choice questions. Each question requires
reasoning over general world knowledge, with answer choices based on various plausible
but nuanced options, testing the model’s ability to pick the most commonsensical answer.
GSMB8k (Grade School Math 8K) [12] dataset is a collection of 8,000 challenging grade-
school-level math word problems. It is designed to test a model’s ability to perform
multi-step arithmetic reasoning and solve math problems requiring logical thinking and
numerical computation.

A.8 Note on ReConcile

ReConcile [31] is another relevant multi-agent framework that utilizes different LLMs with
similar capabilities to engage in discussions and reach consensus. However, we exclude
ReConcile from our baselines because its use of 3 LLMs of similar capabilities and makes it
an unfair comparison to our framework, which employs 3 smaller models as peers and 1
larger model as the area chair. Simulating ReConcile with our setup would require excluding
one of the models, either from the peer group or the area chair, which would lead to an
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unbalanced debate. In particular, if we use 2 smaller models and a large model, the debate
would be dominated by the larger model, resulting in biased outcomes. For these reasons,
we do not include ReConcile as a direct baseline.

A.9 More Related Works

In this section we discuss more recent works in the field of multi-agent reasoning. While our
ReFeR framework proposes a specific two-level hierarchy inspired by academic peer review,
the broader field of multi-agent reasoning has explored several alternative collaborative
architectures. Many recent works focus on achieving consensus through unstructured or
semi-structured debate. For example, ReConcile [34] implements a "round-table conference"
where diverse LLM agents iteratively discuss and refine their answers to reach a consensus,
contrasting with ReFeR’s single-pass hierarchical synthesis. Similarly, CONSENSAGENT
[161] focuses on mitigating "sycophancy" in multi-agent debate through dynamic prompt
refinement to achieve more efficient and effective consensus, whereas ReFeR’s structure
bypasses the need for peer consensus by vesting final authority in the area chair. Other
frameworks introduce adaptive mechanisms to balance performance and efficiency. DOWN
(Debate Only When Necessary) [54] proposes a dynamic framework that triggers a multi-
agent debate only when an initial agent’s confidence score is low, offering a different approach
to efficiency than ReFeR-Lite’s fixed, lightweight structure. Another direction involves
diverse reasoning paths and role-playing. CoMM [35] prompts agents to adopt different
expert roles, encouraging varied problem-solving strategies, which differs from ReFeR’s
functionally defined roles of peer evaluator and synthesizer. Lastly, some frameworks
integrate external knowledge, such as MADKE [212], which provides agents with a shared
knowledge pool to enhance their debating capabilities—a clear distinction from ReFeR’s
reliance on the internal knowledge of its constituent models. These kind of reasoning
frameworks can be used for specific use cases where you have a defined knowledge pool.

A.10 Finetuning

Utilizing Analysis from larger LLMs (“Area Chair”), we enhance smaller LLMs through
instruction-tuning, using a dataset crafted from comprehensive evaluations. We use the
analysis feedback generated within the ReFeR framework, transforming it into a useful
resource for instructional tuning. This fine-tuning significantly improves smaller models
performance, enabling them to reach or surpass their larger counterparts in evaluation
tasks. We use Mistral-7B, since it can be easily deployable on a small GPU and finetune.
We used the instruction-tuning dataset (final output of Area Chair) of ReFeR framework
as the training data.
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Table A.4: Improving smaller models via instruction-tuning. Finetuning Results for
Mistral-7B model on TopicalChat Dataset

Model Coherence Engagingness | Groundedness | Naturalness Avg

p T p T p T p T p T
Mistral-7B No Finetune | 0.124 | 0.102 | 0.167 0.134 0.078 0.069 0.100 | 0.081 | 0.117 | 0.096
Mistral-7B Finetuned 0.457 | 0.348 | 0.626 0.486 0.487 0.437 0.493 | 0.377 | 0.516 | 0.412

A.11 Communication Strategies:

Table A.5: Communication Strategies. Results on TopicalChat showing different generation
and communication strategies for ReFeR-Pro.

Communication Coherence Engagingness | Groundedness Naturalness Avg

Peer Feedback to AC p T p T ) T ) T p T
Comment, Only 0.602 0.471 0.635 0.502 0.661 0.590 0.587 0.454 0.621 0.504
Score Only 0.585 0.454 | 0.673 0.535 | 0.628 0.577 0.625 0.484 | 0.628 0.513
Both Comment & Score | 0.580 0.453 0.642 0.512 0.605 0.545 0.555 0.427 0.596 0.484

The type of feedback provided by peers to the area chair plays a crucial role in determining
overall effectiveness. We explored three communication strategies: passing only scores,
passing only comments, and passing both comments and scores. Table A.5 presents the
impact of different feedback strategies on the framework’s performance. The results indicate
that passing only scores to the AC yields the best performance, with passing only comments
being a close second. This is likely because when both comments and scores are passed, the
AC model becomes more prone to confusion due to conflicting analyses or scores, and the
longer prompt inputs negatively affect its decision-making [131]. Based on these findings,
we adopt the scores-only strategy for all subsequent experiments with our framework.

A.12 Inference and Computation

Fig. A.4 presents the time taken per instance for ReFeR Variants and baseline models.
G-Eval demonstrates the fastest inference speed, as it only generates scores. In contrast,
Analyze-Rate takes nearly twice as long as G-Eval, since it produces both an analysis and
a rating. ReFeR-Lite and ReFeR-Pro require only approximately 1.5 times the duration of
Analyze-Rate, despite being multi-model frameworks. Notably, there is minimal difference
between the Lite and Pro variants due to the influence of the n hyperparameter, indicating
that the bulk of the processing time arises from the involvement of multiple models in the
framework.

Although we show the monetary cost comparison of our framework vs the other methods,
it is not the only cost for evaluation. We need to also consider test-time compute metric like
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Figure A.4: Inference speed comparison with baselines
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FLOPs processed. So as to know all parameter counts and calculate the FLOPs processed
for each method, we use an open source model Qwen-2.5-72B, as our AC model (with the
same peer models) and for G-Eval & Analyze-rate. We calculate the FLOPs with this
approximation formula:

FLOPs = layers x [4 -sequence length - d2 ;. + 8 - diodel - ffn_dim}

The components involved in the FLOPs calculation are as follows: layers refers to the
number of transformer layers, sequence length is the length of the input sequence,
d_model is the dimensionality of the model (hidden size), and ffin _dim represents the
dimensionality of the feed-forward network, which is typically 4 times dyodel-

For the self-attention mechanism, the cost of generating the query, key, and value matrices
is given by:
3 X d2 4 X sequence length.

The cost of the scaled dot-product attention, which involves computing attention scores
and applying them, is approximately:

d? 4o X sequence length.
Therefore, the total cost for the self-attention mechanism is:

4 x d?,_4q X sequence length.

mode
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In the feed-forward network (FEFN), which consists of two linear layers with a ReL.U
activation in between, the cost for each linear layer is approximately:

2 X dmodel X ffn_dim.

Thus, the total cost for the FFN, considering both the forward and backward passes, is:
8 X dmodel X ffn_dim.

Table A.6: Model Comparison of FLOPs. ReFeR-Lite is calculated as the cost of the peer

models(first 3 rows) and AC. ReFeR-Pro is calculated as summation of the peers and 20 AC calls.
G-Eval, Analyze-Rate are calculated as 20 calls.

Model dmodel | fin dim [ layers | Total Input tokens | FLOPs (x10™°)

Llama-3.1-8B 4096 14336 32 970720 2.11
Mistral-Nemo-12B 5120 14336 40 970720 4.11
Gemma-2-9B 3584 28672 42 970720 2.14

AC (Qwen-2.5-72B) (n=1) | 8192 29568 80 1016279 22.05

Analyze-Rate(n=20) 8192 29568 80 856100 372.16

G-Eval(n=20) 8192 29568 80 888500 386.07

ReFeR-Pro 8192 29568 80 - 449.31
ReFeR-Lite 8192 29568 80 - 30.40

Although the exact model architectures vary for different models, and hence the actual
FLOPs vary, but we believe this approximation formula helps to give enough information
for comparison of the computation. The given Total Input tokens is for all 4 dimen-
sions(coherence,engagingness,etc) for each model/method. As mentioned, we use the same
model Qwen-2.5 as our AC and for G-Eval, Analyze-Rate.

We modulate the performance with the hyperparameter n’ to see whether our method
consistently is above the baselines in the performance-compute trade off and we present
these results in Table A.7. But since the open models don’t have 'n’ hyperparamater, we
do n calls to get the n responses.

For better understanding and visualization, we show the performance (spearman corre-
lation) vs FLOPs in Figure A.5.

From Figure A.5 and Table A.7, we can observe that our ReFeR method is above
the other methods in terms of performance-compute trade off. We can see that although
ReFeR is relatively computationally costlier than the other methods, it has achieved higher
correlations with relatively lower values of n, as we see that n=8 of ReFeR gives better
performance than n=10 of G-eval while maintaining lesser FLOPs compared to G-Eval’s
n=10. We observe overall that ReFeR-Pro (or n=10 here,) has more FLOPS than G-Eval,
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Table A.7: Performance and Computation of methods across different n-values. p is average
spearman correlation across all metrics.

n | Method p FLOPs (x101%)
ReFeR-Lite 0.620 30.41
1 Analyze Rate | 0.545 18.61
G-Eval 0.608 19.3
ReFeR 0.639 74.51
3 | Analyze Rate | 0.547 55.83
G-Eval 0.626 57.9
ReFeR 0.646 118.61
5 Analyze Rate | 0.554 93.05
G-Eval 0.633 96.5
ReFeR 0.648 184.76
8 Analyze Rate | 0.542 148.88
G-Eval 0.636 154.4
ReFeR 0.649 230.5
10 | Analyze Rate | 0.541 186.1
G-Eval 0.637 193.0
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Figure A.5: Performance vs Compute Cost

but ReFeR gives more correlation than G-Eval. Whereas ReFeR-Lite (n=1) has significantly
lesser FLOPs but gave very high correlation although didn’t cross in this experiment with
Qwen-2.5-72B model. But, we can also see some other observations here in this setting
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with an open source model. Both ReFeR and G-Eval follow the same trend where we see
an increase in performance with increase in 'n’, but we don’t see this trend in Analyze-rate.
This leads us to the observation that some prompting schema are not consistent across
different models.

Overall we do think that ReFeR-Lite is significantly better than other methods consid-
ering the overall FLOPs to performance ratio.

A.13 Statistical Tests

Table A.8: Statistical Tests. p-values for statistical tests between ReFeR Pro and baselines on
TopicalChat.

Metric ReFeR vs. Analyze rate | ReFeR vs. G-Eval
Coherence 2.34 x 1076 429 x 10~ 13
Engagingness 3.70 x 10~5 1.01 x 10~17
Groundedness 1.15 x 10~7 6.31 x 1012
Naturalness 1.19 x 10~* 0.0736

We conducted the paired t-test to compare our method with the baseline and we report
the p-values. As we can see for only one metric in G-Eval, the p-value is greater than the
typical significance level (0.05). Hence, from the p-values, we can see that ReFeR is, in
general, statistically significantly better than G-Eval and Analyze Rate.

A.14 Example of Reasoning improved by Framework

Ezxample from GSM8K

Question: Solo has to read 4 pages from his Science textbook, 20 pages from his Social
Studies textbook, 7 pages from his History textbook and 8 pages from his Geography
textbook. Solo read 15 pages on Monday. If he has 4 more days to complete all his
reading, how many pages does he need to read, on average, in one day?

Gold Answer: 6 pages

Peer 1’s Response: To find the total number of pages Solo needs to read, we add
up the pages from each textbook: 4 (Science) + 20 (Social Studies) + 7 (History) + 8
(Geography) = 39 pages. Solo needs to read, on average, 9.75 pages per day. Answer:
9.75

Peer 2’s Response: Total pages to read: 4 (Science) + 20 (Social Studies)
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+ 7 (History) + 8 (Geography) = 40 pages. After subtracting 15 pages already read,
Solo needs to read 25 more pages. He needs to read an average of 6.25 pages per day.
Answer: 6.25

Peer 3’s Response: Total pages to read: 4 (Science) + 20 (Social Studies) + 7
(History) + 8 (Geography) = 39 pages. Solo needs to read, on average, 9.75 pages per
day. Answer: 9.75

Area Chair’s Response: Total pages to read: 4 + 20 + 7 + 8 = 39 pages. After
subtracting 15 pages already read, Solo needs to read 24 more pages. He needs to read
an average of 6 pages per day. LLM 1 and LLM 3 provided the correct calculations
but made a mistake in their final answers by not subtracting the number of pages Solo
read on Monday from the total number of pages. They both stated that Solo needs to
read, on average, 9.75 pages per day, which is incorrect. LLM 2 made a calculation
mistake. My solution corrects these errors and provides the accurate calculation for the
average number of pages Solo needs to read per day. Answer: 6

Example 2 from GSMSK

Question: Conor lives near a beach and loves going there every day to have fun. On
a particular week, he found 50 people at the beach on the first day. The next day, 20
more people were present at the beach than on the first day, and on the third day, the
total number of people increased to twice the number that were there on the second day.
If Conor saw an average of 60 people each day the rest of the week, calculate the total
number of people Conor saw at the beach that week.

Gold Answer: 500
Peer 1’s Response:

Analysis: To solve this problem, I will first determine the number of people present
at the beach on each of the first three days. Then, I will calculate the total number of
people Conor saw at the beach for the entire week by adding the number of people on
each of the first three days to the average number of people he saw each day for the
rest of the week. Since there are 5 more days in a standard week, I will multiply the
average daily number of people by 5 to find the total number of people Conor saw for
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the remaining days. Finally, I will add the total number of people seen on the first three
days to the total number of people seen during the rest of the week to find the overall
total.

The first three days:

- Day 1: 50 people

- Day 2: 20 more people than on the first day, so 50 + 20 = 70 people

- Day 3: Twice the number of people on the second day, so 2 x 70 = 140 people

Total number of people on the first three days: 50 + 70 + 140 = 260

Awverage number of people on the rest of the week (5 days): 60 people/day

Answer: 560

Peer 2’s Response:

Analysis: On the first day, there were 50 people at the beach. On the second day,
there were 20 more people than the first day, making it 70 people. On the third day,
the number of people doubled from the second day, resulting in 140 people. For the
remaining 4 days, Conor saw an average of 60 people each day, so the total for these
days is 4 * 60 = 240 people. Adding all these together gives the total number of people
Conor saw that week. Answer: 450

Peer 3’s Response:

Analysis: First, we calculate the number of people at the beach on the second and
third days. The second day had 50 + 20 = 70 people. The third day had 70 * 2 = 140
people. Then we calculate the total number of people on the remaining five days as 60 *

= 300. Finally, we add up the people from all seven days: 50 + 70 + 140 + 300 =
560.
Answer: 560

Area Chair’s Response:
Analysis: Let’s break down the problem step by step.

1. On the first day, Conor saw 50 people at the beach.

2. On the second day, there were 20 more people than the first day, so the total for
the second day is: 50 + 20 = 70 people.
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3. On the third day, the number of people doubled compared to the second day, giving
us: 70 x 2 =140 people.

4. For the remaining four days of the week, Conor saw an average of 60 people each
day. The total for these four days is: 60 x 4 = 240 people.

Now, let’s add all these numbers together to find the total number of people Conor

saw at the beach over the week: 50 (day 1) + 70 (day 2) + 140 (day 3) + 240
(remaining days) = 500.

Ample insights were provided by the LLMs, particularly the correct calculation for each
day. However, LLM 2 had a calculation mistake when reporting the final total as
450, which is inaccurate. LLM 3 correctly adds up the totals but does not account for
the final calculation correctly, as it appears to calculate five days instead of the four
remaining after the first three. Thus, compiling our information correctly gives us the
right total: Answer: 500

A.15 Hallucination

To understand the difference in response quality for our framework and the baselines, we
used the HHEM-2.1 model by [18]. The HHEM-2.1 model measures the hallucination
in the hypothesis (generated text) based on the premise (reference text). We did this
analysis on the GSM8k experimental results, as the dataset provides the human annotated
reasoning /rationale along with the answers. Hence we use this reference human reasoning as
the premise and the generated reasoning in the final responses by different methods as the
hypotheses. HHEM-2.1 gives scores in the range (0,1) where, 0 means that the hypothesis
is not evidenced at all by the premise and 1 means the hypothesis is fully supported by
the premise. Hence, the higher the HHEM score is, the lower the method’s responses are
hallucinated. We weren’t able to test this on other benchmarks where human annotation
reasoning/evaluation is not given.

We can see that ReFeR clearly outperforms all the baselines and GPT-40-mini’s(with
our peer setup) hhem score. Considering the GPT-40-mini’s score as baseline, we can see
that ReFeR has reduced hallucination, whereas the other baseline methods have increased
hallucination significantly. This shows that ReFeR produces better rationale in responses
compared to the baselines.
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Table A.9: Comparison of average hallucination scores across methods on the GSM8k Benchmark.
GPT-40-mini is the HHEM score of GPT-40-mini using our peer setup.

Method HHEM Score
GPT-40-mini 0.297
Zero-Shot-CoT 0.115
Self Correction 0.136
Multi-Agent Debate 0.102
Multi-Agent Peer Review 0.108
ReFeR 0.330

A.16 Homogeneous Experiments

We have demonstrated ReFeR primarily as a heterogeneous framework, where we leverage
different models for peers and AC. Hence, we did this homogeneous experiment to test
the framework’s effectiveness when we use the same model for both the peers and AC. We
use our best peer model Gemma2-9B as all peers & AC for this experiment, and to have
diversity in responses among the peers and AC, we use the temperature hyperparameter,
choosing temperatures [0.25,0.5,0.75] for the peer models. We retain the temperature=1
for AC from our original setup. We can see the results for the homogeneous experiment in
Table-A.10.

Table A.10: Performance of ReFeR framework with same model, Gemma2-9B as both peers and
AC. Varying temperatures were used for diversity among peers.

Coherence Engagingness | Groundedness Naturalness Average

p T p T p T p T p T

Gemma (temp=0.25) | 0.559 0.475 0.614 0.525 0.565 0.529 0.536 0.446 0.568 0.494

Gemma (temp=0.5) 0.548 0.465 0.611 0.525 0.571 0.535 0.540 0.452 0.568 0.494

Gemma (temp=0.75) | 0.547 0.463 0.626 0.536 0.582 0.545 0.509 0.426 0.566 0.492
ReFeR-Pro 0.587 | 0.468 | 0.681 | 0.543 | 0.628 | 0.572 | 0.597 | 0.466 | 0.623 | 0.512
ReFeR-Lite 0.563 | 0.476 | 0.648 | 0.557 | 0.614 0.557 0.574 | 0.480 | 0.600 | 0.517

Method

As we can see the framework has still shown to improve the performance using the
same model for both peers and AC. Hence, we can see that the framework is effective even
with using same model(varying temperatures) for peers and AC. This setting is particularly
helpful when one wants to utilize a single model on the GPU for the entire evaluation.

A.17 Prompts

A.17.1 NLG Evaluation

TopicalChat
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Coherence Peer Prompt
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Coherence AreaChair Prompt
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Engagingness Peer Prompt
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Engagingness AreaChair Prompt
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Groundedness Peer Prompt
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Groundedness AreaChair Prompt
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Naturalness Peer Prompt
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Naturalness AreaChair Prompt
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A.17.2 MultiModal Evaluation

ICQD

Caption Quality Peer Prompt
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Caption Quality AreaChair Prompt
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AGIQA

Image Quality Peer Prompt
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Image Quality AreaChair Prompt
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A.17.3 Reasoning

AQuA

AQuA Peer Prompt
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AQuA area chair Prompt
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BBH DU

BBH DU Peer Prompt
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BBH DU AreaChair Prompt
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CSQA
CSQA Peer Prompt

‘ CSQA area chair Prompt \
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GSM8k
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GSMS8k Peer Prompt

GSMS8k area chair Prompt
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