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Abstract— Building generalist embodied agents capable of
solving complex real-world tasks remains a fundamental
challenge in AI. Multimodal Large Language Models (MLLMs)
have significantly advanced the reasoning capabilities of such
agents through strong vision-language knowledge and chain-of-
thought (CoT) reasoning, yet remain brittle when faced with
challenging out-of-distribution scenarios. To address this, we
propose Verifier-Guided Action Selection (VEGAS), a test-time
framework designed to improve the robustness of MLLM-
based embodied agents through an explicit verification step.
At inference time, rather than committing to a single decoded
action, VEGAS samples an ensemble of candidate actions and
uses a generative verifier to identify the most reliable choice,
without modifying the underlying policy. Crucially, we find that
using an MLLM off-the-shelf as a verifier yields no improvement,
motivating our LLM-driven data synthesis strategy, which
automatically constructs a diverse curriculum of failure cases to
expose the verifier to a rich distribution of potential errors
at training time. Across embodied reasoning benchmarks
spanning the Habitat and ALFRED environments, VEGAS
consistently improves generalization, achieving up to a 36%
relative performance gain over strong CoT baselines on the most
challenging multi-object, long-horizon tasks. Code is available
at https://github.com/nishadsinghi/vegas.

I. INTRODUCTION

A longstanding goal in Al is to create embodied agents that
operate autonomously in physical environments to accomplish
complex tasks specified through natural language [1], [2],
such as navigating to target locations [3] and manipulat-
ing everyday objects [4], [5]. Recently, Multimodal Large
Language Models (MLLMs), pretrained on Internet-scale
vision-language data, have emerged as a promising foundation
for building such agents, owing to their strong perceptual
and linguistic generalization [6], [7], [8]. While early efforts
relied on the zero-shot capabilities of MLLMs [7], [9],
[10], finetuning on embodied data—either via supervised
learning [11] or reinforcement learning [8], [12], [13]—yields
significant improvements. More recently, incorporating Chain-
of-Thought (CoT) reasoning has further enhanced decision-
making by enabling agents to reason step-by-step before
acting [14], [15], [16], [13]. Despite this progress, MLLM-
based embodied agents remain brittle in out-of-distribution
scenarios and long-horizon settings [6]. For instance, an agent
might reliably execute “bring me a banana” but fail when
the same goal is phrased as “bring me a yellow curved fruit.”
Similarly, an agent trained on single-object pick-and-place
may fail on a multi-step task such as cleaning an apple and
placing it in a cabinet.

We observe that a key factor underlying these failures is that
agents cannot recognize mistakes in their reasoning process
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Fig. 1: Overview of Verifier-Guided Action Selection
(VEGAS). Given a task instruction, standard policies decode
a single action that may be incorrect under distribution shifts
(right). VEGAS, samples multiple candidate actions with
reasoning traces, evaluates them using a generative verifier,
and executes the highest-scored action (bottom). This test-time
verification substantially improves robustness in challenging
out-of-distribution scenarios involving long-horizon tasks.

and correct them at test time. In particular, they commit
to a single greedily decoded action at each step with no
opportunity for self-correction. In contrast, humans routinely
consider multiple candidate actions, mentally evaluate their
likely outcomes, and commit only to the most promising one,
effectively performing verification before acting. This idea
has a direct computational analogue: recent work on scaling
test-time compute shows that sampling multiple candidate
solutions and selecting the best one via a learned verifier
substantially improves LLM performance in domains such as
coding and mathematics [17], [18], [19]. However, extending
verification to high-level embodied reasoning poses distinct
challenges: unlike mathematics or code, embodied agents
operate under partial observability and must reason about



semantic task progression from egocentric observations alone,
with compounding errors over longer horizons. Yet verifica-
tion for such embodied reasoning is largely unexplored.

To bridge this gap, we introduce Verifier-Guided Action
Selection (VEGAS), a framework that improves the robust-
ness of MLLM-based embodied agents by incorporating an
explicit verification step at test time. Concretely, at each
timestep VEGAS samples multiple candidate actions from
the policy, each accompanied by a Chain-of-Thought rationale.
A learned generative verifier [20], [21] then evaluates each
candidate by producing an explicit reasoning trace followed
by a correctness judgement, and the agent executes only
the highest-scoring action (see Figure 1 for an overview).
A critical finding is that using an MLLM as a verifier off-
the-shelf yields no improvement over the base policy —
general-purpose language understanding alone is insufficient
for embodied verification. This motivates specialized verifier
training; however, standard embodied datasets contain only
successful demonstrations, providing no signal for what
constitutes an incorrect action. To address this, we intro-
duce an LLM-driven pipeline that automatically synthesizes
diverse, realistic failure trajectories paired with verification
annotations, constructing a rich curriculum of both correct and
incorrect examples without additional human data collection.

VEGAS yields consistent improvements on embodied
reasoning benchmarks [22], [8], [23], raising average success
rates from 65% to 71% on LangR and from 44% to 49% on
EB-ALFRED over strong CoT baselines, while significantly
improving larger off-the-shelf policies.

Our key contributions are:

1) We propose Verifier-Guided Action Selection (VEGAS), a
test-time verification framework for high-level embodied
reasoning that samples diverse candidate actions and uses
a learned generative verifier to select the most reliable one
at each timestep. We find that using MLLMs off-the-shelf
as verifiers does not improve performance, motivating our
specialized training pipeline.

2) Training a verifier requires demonstrations of both correct
and incorrect actions, yet embodied datasets typically lack
the latter. To address this, we introduce an automated,
LLM-driven pipeline that synthesizes diverse and realistic
failure trajectories paired with verification annotations,
without additional human data collection.

3) Extensive experiments in Habitat 2.0 [22], [8] and AI2-
THOR [23] show that VEGAS consistently improves over
strong CoT baselines, scales more effectively with test-
time compute than Self-Consistency [24], and generalizes
to large, off-the-shelf policies.

II. PRELIMINARIES

Problem Formulation. We formulate the agent’s task
as a sequential decision-making problem under partial ob-
servability. The agent’s objective is to generate a sequence
of actions aq,...,ar to accomplish a goal specified as a
natural language instruction I (e.g., “Bring an item that can
be used for cutting to the left counter”). At each timestep

t, the agent receives an egocentric RGB image o, as its
observation. The agent’s true underlying state s; is not directly
accessible. The agent must decide on its next action a; based
on the goal I and its history h; composed of all its past
observations and actions (01, a1, ...,0¢—1,at—1,0¢). Our aim
is to learn a policy 7 that maps the goal and history to the
next action: w(a¢|I, 01.¢,a1.+—1). The action space A consists
of high-level semantic actions, such as pick (apple) and
navigate (table). Following prior work [8], [6], we
assume an oracle low-level policy that executes these high-
level actions once selected.

Policy Architecture. We instantiate the policy 7 as a
multimodal large language model (MLLM) that takes visual
and text tokens as input and autoregressively generates
text tokens as output. Given the goal in the form of a
text instruction I and the history h; as input, the policy
autoregressively emits an output token sequence y; = (c¢, at).
Here, c; is an optional chain-of-thought rationale (a possibly
empty sequence of text tokens) followed by the action token
sequence a;. Following [12], the actions are encoded in
natural language (e.g., “pick (apple)”), and the output
can be extracted to obtain the action a;, which is sent to the
environment to be executed by the low-level policy [8], [6].

Policy Training. We train the policy via imitation learning
on expert demonstrations D = {7}, where each trajectory
T= (I, (01,a1),...,(or, aT)) depicts a successful execution
of the task. The model is fine-tuned via supervised next-token
prediction to maximize the likelihood of the expert output
y+ = (e, at), computing the loss only over output tokens,
including the CoT prefix ¢; when present.

III. VEGAS: VERIFIER-GUIDED ACTION SELECTION

The core idea of VEGAS is to augment a base policy
with a learned verifier that, at each timestep, evaluates
candidate actions and identifies the most reliable one before
execution. Because off-the-shelf MLLMSs fail as verifiers (as
we will show in Sec. IV-A), we train a dedicated generative
verifier on automatically synthesized failure data (Sec. III-A).
Concretely, VEGAS operates via a Best-of-N procedure: at
each timestep, the policy samples N candidate actions, the
generative verifier [20], [21] evaluates each one by producing
a verification reasoning trace followed by a correctness
judgement, and the highest-scoring action is executed. Unlike
discriminative verifiers that directly output a score [17], [25],
generative verifiers think step-by-step before assigning a score,
which has been shown to yield stronger performance while
also making the scores more interpretable [20].

A. Synthetic Reasoning and Verification Data

CoT Augmentation. We start with a dataset of successful
(‘4+7) trajectories, Dt = {77}, where a trajectory 7
consists of the instruction I, and interleaved observations
o and actions a, 7+ = {I,01,a],00,a],...}. A model
trained on these trajectories will directly output the next
action given the observation. However, research in language
reasoning and embodied Al has shown that thinking step-
by-step can significantly improve the reasoning abilities of
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Fig. 2: Synthetic data generation and training workflow for the verifier. Successful trajectories are first processed by an
LLM to produce chain-of-thought rationales for each action. Then, an LLM introduces realistic and diverse errors into these
trajectories and annotates every action with a verification. This dataset is used to train a verifier through supervised finetuning.

models [14], [15]. To train embodied agents that can think
step-by-step, similarly to [16], we prompt a teacher LLM
(e.g., OpenAl 03) to augment every action with a chain-
of-thought reasoning, c;", explaining why the agent should
perform the expected action aj' given the previous inputs
I,01,a7,...,0;. This gives us a new dataset DgOT = {Tg?oT},
with 70, = {I,01,(ci,af),02,(cd,a3),...}. Note that
this procedure only augments every action a; with a chain-
of-thought, and does not change the sequence of actions
in the trajectories. Unlike [16], which grounds reasoning
traces in visual features such as object and gripper positions
for fine-grained manipulation, we target high-level semantic
reasoning for tasks requiring long-horizon planning and
linguistic interpretation, yielding DJCCOT.

Synthetic Failures for Verifier Training. To train a verifier,
we require examples of both correct and incorrect actions.
Because existing datasets rarely include failed executions, we
introduce an automated and scalable pipeline that synthesizes
unsuccessful trajectories. For each successful trajectory 77+,
we prompt a large language model (e.g., OpenAl 03) to
produce a corresponding failed trajectory 7—. The model
generates realistic and diverse mistakes that span a broad
range of failure modes in challenging scenarios, including
wrong object (e.g., bringing an apple when the task requires
a banana), wrong receptacle (e.g., placing an item on the
sofa instead of the bed), and precondition violation (e.g.,
attempting to turn on a microwave without opening it first).
We provide examples of synthetically generated incorrect
actions in Figure 2.For both 77 and 7~, we prompt the model
to annotate every action with a verification consisting of chain-
of-thought reasoning and a final binary judgement of the
form action_is_correct: yes/no. These annotated
samples provide the supervision used to train the verifier.

B. Verifier Training and Inference

We fine-tune an MLLM as a verifier that takes as inputs
the instruction [, all previous actions ai,aso,...,a;—1, and
the current observation o, chain-of-thought c;, and action a;
sampled from the policy. It outputs a verification v; consisting
of a chain-of-thought and a verdict. The verifier is trained
via supervised finetuning on the data described in Sec. III-A
using the same next-token prediction objective as the policy

(Sec. II). This process is illustrated in Figure 2.

During inference, at time ¢, we sample N candidate actions
from the policy: (c,(51)7a(1))7 gc?), aff )y eens (CEN), agN)). We
pass each candidate (c§n€7 a{™) to the verifier and, following
the original GenRM procedure [20], sample M verifications
per action to reduce variance, each consisting of a verification
chain-of-thought and a verdict. The verdict can be mapped
to a score (‘yes’ = 1 and ‘no” — 0), giving us M scores
per action. We average these scores to obtain a final score
for every action, a§"). Finally, we select the highest-scoring
action (Best-of-N): a; = argmax,, [y [o,g")]. The selected
action a; is then executed in the environment, and the process
repeats at the next timestep.

IV. EXPERIMENTS
A. Verifiers Improve Generalization Only When Finetuned

We analyze the effect of verification on the LangR bench-
mark (Table I). Fine-tuning with CoT supervision achieves
65% average success rate, surpassing prior state-of-the-art
SemLang [12] and establishing a strong baseline.

We then evaluate whether verification can further improve
the CoT policy. Using the same Qwen2.5-VL-3B-Instruct
model as a zero-shot verifier (+ ZS Verifier) does not mean-
ingfully improve over the CoT baseline and, in fact, slightly
hurts average performance (64% vs. 65%). This shows that
the Best-of-N selection paradigm alone is insufficient; without
task-specific training, the verifier cannot reliably distinguish
correct actions from incorrect ones. In contrast, equipping
the CoT policy with our finetuned verifier (VEGAS) raises
performance to 71%, with consistent gains across all task
categories. The improvements are particularly pronounced
in challenging scenarios such as Multiple Objects, where
VEGAS provides roughly a 36% relative improvement over
CoT alone and doubles performance compared to No-CoT.
These results demonstrate that the gains of VEGAS stem
not from sampling multiple candidates per se, but from our
synthetic failure generation and verifier training pipeline.

To test whether these findings generalize beyond LangR,
we repeat the evaluation on EB-ALFRED (Table II). Our
CoT policy, obtained by fine-tuning Qwen2.5-VL-3B-Instruct,
achieves an average success rate of 44%, as shown in Table II.
This surpasses Qwen2.5-VL-72B-Instruct (success rate 30%),



Paraphrastic Robustness

Behavioral Generalization

Approach Average

. Irrelevant Referring Multiple Novel Multiple .

Rephrasing Context Conditional
Text Expressions  Rearrange Objects Objects
Prior Work
LLaRP (LLaMa-7B) [8] 46 £2 | 92+£2 34+2 322 262 475 954 0+1 39+3
SemLang (LLaVA-1.5-7B) [12] | 58 +1 | 92+1 46+14 66+6 313 806 970 2+2 464
Policy only (Qwen-2.5-VL-3B-Instruct)
No-CoT 58 93 39 72 48 68 97 17 28
w/ CoT 65 98 50 85 59 64 97 25 42
w/ CoT policy + Verifier (Qwen-2.5-VL-3B-Instruct)

+ ZS Verifier 64+2 | 98+x1 503 8 +5 48+x4 65+4 970 30x4 40«3
+ FT Verifier (VEGAS) 71+£1 ) 99+1 52+2 92+1 623 821 97+0 34+2 48+2

TABLE I: Success rates on the LangR [8] benchmark. The No-CoT, w/ CoT, and VEGAS models are based on Qwen-2.5-
VL-3B-Instruct. ZS and FT refer to zero-shot and finetuning, respectively. For verifier-based approaches, results are averaged
over three runs. The No-CoT and CoT variants use greedy decoding for action selection, yielding deterministic outcomes. Our
proposed approach combineing chain-of-thought reasoning with a finetuned verifier, consistently outperforms all baselines.

Approach Average Base Common Compl.ex Lo.ng Spatial Visual
Sense Instructions  Horizon Appearance
Finetuned Policies
Qwen-3B w/ CoT 44 62 40 58 22 34 48
+Qwen-3B ZS Verifier 44 +2 64 +2 41+ 7 53+5 24 + 35+4 46 + 2
+Qwen-3B FT Verifier (VEGAS) 49+2 | 67%5 46 + 2 62 +3 34 43 +3 41 £ 1
Gemma-4B w/ CoT 48 62 50 56 28 34 56
+Gemma-4B ZS Verifier 48 +2 66 £ 0 55+1 61 £5 27 +£3 32+4 49 + 6
+Gemma-4B FT Verifier (VEGAS) 511 67 £ 1 56 =0 67 =1 25 %1 37+1 53+6
Zero-shot Policies
Qwen-2.5-VL-72B 30 28 38 34 12 38 32
+Qwen-3B FT Verifier (VEGAS) 381 45+ 3 39+6 44 +7 15+3 36 £3 47 + 1
Gemma-3-27B 19 24 24 26 0 24 18
+Qwen-3B FT Verifier (VEGAS) 23+0 | 30+2 29 +1 27 £ 1 2+2 23 + 1 25+ 1
InternVL-3.5-38B 24 32 26 26 10 18 30
+Qwen-3B FT Verifier (VEGAS) 35+2 | 38+2 36+5 39+5 27 +£3 26 + 2 41 +3

TABLE II: Success rates on EB-ALFRED [6]. ZS and FT refer to zero-shot and finetuning, respectively. The CoT policy

employs greedy decoding, producing deterministic outcomes.
finetuned verifier consistently outperforms the CoT policy as

Results involving verifiers are averaged over three runs. Our
well as the zero-shot verifier. Further, our finetuned verifier

improves performance of larger policies, showing cross-model generalization.

a ~20x larger model, and the best open-weights model
reported on EB-ALFRED [6], thereby establishing a strong
baseline. As on LangR, using the same model as a zero-
shot verifier (+ ZS Verifier) does not improve over the CoT
baseline (44% vs. 44%). In contrast, equipping the policy
with our finetuned verifier (VEGAS) raises performance
to 49%, confirming that task-specific verifier training is
essential for effective verification. To assess whether these
findings generalize beyond a single backbone, we repeat
the experiment with Gemma-3-4B [26], fine-tuning both the
CoT policy and the verifier. We observe the same trends:
the zero-shot verifier provides no meaningful gains, while
VEGAS improves the average success rate to 51%. This
consistency across two different model families demonstrates
that the benefits of VEGAS are not architecture-specific
but arise from the finetuned verifier itself. Taken together,
our results on LangR and EB-ALFRED demonstrate that
verifying actions at test time can substantially enhance the
generalization capabilities of embodied agents in challenging
scenarios.

Verifier-Guided Improvement of Large Policies. We evalu-

ate whether a small, finetuned verifier can improve large
policies it was never trained with — a practical setting
where large models are inaccessible for fine-tuning. We pair
our Qwen2.5-VL-3B-Instruct verifier with several zero-shot
policies on EB-ALFRED (Table II). Our verifier consistently
improves every policy it is paired with; most notably, it
improves Qwen-2.5-VL-72B—a model ~20Xx its own size—
from 30% to 38%, demonstrating that a compact verifier can
meaningfully enhance policies far beyond its own scale.

V. CONCLUSION

We introduced Verifier-Guided Action Selection
(VEGAS), a test-time framework that improves the out-of-
distribution robustness of embodied agents via an explicit
verification step. Using an automated pipeline to synthesize
failure trajectories for verifier training, VEGAS achieves
consistent gains on LangR and EB-ALFRED, including over
significantly larger off-the-shelf policies. Our analyses show
that verifier finetuning is essential for reliably leveraging
additional test-time compute.
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