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Abstract

Reward Models (RMs), vital for large model
alignment, are underexplored for complex em-
bodied tasks like Embodied Question Answer-
ing (EQA) where nuanced evaluation of agents’
spatial, temporal, and logical understanding
is critical yet not considered by generic ap-
proaches. We introduce EQA-RM, a novel gen-
erative multimodal reward model specifically
architected for EQA, trained via our innova-
tive Contrastive Group Relative Policy Op-
timization (C-GRPO) strategy to learn fine-
grained behavioral distinctions. The genera-
tive nature of EQA-RM provides interpretable,
structured reward feedback (beyond simple
scalars), uniquely enabling test-time scaling
to dynamically adjust evaluation granularity,
from concise scores to detailed critiques of
reasoning and grounding, at inference with-
out retraining. Concurrently, we introduce
EQAREWARDBENCH, a new benchmark built
on OpenEQA for standardized EQA reward
model assessment. Demonstrating high sam-
ple efficiency, EQA-RM (fine-tuning Qwen2-
VL-2B-Instruct) achieves 61.9% accuracy on
EQA-RM-Bench with 700 samples, outper-
forming strong proprietary baselines, including
Gemini-2.5-Flash, GPT-4o, Claude-3.5-Haiku,
and open-sourced state-of-the-art models such
as RoVRM and VisualPRM. The code and
dataset can be found here: https://github.
com/UNITES-Lab/EQA-RM.

1 Introduction

Reward Models (RMs) have emerged as a corner-
stone technique in qualifying the quality of out-
put or actions of Large Language Models. De-
sired RMs provide critical signals for refining
model behaviors and enhancing performance, often
through reinforcement learning or selection strate-
gies (Ouyang et al., 2022b; Snell et al., 2024). Ex-
isting generic Reward Models (Zhao et al., 2025;
Liu et al., 2025) often designed for static inputs
or simple outcomes, are proved ill-equipped for

dynamic and interactive domains. Their limita-
tions is amplified in complex tasks such as Em-
bodied Question Answering (EQA). EQA requires
agents to perceive, interact, and reason through se-
quences of multimodal observations and actions to
answer questions within 3D environments (Majum-
dar et al., 2024; Yu et al., 2019). Evaluating the
resulting EQA trajectories necessitates a nuanced
assessment of the agent’s reasoning coherence, ac-
tion appropriateness, and how well language is
grounded within the environment. Yet, existing
RMs are usually trained via generic next-token pre-
diction (Zhao et al., 2025) or classification (Faal
et al., 2023), thus incapable to capture the spatio-
temporal and logical dependencies inherent in em-
bodied tasks. This emphasizes the urgent need for
specialized mechanisms to accurately assess EQA’s
multifaceted success indicators.

To address this, we propose EQA-RM, a novel
multimodal reward model tailored for evaluating
EQA trajectories. Inspired by Zhao et al. (2025),
EQA-RM is designed as a generative reward model
(GenRM). EQA-RM thus is able to produce not only
scalar rewards but also explicit reasoning for its as-
sessments. Such generative capability enhances in-
terpretability and facilitate test-time scaling (Snell
et al., 2024) for performance improvements. To
effectively generate these nuanced evaluations for
EQA, the EQA-RM is trained for enhanced spatial,
temporal, and reasoning processing capabilities,
enabling it to handle the unique multimodal data
streams inherent in EQA tasks.

We train EQA-RM using an efficient two-stage
process. The first stage involves standard Rejective
Finetuning (RFT) (Yuan et al., 2023) to teach the
model the desired output format, which includes
a textual critique and a scalar score. However,
we observed that relying solely on RFT tends to
make the model proficient at generating outputs
in the learned format without necessarily achiev-
ing a deep understanding of crucial trajectory el-
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Question: Are the chairs tucked into the table? Response: No, they are not tucked into the table.

Reasoning Trace: The user is asking about the position of the chairs relative to the tables in the 
video. I need to look at ... Focusing on the chair closest to the camera, it is clearly not pushed fully 
under the white desk. It is pulled out... The other chair at this same desk is less visible, but it also 
appears to be somewhat pulled out... Continuing to pan across this area, the chairs ... appear to be 
in a slightly pulled-out position, ready for use, rather than tucked away. Based on the observation
..., none of the chairs are shown to be fully tucked into the tables or desks. They are all pulled out.

Ground Truth Answer: Yes.

Q

R

T

A
 EQARewardBench

Critique
Score: 4

GPT-4o <critique> The agent's response is well-structured and 
considers multiple frames to assess the position...  The reasoning 
is plausible and internally consistent, as it maintains a clear 
focus on the task of determining whether the chairs are tucked in.  
The logic is coherent, as the agent systematically evaluates each 
image to reach a conclusion.  The visual grounding is accurate;... 
The trace-answer consistency is strong, as the reasoning aligns 
with the final answer provided. </critique> <score>9</score>

EQA-RM <critique> The agent correctly located... the chairs 
and desks in the initial frames. However, the predicted 
answer is incorrect... The chairs are indeed partially tucked 
into the tables, especially at the wooden desks shown in the 
following frames. In terms of overall performance, the agent 
demonstrated reasonable visual grounding and logical 
reasoning, but the predicted answer is misleading... but the 
reasoning itself is sound. </critique> <score>5</score>

Figure 1: EQAREWARDBENCH enables nuanced evaluation of complex EQA trajectories involving spatio-temporal reasoning.
An agent’s reasoning process and response to a question are assessed through detailed critiques and scores provided by reward
models like our EQA-RM and GPT-4o. Within its critiques, EQA-RM explicitly assesses temporal dependencies , spatial grounding
, and reasoning coherence , showcasing better results than GPT-4o.

ements. This potential for supervised finetuning
to primarily capture style rather than substance
in preference learning has been discussed in prior
work (Chen et al., 2025a; Liu et al., 2025). To
address this intrinsic limitation, we employ a rein-
forcement learning approach for the second stage,
which helps the model internalize output quality by
optimizing for rewards, overcoming SFT’s stylis-
tic memorization. Specifically, we design a novel
Contrastive Group Relative Policy Optimization
(C-GRPO) strategy. C-GRPO utilizes rule-based con-
trastive rewards derived from targeted data augmen-
tations. It optimizes EQA-RM’s evaluative acuity by
training it to distinguish policy outputs based on
their evaluation under original, coherent contexts
versus synthetically perturbed ones. We design
the following augmentations for perturbations: ❶

trajectories with shuffled video frames, ❷ frames
with randomly masked spatial regions, and ❸ se-
quences with jumbled reasoning steps. Essentially,
EQA-RM earns a positive reward only when its score
assigned under original, unperturbed conditions is
more accurate (i.e., closer to a preference score)
than its score assigned under the corresponding per-
turbed conditions. By learning this differentiated
accuracy in its scoring relative to preference score,
C-GRPO compels EQA-RM to internalize the impor-
tance of temporal order, fine-grained spatial details,
and coherent logical flow. This cultivates a robust
and discerning evaluative capability for embodied
tasks.

On the other hand, the EQA domain lacks stan-
dardized benchmarks for rigorously evaluating and
comparing reward models. Current EQA task
benchmarks focus on coarse success metrics rather
than the fine-grained trajectory quality crucial for
RM development. To bridge this gap, we in-
troduce EQAREWARDBENCH. Built upon the
OpenEQA dataset, EQAREWARDBENCH features
embodied episode memory videos from two types
of household environments: HM3D () and Scan-
Net (). From the original question-answer pairs, we
construct more comprehensive question-response-
reasoning trace triplets. The benchmark includes
1,546 test instances designed to evaluate reward
models across eight distinct aspects of trajectory
quality (e.g., correctness, grounding, efficiency).
EQAREWARDBENCH thus provides a standard-
ized platform for the rigorous and comparable as-
sessment of reward models on EQA tasks.

Empirical evaluations demonstrate the capabili-
ties of EQA-RM. Based on Qwen2-VL-2B-Instruct,
EQA-RM substantially improves upon its base model
and outperforms existing open-source visual re-
ward models on EQAREWARDBENCH. EQA-RM
also shows test-time scalability. By increasing
evaluative computations at inference, its accuracy
on EQAREWARDBENCH is boosted from 42.47%
to 61.86%. This enhanced performance allows
EQA-RM to surpass leading large commercial mod-
els in accuracy on our benchmark.

In conclusion, our core contributions are: (i) We
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propose EQA-RM, a generative multimodal reward
model with enhanced spatial, temporal, and reason-
ing capabilities tailored for EQA; (ii) We introduce
a EQA Reward Model Benchmark, EQAREWARD-
BENCH, the first dedicated benchmark for standard-
ized evaluation of reward models for EQA. (iii) Ex-
tensive experiments have proved the improvement
of our method for test time scaling.

2 Related Work

Generative Reward Models. Reward Models are
crucial for guiding LLMs outputs (Ouyang et al.,
2022a; Christiano et al., 2017; Ziegler et al., 2019).
To overcome the limitations of scalar rewards and
provide deeper evaluative insights, Generative Re-
ward Models emerged and produced rich, inter-
pretable textual feedback like critiques or expla-
nations (Zhang et al., 2024; Mahan et al., 2024;
Zheng et al., 2023). LLM-as-a-judge method ac-
commodates pairwise critiques to evaluate LLMs
outputs and enhances interpretability (Zheng et al.,
2023). In multimodal domains, GenRMs enable
finer-grained supervision through techniques such
as step-wise reasoning assessment (Wang et al.,
2025c), self-critique (Yu et al., 2025), or Chain-
of-Thought style evaluations(Zhao et al., 2025),
enhancing the performance of Multimodal LLMs.
Embodied Question Answering. EQA chal-
lenges agents to perceive, navigate, and interact
within 3D environments to answer questions, in-
tegrating vision, language, reasoning, and plan-
ning (Das et al., 2018; Gordon et al., 2018). While
datasets like OpenEQA offer rich scenarios for
this task (Wijmans et al., 2019; Kolve et al., 2017;
Majumdar et al., 2024) and EQA methodologies
have advanced towards end-to-end foundation mod-
els (Ahn et al., 2022; Driess et al., 2023), current
EQA evaluation predominantly assesses only final
answer correctness (Majumdar et al., 2024; Das
et al., 2018). This common practice overlooks
crucial trajectory qualities such as reasoning co-
herence and spatio-temporal understanding (Chen
et al., 2025b), creating a significant gap in re-
ward modeling for comprehensive EQA assess-
ment, motivating our development of the special-
ized EQA-RM.
Rule-based RL for LLMs. Reinforcement learn-
ing is increasingly used to refine LLMs for en-
hanced alignment and reasoning capabilities, mov-
ing beyond standard SFT (Schulman et al., 2017;
Ouyang et al., 2022a; Zhai et al., 2024). A key

direction involves rule-based RL, which employs
systematic or synthetic feedback for improved ef-
ficiency and targeted behavior control, with algo-
rithms like Group Relative Policy Optimization
(GRPO) (Shao et al.) notably using relative compar-
isons and rule-defined rewards for complex reason-
ing (Mu et al., 2024; Xie et al., 2025; Wang et al.,
2025b; Xiong et al., 2025). These structured RL
principles are proving vital for training advanced
reward models capable of nuanced multimodal un-
derstanding and for enabling RM self-improvement
with systematic feedback (Feng et al., 2025; Liu
et al., 2025). Our C-GRPO builds on these trends,
utilizing rule-based contrastive rewards from data
augmentations to train a generative RM specific for
EQA tasks.

3 The EQAREWARDBENCH Dataset

To facilitate robust and standardized evaluation of
reward models for Embodied Question Answering,
we construct a new dataset EQAREWARDBENCH.
This section details its generation pipeline, statis-
tics, and splitting strategy.

3.1 Dataset Generation Pipeline

Our dataset construction process builds upon the
OpenEQA (Majumdar et al., 2024), which provides
instances comprising a question, ground truth an-
swer, and associated episode memory. We extend
this foundation in a two-step generation pipeline.
Step 1: Diverse Response Generation. We first
employ the Gemini-2.0-Flash (Team et al., 2023)
model to generate a diverse set of responses for
each EQA instance. Given the episode memory
(vo) and the original question (q) as input, this
model produces multiple pairs of predicted answers
(a) and accompanying reasoning traces (zo). To en-
sure a rich dataset for subsequent reward modeling,
we intentionally solicit a spectrum of predicted an-
swers, encompassing both correct and incorrect
responses, thereby fostering diversity.
Step 2: High-Quality Score Generation. Next,
Gemini-2.5-Pro-Experiment-03-14 generates de-
tailed evaluations. For each Step 1 output tuple of
{episode memory (vo), question (q), predicted an-
swer (a), reasoning trace (zo)}, this model outputs
a textual critique (cr) and a scalar quality score.
This score is an integer ranging from 0 to 10, indi-
cating the quality of the predicted answer and rea-
soning trace. The ground truth answer input at this
stage ensures accurate scores. After human verifica-
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tion for reliability, these scores become our ground
truth scores (sgt). The accompanying critiques (cr),
potentially influenced by this privileged input, are
primarily for analysis and contextualizing sgt, not
for directly training reward models that must oper-
ate without such information during inference. This
process yields a foundational dataset where each
instance is a tuple: {q, a, vo, zo, cr, sgt}, forming
the basis for both EQAREWARDBENCH and the
EQA-RM fine-tuning data.

3.2 Dataset Statistics and Splits

The episode memories (vo) in our foundational
dataset originate from two distinct 3D indoor
environment collections provided by OpenEQA:
HM3D (Ramakrishnan et al., 2021) and Scan-
Net (Dai et al., 2017). These sources contribute 697
and 1,546 instances in our dataset, respectively.

To ensure robust model training, fair evalua-
tion, and prevention of test set leakage, we par-
tition this foundational dataset: ❶ EQAREWARD-
BENCH (DB): designed for evaluating diverse re-
ward models, DB comprises all 823 HM3D in-
stances and 713 ScanNet instances. ❷ Fine-tuning
Dataset (DF ): the remaining 697 distinct ScanNet
instances are exclusively reserved for training our
EQA-RM model.

Crucially, DF and DB maintain no overlap in
underlying episode memory data (e.g., distinct
scenes or trajectories), guaranteeing evaluation in-
tegrity. This splitting strategy enables comprehen-
sive assessment: models trained on DF (ScanNet)
are evaluated against the disjoint ScanNet portion
of DB for in-distribution (ID) performance, and
against its HM3D portion for out-of-distribution
(OOD) generalization. Further details on dataset
composition are provided in Appendix A.

4 Methods

This section details the methodology for training
EQA-RM for nuanced evaluation of Embodied Ques-
tion Answering trajectories. Our approach com-
prises two main stages: Rejective Fine-Tuning
(RFT) to establish baseline capabilities in generat-
ing structured critiques and scores; followed by our
novel Contrastive Group Relative Policy Optimiza-
tion (C-GRPO) strategy to instill deeper sensitivities
to critical aspects of trajectory quality.

4.1 Preliminaries and Notations
We denote the generative reward model we aim to
train as Rϕ. An instance consists of an input ques-
tion q, a predicted answer a, an original reason-
ing trace zo = {zo1, zo2, . . . , zoT }, and the original
episode memory content vo. The episode mem-
ory vo comprises a sequence of N video frames,
vo = {vo1, vo2, . . . , voN}. The desired output of Rϕ

for a given instance is an evaluation composed of
a textual critique cr and a scalar score sr. For
each evaluated EQA instance, there is an associ-
ated ground truth score, denoted sgt.

4.2 Rejective Fine-Tuning
After obtaining the foundational dataset (Sec-
tion 3.1), which includes ground truth scores (sgt)
for each EQA instance {qi, ai, zoi , voi }, we initiate
the training of EQA-RM (Rϕ) with Rejective Fine-
Tuning (RFT). This first stage primarily aims to
teach Rϕ to generate outputs (a textual critique cr
and a scalar score sr) that conform to our desired
structured format and exhibit a baseline level of
quality. The RFT process involves two key steps:
Step 1: Rejective Filtering. To construct the SFT
dataset DRFT , for each instance {qi, ai, zoi , voi }
from finetuning dataset DF , an auxiliary LLM
evaluator Raux generates NRFT candidate eval-
uations. Each candidate evaluation consists of
a critique cauxi,k and a score sauxi,k . Importantly,
{cauxi,k , sauxi,k } are produced based only on the input
{qi, ai, zoi , voi } without ground truth answer. To
ensure data quality for SFT, these candidate evalu-
ations are rejective filtered.

This rejective filtering process aims to remove
"too easy" and "incorrect" candidate evaluations.

An evaluation is considered correct (ϵi,k = 1)
if |sgti − sauxi,k | < τ (τ is score tolerance), and
ϵi,k = 0 otherwise. Let Ei =

∑NRFT
k=1 ϵi,k be the

count of the correct evaluation of instance i. We
select evaluations if:

ϵi,k ∧ (¬(Ei = NRFT ∧NRFT > 0)) (1)

This clause ensures an evaluation is included in
DRFT only if it is "correct" (per ϵi,k = 1) and
not all NRFT evaluations for instance i were
"correct" ("too easy"). Finally, DRFT compris-
ing {qi, ai, zoi , voi } paired with critique and score
{ci, si} that satisfy this rejective filtering process,
is subsequently used for the initial SFT of Rϕ.
Step 2: Supervised Fine-Tuning. The curated
dataset DRFT is employed for SFT of our reward
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model EQA-RM Rϕ. For each sample in DRFT , an
input EQA instance comprising (qi, ai, z

o
i , v

o
i ) is

used to construct a multimodal prompt Pi, which
also incorporates task-specific instructions. The
corresponding output Ti for Rϕ is the structured
string representation of the selected critique ci and
score si from DRFT . The SFT objective is to train
Rϕ by minimizing the negative log-likelihood loss
LSFT (ϕ):

LSFT (ϕ)=−
∑

(Pi,Ti)
∈DRFT

|Ti|∑

t=1

logP (Ti,t|Pi, Ti,<t;ϕ) (2)

where Ti,t is the t-th token of the target sequence
Ti, and Ti,<t represents the sequence of preceding
tokens. This SFT stage primarily teaches Rϕ to
generate outputs in the specified format and estab-
lishes its baseline evaluative capability.

4.3 Contrastive Group Relative Policy
Optimization

While SFT establishes EQA-RM’s basic output for-
matting (critique cr, score sr), it often fails to instill
deep comprehension of episode memory and rea-
soning from the limited finetuning data DF . Our
Contrastive Group Relative Policy Optimization
(C-GRPO) framework addresses this by using tar-
geted contrastive rewards to explicitly train Rϕ for
crucial sensitivities: temporal visual ordering, fine-
grained spatial details, and logical coherence of
reasoning.
C-GRPO trains Rϕ to differentiate its evaluation

scores based on structured contrasts between orig-
inal EQA instance components (qi, ai, zoi , v

o
i ) and

their synthetically perturbed counterparts. These
perturbations include temporally shuffled video
frames (vti from voi ), spatially masked frames (vsi
from voi ), and altered reasoning traces (zri from
zoi ). Rϕ produces scores for the original condition
(So

i ) and for each corresponding augmented con-
dition (St

i , S
s
i , S

r
i ). For St

i and Ss
i , Rϕ scores the

original (qi, ai, zoi ) but is prompted as if the visual
context were vti or vsi respectively. For Sr

i , Rϕ

scores (qi, ai) paired with the perturbed reasoning
trace zri while using the original visual context voi .
Base Outcome Rewards. each evaluation score
sr,i are assessed by the Accuracy Reward (Ra,i):

Ra,i(sr,i, sgt,i) = max(0, 1− (
|sr,k − sgt,i|

10
)2) (3)

and Format Reward (Rf ) is 1 if text output ad-
heres to the specified critique-score structure, and
0 otherwise.

C-GRPO Contrastive Rewards. For an x-
augmented version (x ∈ {t, s, r} for temporal,
spatial, reasoning respectively), let Rx

a,i be the
corresponding accuracy reward. This mechanism
conditionally boosts the Ro

a,i for evaluations of
original instances. For each active augmentation
type x ∈ {t, s, r}: Let Ro

a and Rx
a be the batch-

mean accuracy rewards (Eq. 3) for original and
x-augmented evaluations, respectively. The per-
evaluation boost Rx for the i-th original evaluation
is then defined as:

Rx
i =

{
µ, if Ro

a ≥ δ ·Rx
a

0, otherwise
(4)

where δ = 0.95 and µ = 0.3 are hyperparameters.
This yields boosts Rt, Rs, Rr for active contrasts.
Total Reward. The total reward is:

RA
i = Ro

a +Ro
f + (Rt +Rs +Rr)/3 (5)

Advantage and Policy Update. The advantage
Ai for the i-th evaluation (from G total evalua-
tions) is computed by normalizing the total rewards
{RA

j }Gj=1 within the group:

Ai =
RA

i −mean({RA
j }Gj=2)

std({RA
j }Gj=1) + ϵ

(6)

where ϵ is a small constant for numerical stability.
Rϕ are updated follows the objective of C-GRPO:

JC-GRPO(ϕ) = Edi∼DF

[
1

G

G∑

k=1

(

min
(
rk(ϕ)Ak, clip(rk(ϕ), 1− ϵc, 1 + ϵc)Ak

)

− βK DKL(Pϕ∥Pϕref )

)]
(7)

where rk(ϕ) is the probability ratio, ϕref are param-
eters before the update, ϵc is a clipping hyperpa-
rameter, and Rϕref

is a reference model (typically
the SFT version of Rϕ).

5 Experiments

In this section, our goal is to assess the effective-
ness of EQA-RM and answer the following questions:
• RQ1: How does EQA-RM perform compared to

existing Visual-based Reward Models?
• RQ2: How does the performance of EQA-RM

scale with increased test-time compute?
• RQ3: What is the impact of each com-

ponent of the proposed reward strategy on
EQARewardBench’s performance?
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Figure 2: Overview of training dynamics for EQA-RM’s core reward components of C-GRPO.

Table 1: Main evaluation results on the EQARewardBench dataset. We report Accuracy (Acc) and RMSE for each
method across two environments (HM3D and ScanNet), and their aggregated Overall performance. All results are
shown with differences relative to Qwen2-VL-2B-Instruct model (Better is marked in red; worse is marked in blue).

Models EQARewardBench-HM3D EQARewardBench-ScanNet Overall

Acc ↑ RMSE ↓ Acc ↑ RMSE ↓ Acc ↑ RMSE ↓

VLM-as-a-Judge

Qwen2-VL-2B-Instruct 33.71 3.836 32.44 4.158 33.08 3.997
Gemini-2.5-Flash 61.25↑27.54 4.872↑1.036 58.33↑25.89 3.805↓0.353 59.79↑26.71 4.339↑0.342
GPT-4o 60.17↑26.46 6.847↑3.011 56.72↑24.28 5.313↑1.155 58.45↑25.37 6.080↑2.083
Claude-3.5-Haiku 57.88↑24.17 5.316↑1.480 54.12↑21.68 4.291↑0.133 56.00↑22.92 4.804↑0.807

Standard Visual-Based Reward Models

RoVRM 38.12↑4.41 3.341↓0.495 40.23↑7.79 3.158↓1.000 39.18↑6.10 3.250↓0.747
VisualPRM 40.07↑6.36 3.562↓0.274 37.41↑4.97 3.413↓0.745 38.74↑5.66 3.488↓0.509

Proposed Method

base EQA-RM 39.16↑5.45 3.081↓0.755 45.78↑13.34 2.826↓1.332 42.47↑9.39 2.953↓1.044
w/ test scaling (K=32) 58.65↑24.94 2.918↓0.918 65.06↑32.62 2.537↓1.621 61.86↑28.78 2.727↓1.270

5.1 Experiment Setup

Dataset and Benchmark. All experimental eval-
uations are conducted using our EQAREWARD-
BENCH (DB). The methodology behind it is de-
tailed in Section 3. The evaluation focuses on the
Verifier mode, assessing the RM’s capability to
accurately score pre-generated policy responses
based on the offline-annotated ground truth scores.
Base Model. Our base model is Qwen2-VL-2B-
Instruct (Wang et al., 2024), instruction-tuned for
robust multimodal understanding.
Baselines. We compare EQA-RM against a com-
prehensive set of baseline methods to establish its
relative effectiveness: (1) VLM-as-a-Judge: State-
of-the-art VLMs prompted offline to evaluate EQA
responses on our test set. Including Gemini-2.5-
Flash (Team et al., 2023), GPT-4o (Hurst et al.,
2024) and Claude-3.5-Haiku. (2) Generic Stan-
dard RMs: Adapt existing VLMs or Visual RMs
including RoVRM (Wang et al., 2025a), Visual-

PRM (Wang et al., 2025c).
Evaluation Metrics. We evaluate the performance
of all reward models using the following metrics.
• Accuracy measures the proportion of predictions

where the gap between the predicted score sp

and the target score sgt is within a predefined
tolerance τ . We use the tolerance τ = 2 in the
experiments:

Acc =
1

N

N∑

i=1

I(|spi − sgti | ≤ τ) (8)

• Root Mean Square Error quantifies the average
magnitude of the error between predicted and
target scores:

RMSE =

√√√√ 1

N

N∑

i=1

(spi − sgti )2 (9)

Implementation Details. Training utilized the
AdamW optimizer with a learning rate of 1e − 6
and a batch size of 1. Keyframe selection during
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Table 2: Accuracy performance on the EQARewardBench-Scannet dataset, broken down by EQA question type.
Higher is better for all metrics. All results are shown with differences relative to the Qwen2-VL-2B-Instruct model
(Better is marked in red; Worse is marked in blue).

Models

VLM-as-a-Judge

Qwen2-VL-2B-Instruct 30.30 36.76 38.69 29.41 29.88 38.71 27.34
Gemini-2.5-Flash 69.23↑38.93 62.15↑25.39 61.07↑22.38 38.92↑9.51 51.88↑22.00 64.05↑25.34 61.51↑34.17
GPT-4o 66.39↑36.09 60.00↑23.24 59.84↑21.15 41.51↑12.10 50.00↑20.12 57.39↑18.68 60.68↑33.34
Claude-3.5-Haiku 60.15↑29.85 56.76↑20.00 64.22↑25.53 35.83↑6.42 43.51↑13.63 53.88↑15.17 60.11↑32.77

Standard Visual-Based Reward Models

RoVRM 48.90↑18.60 50.13↑13.37 47.82↑9.13 25.91↓3.50 36.50↑6.62 44.69↑5.98 27.38↑0.04
VisualPRM 29.60↓1.30 42.90↑6.14 43.62↑4.93 39.21↑9.80 33.93↑4.05 41.33↑2.62 29.34↑2.00

Proposed Method

base EQA-RM 36.36↑6.06 50.81↑14.05 51.82↑13.13 26.05↓3.36 21.95↓7.93 45.97↑7.26 35.94↑8.60
w/ test scaling (K=32) 68.18↑37.88 69.73↑32.97 71.53↑32.84 37.82↑8.41 37.20↑7.32 66.94↑28.23 57.81↑30.47

Object
Recognition

Object
Localization

Attribute
Recognition

Spatial
Understanding

Object State
Recognition

Functional
Reasoning

World
Knowledge

training and test to select N = 5 frames for each
episode history video. Further details are provided
in the Appendix B.
Test-time Scaling Configuration. To enhance
EQA-RM’s evaluation robustness, our test-time scal-
ing (TTS) strategy involves sampling K diverse
evaluative reasoning paths from a given EQA tra-
jectory. This is facilitated by a temperature setting
of 0.8 and top-p sampling with p = 0.9. We ex-
plore K values of 1 (no TTS), 2, 4, 8, 16, and 32.
These K assessments are aggregated using either
Majority Voting or Averaging Rewards for continu-
ous scores. This TTS approach enables EQA-RM to
synthesize multiple perspectives, aiming for a more
reliable and comprehensive trajectory assessment
by mitigating single-inference pass limitations.

5.2 Main Results

The overall performance of various reward models
on the EQARewardBench dataset is presented in
Table 1. Our proposed EQA-RM, fine-tuned from
Qwen2-VL-2B-Instruct, is benchmarked against its
base model, other VLM-as-a-Judge methods, and
Standard Visual-Based Reward Models. EQA-RM
demonstrates substantial gains over its base Qwen2-
VL-2B-Instruct model, for instance, improving
overall accuracy by over 9% while also achieving a
markedly lower RMSE. It also consistently outper-
forms standard visual-based RMs like RoVRM and
VisualPRM in both overall accuracy and RMSE,
showing the advantage of our specialized training.

While the base EQA-RM’s accuracy is lower than
leading VLM-as-a-Judge models such as GPT-4o
and Gemini-2.5-Flash, it provides more precise re-
ward signals, evidenced by its considerably lower

RMSE. Crucially, with test-time scaling (K=32),
EQA-RM’s accuracy significantly increases to an
overall score of approximately 61.9%, surpass-
ing these top VLM judges and achieving the best
RMSE. This positions the scaled EQA-RM as the
top-performing model on our benchmark.

5.3 Test-time Scalability

The benefits of test-time scaling for EQA-RM are
demonstrated in Figure 3. As the number of sam-
pled critiques (K) increases from 1 to 32, EQA-RM
exhibits a strong and consistent improvement in per-
formance. Overall accuracy sees substantial gains.
For example, increasing by over 19% on both Scan-
Net and HM3D datasets, alongside a steady de-
crease in RMSE, indicating enhanced prediction
quality. This robust scalability contrasts sharply
with the base Qwen2-VL-2B-Instruct model. Al-
though the latter shows test-time scaling on RMSE,
But it does not exhibit a positive trend in terms of
accuracy with increasing K. This highlights that the
test-time scaling advantage is a specific outcome
of our training methodology for EQA-RM.

5.4 Ablation Studies

Table 3 presents our ablation study on EQARE-
WARDBENCH, reporting accuracy and RMSE
across its HM3D and ScanNet subsets.
Training Stage Analysis. Part A indicates that
RFT alone slightly reduces overall accuracy (-
1.39%) while marginally improving RMSE com-
pared to the base model. This is likely because
RFT, with its limited samples, primarily focuses
on teaching output formatting, which, if used in
isolation, may not enhance broader understanding.
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Figure 3: Effect of test-time scaling (varying K) on EQA-RM performance, comparing EQA-RM and Qwen2-VL-2B-
Instruct on HM3D and ScanNet datasets.

Table 3: Ablation study on core components and reward formulations of EQA-RM. Rb denotes the base accuracy
and format reward. Rt, Rs, and Rr represent the contrastive temporal, spatial and reasoning reward, respectively
(defined in Section 4.3). Configurations in part B are subsequent to the RFT stage and detail the specific reward
formula optimized by C-GRPO. All results are shown with differences relative to the Base Model.

Method Configuration EQARewardBench-HM3D EQARewardBench-ScanNet Overall

Acc (%) ↑ RMSE ↓ Acc (%) ↑ RMSE ↓ Acc (%) ↑ RMSE ↓
A. Core Training Stage and Architectural Ablations:
Base Model (Qwen2-VL-2B-Instruct) 33.71 3.836 32.44 4.158 33.08 3.997
RFT only 32.14↓1.57 3.781↓0.055 31.24↓1.20 3.879↓0.279 31.69↓1.39 3.830↓0.167

B. Specific Reward Formulations (without RFT):
RL (Rb only) 29.12↓4.59 4.132↑0.296 30.54↓1.90 4.035↓0.123 29.83↓3.25 4.084↑0.087
RL (Rb +Rt) (+ Temporal) 31.55↓2.16 4.027↑0.191 32.85↑0.41 3.953↓0.205 32.20↓0.88 3.990↓0.007
RL (Rb +Rs) (+ Spatial) 28.95↓4.76 3.759↓0.077 30.15↓2.29 3.788↓0.370 29.55↓3.53 3.774↓0.223
RL (Rb +Rr) (+ Reasoning) 32.05↓1.66 3.801↓0.035 33.57↑1.13 3.882↓0.276 32.81↓0.27 3.842↓0.155
RL (Rb +Rt +Rs +Rr) 31.24↓2.47 3.812↓0.024 32.94↑0.50 3.935↓0.223 32.09↓0.99 3.874↓0.123

C. Specific Reward Formulations (with RFT):
RFT + RL (Rb only) 33.50↓0.21 3.895↑0.059 31.80↓0.64 4.189↑0.031 32.65↓0.43 4.042↑0.045
RFT + RL (Rb +Rt) (+ Temporal) 32.95↓0.76 3.750↓0.086 35.20↑2.76 4.210↑0.052 34.08↑1.00 3.980↓0.017
RFT + RL (Rb +Rs) (+ Spatial) 30.15↓3.56 3.915↑0.079 29.50↓2.94 4.233↑0.075 29.83↓3.25 4.074↑0.077
RFT + RL (Rb +Rr) (+ Reasoning) 39.30↑5.59 3.152↓0.684 45.50↑13.06 2.984↓1.174 42.40↑9.32 3.068↓0.929
RFT + RL (Rb +Rt +Rs) (+ Temporal + Spatial) 38.27↑4.56 3.015↓0.821 42.76↑10.32 2.755↓1.403 40.52↑7.44 2.885↓1.112
RFT + RL (Rb +Rt +Rr) (+ Temporal + Reasoning) 39.10↑5.39 3.102↓0.734 45.80↑13.36 2.907↓1.251 42.45↑9.37 3.005↓0.992
RFT + RL (Rb +Rs +Rr) (+ Spatial + Reasoning) 39.45↑5.74 2.976↓0.860 45.43↑12.99 2.714↓1.444 42.44↑9.36 2.845↓1.152
RFT + RL (Rb +Rt +Rs +Rr) (EQA-RM) 39.16↑5.45 3.081↓0.755 45.78↑13.34 2.826↓1.332 42.47↑9.39 2.954↓1.043

Reward Components. Ablating RFT pre-training
(Part B) reveals that most subsequent C-GRPO re-
ward formulations underperform the base model
in accuracy, underscoring RFT’s critical role for
effective initialization. With RFT pre-training
(Part C), the reasoning reward (Rr) alone yields
the largest single-component accuracy increase
(+9.32%). Conversely, the spatial reward (Rs),
while detrimental in isolation (-3.25%), improves
performance when combined with other compo-
nents, suggesting a regularizing effect against over-
fitting to specific (e.g., temporal or reasoning) cues.
These results affirm the efficacy of our contrastive
reward design and the importance of RFT cold start
for optimal performance.

5.5 Question Type Performance Analysis

Table 2 presents an accuracy breakdown by
EQA question type on the EQAREWARDBENCH-
SCANNET dataset. Our EQA-RM with test-time scal-
ing (K=32) demonstrates notable strength, achiev-
ing top performance in Object Localization, At-
tribute Recognition, and Functional Reasoning. It

also proves highly competitive in Object Recogni-
tion and World Knowledge against strong VLM-as-
a-Judge baselines. This scaled version of EQA-RM
significantly improves upon its base, surpassing
several VLM judges in these key areas.

6 Conclusion

We introduced EQA-RM, a generative reward model
tailored for nuanced evaluation of complex Embod-
ied Question Answering (EQA) trajectories, along-
side EQAREWARDBENCH, a dedicated bench-
mark for this task. Trained with our novel
Contrastive Group Relative Policy Optimization
(C-GRPO) strategy, EQA-RM learns to assess criti-
cal spatial, temporal, and reasoning understand-
ing. Empirical results demonstrate EQA-RM’s ef-
fectiveness and high sample efficiency, achiev-
ing 61.84% accuracy on EQAREWARDBENCH

through test-time scaling, thereby outperforming
strong proprietary and open-source baselines. This
work presents a significant step towards robust re-
ward modeling in embodied AI, offering tools and
methodologies to foster more capable EQA agents.
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Limitations and Future Work

While EQA-RM and our C-GRPO strategy demon-
strate significant advancements in evaluating EQA
trajectories, we acknowledge several limitations
that also point towards avenues for future research.
Limitations. The current set of contrastive aug-
mentations in C-GRPO, targeting temporal, spa-
tial, and logical aspects, while effective, is prede-
fined. These specific perturbations may not en-
compass the full spectrum of nuanced behaviors or
subtle failure modes encountered in diverse EQA
scenarios. Consequently, EQA-RM’s sensitivities
are primarily shaped by these explicit contrasts.
Secondly, the efficacy of our two-stage training
process relies on high-quality ground truth scores.
In our work, these score values are derived us-
ing a powerful commercial large model (Gemini-
2.5-Pro) conditioned on ground truth answers, fol-
lowed by human verification. Any inherent bi-
ases, limitations, or the specific characteristics of
this commercial model could be subtly reflected
in the score values, thereby influencing the RFT
filtering process and the accuracy reward compo-
nent which guides C-GRPO. While EQAREWARD-
BENCH includes distinct in-distribution (ScanNet)
and out-of-distribution (HM3D) splits based on
OpenEQA environments, the broader generaliza-
tion of EQA-RM to EQA tasks, visual styles, or inter-
action paradigms substantially different from those
in OpenEQA remains an open question. Finally,
although the generative critiques from EQA-RM en-
hance interpretability and enable test-time scaling,
a systematic evaluation of their fine-grained faith-
fulness or their direct utility in, for example, few-
shot learning for policy adaptation, was beyond the
scope of this paper.
Future Work. Building on these limitations, we
plan to explore more adaptive or learned augmen-
tation strategies for C-GRPO to capture a wider
array of desirable EQA agent behaviors, poten-
tially including aspects like efficiency, safety, or
interactivity. Investigating methods to generate or
refine high-quality score values using open-source
models or with more scalable human oversight
would increase the accessibility and robustness of

the dataset creation pipeline. A key direction is
to systematically leverage the rich, structured cri-
tiques from EQA-RM not just for scoring, but also
as direct feedback for improving EQA policy mod-
els, perhaps through distillation or critique-guided
reinforcement learning. We also aim to expand
EQAREWARDBENCH with greater diversity in
tasks, environments, and possibly languages, to
further support the community in developing more
general and robust EQA evaluation methods.

Ethical Statement

The development of EQA-RM and EQAREWARD-
BENCH adhered to ethical research practices. Our
benchmark is derived from publicly available
datasets (OpenEQA, sourcing from HM3D and
ScanNet), and the data we generated (answers, rea-
soning, critiques, scores) does not contain person-
ally identifiable information. The commercial mod-
els used for data generation were accessed via their
standard APIs under their terms of service. We ac-
knowledge the potential for latent biases inherited
from large pre-trained models (both those used for
score generation and the base model for EQA-RM)
and encourage ongoing research into bias detec-
tion and mitigation in reward modeling for embod-
ied AI. While training these models is resource-
intensive, we focused on a sample-efficient ap-
proach with a 2B parameter base model. We intend
to release our benchmark and model to promote
transparency, reproducibility, and further commu-
nity research.
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A Benchmark Statistic

Table 4 details the distribution of instances from
the HM3D and ScanNet environments within these
datasets.

Table 4: Dataset statistics for EQAREWARDBENCH
and the Finetuning set.

Subset EQAREWARDBENCH Finetuning

HM3D 823 0
ScanNet 713 697

Total 1546 697

B Implementation Details

Table. 5 provides a comprehensive list of hyper-
parameters and configuration settings used for the
SFT and C-GRPO training stages of EQA-RM, as
well as for test-time scaling.

C Cases Studies

This section presents qualitative examples to il-
lustrate the evaluation capabilities of EQA-RM.
The case studies showcase how EQA-RM assesses
an agent’s response, reasoning trace, and visual
grounding based on a sequence of observed frames
within an EQA task. These examples provide con-
crete instances of the nuanced feedback generated
by our model.

D Generation Prompts

This section details the specific prompts used in
the generation pipeline for creating the dataset for
benchmark and the Rejective Fine-Tuning stage.
The following pages display the prompt guidelines
provided to the large language models for generat-
ing diverse responses, high-quality scores, and for
formatting the output during the RFT data creation
process.
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Table 5: Key hyperparameters and configuration settings for EQA-RM.

Parameter Category & Parameter Value

Base Model Qwen2-VL-2B-Instruct
Attention Implementation flash_attention_2
Keyframes per Episode (N ) 5
Distributed Training Backend DeepSpeed ZeRO Stage 3
Precision BF16
Gradient Checkpointing True
Max Gradient Norm (SFT & C-GRPO) 5.0
Optimizer AdamW

B. SFT Stage
Input Model Qwen2-VL-2B-Instruct
Learning Rate 1× 10−6

Max Sequence Length 1024
Batch Size (per device × grad. accum.) 1× 1
Number of Epochs 2
GPUs per Node 2

C. C-GRPO Stage
Input Model Output of SFT Stage
Learning Rate 1× 10−6

LR Scheduler Cosine
Weight Decay 0.01
Max Prompt Length 8142
Max Completion Length (|ek|) 768
Batch Size (per device × grad. accum.) 1× 1
Number of Epochs 1
G (Generations per prompt by Rϕ) 8
βK (C-GRPO KL Coefficient) 0.04

Contrastive Mechanism (Eq. 4):
Factor for batch-mean comparison (δ) 0.95
Boost value (µ) 0.3
Min. Ro

acc,k for boost (Hmin_acc) 0.1
Spatial Masking Details:

Mask Size (16, 16)
Mask Ratio 0.15
Mask Value 0.0

Max Pixels (video processing) 401 408
GPUs per Node 8

D. Test-Time Scaling (TTS)
Sampling Temperature 0.8
Top-p Sampling (p) 0.9
K (Number of Sampled Paths) {1, 2, 4, 8, 16, 32}
Aggregation Method Majority Voting and Averaging Rewards
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Rejective Finetuning Dataset Generation Prompt Guideline

Role: You are an Expert EQA evaluator providing structured critique and score based on reasoning
and visual grounding.

Context: You receive:

1. Video Frames

2. User Query

3. Agent’s Response (reasoning_trace, predicted_answer)

Task: Evaluate the Agent’s Response according to the weighted criteria specified below. Output
a critique summarizing your findings.

Evaluation Criteria:

1. Answer Plausibility & Visual Grounding (60% weight):

• Plausibility & Relevance: Assess if the predicted_answer is a plausible and relevant
response to the user_query based on the provided video_frames. Does the answer make
sense in the context of the question and what is visible?

• Visual Confirmation: Can the core elements or claims of the predicted_answer be directly
observed or reasonably inferred from the content of the video_frames? If the answer
describes objects, actions, or states, are these visually verifiable in the frames?

• Specificity: Is the predicted_answer appropriately specific given the user_query and
the visual information available? Avoid being overly general if details are visible,
or overly specific if not supported by frames.

2. Reasoning Trace Quality (40% weight):

• Logic & Consistency: Is the reasoning_trace internally logical? Are there
contradictions or significant logical gaps?

• Visual Grounding: Do descriptive references in the trace (e.g., "first frame", "object
shown") accurately correspond to content visible within the video frames provided?

• Trace-Answer Consistency: Does the predicted_answer logically follow from the steps
and conclusion presented in the reasoning_trace?

Output Structure: Provide your evaluation in the following format. Fill <critique> with your
analysis covering the Evaluation Criteria above. Fill <score> with the final 1-10 weighted
score.

<critique>
[Your analysis and summary covering the Evaluation Criteria]
</critique>
<score>
[Your final 1-10 weighted score of the response based on the critique. Do not always ouput
extreme score (e.g., 10 and 0)]
</score>

BEGIN INPUT
Video Frames (attached)
User Query: {question}
Reasoning Trace: {reasoning_trace}
Predicted Answer: {predicted_answer}
BEGIN OUTPUT
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Benchmark Dataset Generation Prompt Guideline

Role: You are an intelligent Embodied Question Answering (EQA) agent operating within a simulated
indoor environment. You navigate, observe, and reason to answer user questions.

Task: Given a User Query about a simulated environment, generate a detailed response outlining
your simulated process and final answer. You must strictly adhere to the output structure
specified below. Output ONLY a <reasoning_trace> and <predicted_answer>. The trace must show a
step-by-step fine-grained analysis grounded in visual frames.

Output Structure: Produce ONLY the following structured text, using separate <think> tags to
break down your reasoning process into logical steps or phases:

<reasoning_trace>
<think>
[... your reasoning process ...]
</think>
</think>
... (Use additional <think> tags as needed for sufficient logical steps. The more, the better.)
...
<think>
[... Final part of your reasoning process, concluding the analysis ...]
</think>
</reasoning_trace>

<predicted_answer>
[... Your final answer ...]
</predicted_answer>

Key Guidelines:

1. Structure & Flow: Use separate <think> tags to structure your reasoning logically into
distinct steps or phases.

• Start (First <think>): Begin the first <think> block by outlining your understanding
of the query, initial observations about the scene (gist), and your high-level plan
or strategy (Setup).

• Middle (Subsequent <think>s): Each subsequent block should represent a focused,
sequential step (e.g., a key observation, an intermediate deduction, a specific
comparison, a significant focus shift) building logically upon the previous one.

• End (Final <think>): Use the final <think> block to synthesize the key findings
gathered across the previous steps and to clearly justify how this evidence leads to
the predicted_answer.

2. Descriptive Visual Grounding: Ground key observations using descriptive references related
to content, viewpoint, or relative timing (e.g., "the initial overview frame", "the close-up
showing texture", "the view after simulating turning"). You can use time words such as "at
first" "then" "finally", but DO NOT use specific frame number or index. Be specific about
what you observe in the described view.

3. Simulated Interaction & Focus: Narrate simulated focus shifts or navigation descriptively
within the reasoning steps where relevant to the thought process.

4. Confident Uncertainty Handling: YOU MUST ALWAYS OUTPUT THE RESPONSE, no matter whether you
see the asked object or you know the correct answer, ALWAYS output the formatted response. If
evidence is insufficient for the correct answer, confidently generate a plausible incorrect
answer.

5. Natural Language & Flow: Express your reasoning using natural and varied language, as a
human might explain their thought process. Avoid overly robotic or repetitive phrasing
between steps. Ensure the steps flow together smoothly.

6. Fine-Grained Steps: Crucially, aim to break down your reasoning into smaller, more focused
steps. Use a new <think> tag frequently – for distinct key observations, significant focus
shifts, specific comparisons, intermediate deductions, or hypothesis refinements. Prefer
more numerous, concise <think> blocks (e.g., focusing on 1-2 points each) over fewer, lengthy
ones. This clarifies the step-by-step process and provides more points for analysis.

7. Completeness & Relevance: Ensure the reasoning adequately addresses the query and stays
relevant.

BEGIN INPUT
User Query: {question}
BEGIN OUTPUT
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Ground Truth Score Generation Prompt Guideline

Role: You are an Expert EQA evaluator providing structured critique and score based on reasoning
and visual grounding.

Context: You receive:

1. Video Frames

2. User Query

3. Ground Truth Answer

4. Agent’s Response (reasoning_trace, predicted_answer)

Task: Evaluate the Agent’s Response according to the weighted criteria specified below. Output
a critique summarizing your findings.

Evaluation Criteria:

1. Answer Semantic Similarity (60% weight):

• Assess how closely the meaning of the predicted_answer matches the meaning of the
answer_gt.

• Consider synonyms, paraphrasing, and conceptual equivalence. Minor grammatical
differences are less important than semantic accuracy.

• This requires direct comparison with ground truth.

2. Reasoning Trace Quality (40% weight):

• Logic & Consistency: Is the reasoning_trace internally logical? Are there
contradictions or significant logical gaps?

• Visual Grounding: Do descriptive references in the trace (e.g., "first frame", "object
shown") accurately correspond to content visible within the video frames provided?

• Trace-Answer Consistency: Does the predicted_answer logically follow from the steps
and conclusion presented in the reasoning_trace?

Output Structure: Provide your evaluation in the following format. Fill <critique> with your
analysis covering the Evaluation Criteria above. Fill <score> with the final 1-10 weighted
score.

<critique>
[Your analysis and summary covering the Evaluation Criteria]
</critique>
<score>
[Your final 1-10 weighted score of the response based on the critique]
</score>

Important:

1. In the critique, it is strictly forbidden to mention the ground truth answer, which may
cause data leakage, you can only use it for scoring.

2. The response are based on the entire video, but you only receive some key frames of the
video, so there might be some object mentioned in reasoning trace but you can not see. But
for reasoning trace related to the images you see, be strict and think more.

BEGIN INPUT
Video Frames (attached)
User Query: {question}
Answer Ground Truth: {answer_gt}
Reasoning Trace: {reasoning_trace}
Predicted Answer: {predicted_answer}
BEGIN OUTPUT

Table 6: AAn example EQA case study illustrating EQA-RM’s evaluation of an agent’s response, reasoning, and grounding across
a sequence of 5 observed frames.
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EQA Case Study Example: Agent Trajectory Evaluation

Input:
Question: Where is the black backpack?

Predicted Answer: The black backpack is on the floor next to the chair.

Reasoning Trace: "The user is asking to locate a black backpack within the scene depicted in the
images. My initial plan is to examine the series of images, which seem to pan across a room, to
find the object and identify its position relative to other items in the room. The initial images are
focused on the floor near some furniture.", "I start by observing the first few frames. These show a
patterned cushion and a red bag on the floor, close to some wooden furniture, likely the leg of a bed
or desk. I do not see a black backpack in this immediate area.", "As the sequence progresses, the
camera viewpoint shifts, revealing more of the room. I can see a chair, a desk, a bed, a mini-fridge,
and other furniture commonly found in a dorm room. I will broaden my search area to encompass
these new parts of the scene.", "I systematically scan the visible parts of the room, starting with the
area near the desk and bed on the right side of the image sequence. There are items on the desk
and the bed, but no black backpack is immediately obvious in these areas. I also check the floor
around this desk.", "The view continues to expand to the left, showing more of the room, including
another chair in the foreground. I shift my focus to the floor area visible in front of this chair and
between the furniture items.", "Upon examining the floor in front of and slightly to the right of the
chair visible in the foreground, particularly in frames starting around the middle of the sequence, I
can clearly see a black object. This object has the characteristic shape and appearance of a backpack
lying on the floor.", "The black backpack is located on the floor in the central part of the room visible,
positioned next to the wooden chair that is prominently featured in the middle-to-later frames of the
image sequence. It is on the floor near the legs of this chair."
Ground Truth Answer: On the floor, next to the bed.

Ground Truth Score: 7

Output (EQA-RM): As we pan across the room in the images, the initial focus is on the floor near the
bed and desk area. The black backpack is not immediately visible in this initial view. However, as the
sequence progresses and the camera shifts towards the left, the black object on the floor becomes
more prominent. It is situated next to a chair, confirming its location in the room. Therefore, the
black backpack is located on the floor between the bed and the chair. The overall structure of the
room is consistent with a typical dorm room, with a bed, a desk, and some furniture. The backpack
is the only notable object in the floor area visible throughout the sequence, so its presence is easily
identifiable. There is no other object on the floor that resembles a backpack, and the backpack itself
is distinguishable by its shape and color.<critique> The backpack is clearly visible in the room,
located next to a chair on the floor. The presence of the backpack is a clear and distinct object in
the scene, easily identifiable through its shape and color. There is no other object in the floor area
that matches the description of a backpack, and the backpack is the only significant object present in
the scene. The location of the backpack is straightforward, as it is clearly situated between the bed
and the chair.</critique><score>7</score> The backpack is clearly visible in the scene, identifiable
by its shape and color. The location is straightforward and the object is prominent enough to be
easily identified. There are no other objects in the floor area that are similar, and the backpack is
the only item of interest. Therefore, the image provides sufficient information to confidently identify
the backpack, making the response a correct deduction. The visual grounding is accurate, and the
object is clearly located in the scene. The overall quality of the image is adequate for identifying the
backpack. Thus, the score is based on the observed visual evidence and the clarity of the object’s
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identification.

Score: 7
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Table 7: An example EQA case study illustrating EQA-RM’s evaluation of an agent’s response, reasoning, and grounding across a
sequence of 5 observed frames.

EQA Case Study Example: Agent Trajectory Evaluation

Input:
Question: Where can I charge my computer?

Predicted Answer: You can charge your computer using the power strip located on the floor near
the meeting table.

Reasoning Trace: "The user is asking about locations to charge a computer within the room shown
in the images. I need to examine the provided image sequence to identify electrical outlets or power
strips. I will start by looking at the general layout and then scan areas where power sources are
commonly found, such as walls, near the floor, and around tables.", "In the initial frames, I see
a meeting room with a long table, various chairs, windows, a blackboard, and a projector screen.
Sunlight is coming through the windows. I’ll start by looking near the windows and the floor, as these
are common places for outlets or for power strips connecting devices on the table to the wall.", "As I
move through the frames, the camera pans across the room, showing more of the table, chairs, and
windows. I’m specifically looking for wall plates with sockets or any visible power strips or extension
cords.", "In several frames, particularly those showing the area near the table and chairs, I can see
cables running along the floor. Focusing on these cables, in one of the later frames, I clearly see a
white power strip with multiple outlets lying on the carpet near the corner of the table and a chair
with wheels.", "This power strip is on the floor, making it accessible for charging devices used at the
table. It appears to have several available outlets. This is a definitive location where a computer
could be charged.", "Based on the visual evidence from the frames, a power strip was identified on
the floor near the table. This provides a charging location."
Ground Truth Answer: Plug it into the power strip on the floor.

Ground Truth Score: 10

Output (EQA-RM): The user asked where they could charge their computer in the provided room, and
the agent identified a power strip on the floor near the table. This is a common location for charging
devices. The critique focuses on the logical reasoning and the practical identification of the charging
location in the images. The provided answer is correct and directly relevant to the user’s query.
Therefore, the overall critique is positive, and the score is 10.<critique>While the agent’s response is
correct and logical, it could be more concise. It’s always a good idea to provide a clear and direct
answer. The description of the power strip on the floor being near the table and chair wheels is clear,
but it could be better to describe it as a power strip or power outlet located on the floor near the table
and chair. This makes it more specific and easier to locate. However, the core information is there,
and the overall answer is good.</critique><score>10</score>The agent’s performance in correctly
identifying a charging location within the room is commendable, and the response is concise and
clear, fulfilling the user’s request. The slight improvement in wording is minor. Overall, a well-crafted
response that meets the query’s requirements.

Score: 10
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