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Abstract. In real-world deployment, vision-language models often en-
counter disturbances such as weather, occlusion, and camera motion.
Under such conditions, their understanding and reasoning degrade sub-
stantially, revealing a gap between clean, controlled (i.e., unperturbed)
evaluation settings and real-world robustness. To address this limitation,
we propose ROVA, a novel training framework that improves robustness
by modeling a robustness-aware consistency reward under spatio-temporal
corruptions. ROVA introduces a difficulty-aware online training strategy
that prioritizes informative samples based on the model’s evolving capa-
bility. Specifically, it continuously re-estimates sample difficulty via self-
reflective evaluation, enabling adaptive training with a robustness-aware
consistency reward. We also introduce PVRBench, a new benchmark that
injects real-world perturbations into embodied video datasets to assess
both accuracy and reasoning quality under realistic disturbances. We
evaluate ROVA and baselines on PVRBench, UrbanVideo, and VisBench,
where open-source and proprietary models suffer up to 35% and 28%
drops in accuracy and reasoning under realistic perturbations. ROVA
effectively mitigates performance degradation, boosting relative accuracy
by at least 24% and reasoning by over 9% compared with baseline models
(QWen2.5/3-VL, InternVL2.5, Embodied-R). These gains transfer to clean
standard benchmarks, yielding consistent improvements.

Keywords: video-language models · video reasoning · embodied AI ·
model generalization and robustness

1 Introduction

Vision-language models (VLMs) [6, 13, 14, 23, 33, 35, 37] have rapidly advanced
video understanding and reasoning, allowing systems to interpret complex scenes
and perform temporally grounded inference. These capabilities support many
real-world applications, yet a key question remains: are current VLMs robust
enough to operate reliably beyond clean, controlled conditions? In practice, these
models frequently face challenging video streams, corrupted by adverse weather
(e.g., rain, fog, snow), dynamic occlusions (e.g., pedestrians, vehicles, vegetation),
abrupt illumination changes (e.g., glare, shadows, low light), and camera motion
⋆ Corresponding author
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Fig. 1: Failure cases of the baseline model (Qwen2.5-VL) under two representative
perturbations: (a) occlusion (left) and (b) adverse weather (right). The model incorrectly
predicts Turn Left” under occlusion and Turn Right” under fog, despite the ground-truth
being “Go Ahead” in both cases, demonstrating how realistic perturbations mislead
reasoning and motivating the need for robustness-aware training.

induced by vibration or viewpoint shifts. Such perturbations are common in
the real world, yet these models severely degrade perception and lead to brittle
or unreliable reasoning (Fig. 1). For instance, under conditions such as video
occlusion or adverse weather, baseline models may incorrectly output “Turn Left”
or “Turn Right” rather than the ground-truth “Going Ahead.” This gap between
benchmark assumptions and real-world conditions highlights the need for training
frameworks that promote reliable generalization under realistic variability and
uncertainty. A few prior studies [15,38,45] have explored improving the robustness
of VLMs through generic data augmentation, random frame masking, zero-shot,
or adversarial training. However, these methods typically treat robustness as a
single objective, overlooking that different perturbations induce distinct failure
modes. Consequently, they struggle to address structured, semantically meaningful
corruptions common in real-world environments, since perturbation-specific failure
behaviors are not explicitly modeled.

To address this challenge, we propose RObust Video Alignment (ROVA), a
novel training approach for robust vision reasoning under realistic visual distur-
bances. We first apply corruption-based augmentation to generate perturbed
videos. ROVA then measures divergence in reasoning coherence and answer
quality between clean and corrupted videos as a proxy for corruption-induced
difficulty. Moderately difficult instances are used for training, while overly easy
samples are discarded and excessively difficult ones are stored in a temporal
memory buffer for later revisiting. Unlike curriculum learning, which follows
a fixed, easy-to-hard schedule, this self-reflective evaluation estimates the dif-
ficulty and informativeness of each video–query instance based on the model’s
current capability, enabling an adaptive curriculum that prioritizes informative
samples while deferring overly difficult ones through memory replay. Next, we
introduce a dual-branch alignment objective that enforces output consistency
between paired clean and perturbed inputs. This robustness-aware consistency
alignment is guided by reward modeling over reasoning and answer consistency,
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Table 1: Comparison of PVRBench with existing video understanding benchmarks.
#Typ. counts perturbation subtypes. #Cat. counts scene or class categories. Synthetic,
Spatial, and Temporal indicate artificially generated, spatially grounded, and tempo-
rally consistent perturbations, respectively. PVRBench covers 27 tasks covering indoor,
outdoor, and embodied AI scenarios. ‡: An image-level benchmark for reference.

Benchmark
Scale Perturbation Properties Scene Coverage

#Vid. #QA Syn. Real Spat. Temp. #Typ. In. Out. Emb. #Cat.

ImageNet-C‡ [29] 50K 50K ✓ ✗ ✗ ✗ 19 ✓ ✓ ✗ 1K
MVBench [12] 4K 4K ✗ ✗ ✗ ✗ 0 ✓ ✓ ✗ 20
Video-MME [8] 900 2.7K ✗ ✗ ✗ ✗ 0 ✓ ✓ ✗ 30
ALFRED [22] 8K 25K ✗ ✗ ✗ ✗ 0 ✓ ✗ ✓ 7
Ego4D [9] 3.7K 3.8M ✗ ✗ ✗ ✗ 0 ✓ ✓ ✓ 5
VisBench [30] 500 3K ✗ ✗ ✗ ✗ 0 ✓ ✗ ✓ 11
UrbanVideo [40] 1.5K 6K ✗ ✗ ✗ ✗ 0 ✗ ✓ ✓ 16

PVRBench (Ours) 9K 52K ✓ ✗ ✓ ✓ 12 ✓ ✓ ✓ 27

and optimized using group relative policy optimization. Specifically, we enforce
output consistency between paired clean and perturbed video inputs through
reward-guided optimization that evaluates both reasoning and answer consistency,
trained via group relative policy optimization [20].

We further introduce Perturbed Video Reasoning Benchmark (PVRBench), for
evaluating the robustness of video reasoning under diverse realistic perturbations.
Unlike existing benchmarks, including VisBench [30] and UrbanVideo [40], which
primarily evaluate models on curated environments, PVRBench systematically
injects perturbations from 12 corruption styles associated with lighting, camera
motion, occlusion, and weather (Tab. 1), across 27 scene categories. Notably, all
perturbations are spatially aware and temporally coherent, capturing realistic
video disturbances. We observe that performant proprietary models (GPT-4o [11]
/ Gemini-3-Pro [24]) suffer 11–17% and 10–14% drops in accuracy and reasoning,
and open-source models degrade by up to 35% and 26%, respectively, highlighting
robustness gaps in VLMs under realistic conditions.

ROVA consistently outperforms proprietary and open-source models on PVR-
Bench, UrbanVideo, and VisBench across all perturbation types in both answer
accuracy and reasoning quality. Specifically, ROVA surpasses the strongest open-
source baselines of comparable size, Embodied-R, by 17%, while larger variants
(13B/72B) match or exceed leading proprietary models such as Gemini-3-Pro
and GPT-4o. Notably, these improvements extend to clean videos, demonstrating
enhanced generalizability and stronger performance on clean data. Furthermore,
ROVA achieves higher reasoning quality, with improved consistency and belief
scores, reflecting more stable, confident reasoning under visual corruption.

2 Related Work

Robust Training for Multimodal Models. Several works [1, 16, 18, 19, 21, 43]
have explored robustness to distribution shifts and adversarial inputs through
data augmentation [7], test-time adaptation [42], and transfer-based strate-
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gies [3, 25]. However, these approaches primarily address generic perturbations
or optimization efficiency, rather than the structured, semantically grounded
disturbances encountered in real-world video settings. In video reasoning, recent
methods [4, 26, 27, 46] improve efficiency via adaptive frame sampling or data
filtering, but they do not explicitly model realistic corruption patterns [31,36] that
alter scene visibility and temporal coherence. As a result, robustness is treated
as incidental resilience rather than being explicitly modeled during optimization.
In contrast, ROVA incorporates structured and semantically grounded perturba-
tions that reflect realistic environmental disturbances. The proposed architecture
and training objectives enforce representation consistency between clean and
perturbed videos, progressively strengthening disturbance-aware reasoning.
Robust Video Reasoning in Real-World Environments. Recent advances
in video–language models [6, 17, 33, 35, 37] have substantially improved temporal
reasoning and long-horizon embodied planning [2, 5, 32, 34, 39, 41]. However, most
existing benchmarks evaluate models under nearly clean visual conditions [14],
implicitly assuming stable lighting, unobstructed views, and smooth camera
movement. Although robustness is sometimes measured via synthetic textual per-
turbations [28], such evaluations do not capture structured, semantically grounded
visual disturbances encountered in real-world environments. Consequently, no
standardized benchmark systematically integrates realistic disturbances into
embodied video reasoning, leaving a gap between benchmarks and deployment
conditions. In contrast, we introduce PVRBench that integrates semantically
meaningful perturbations into temporally coherent reasoning tasks. Rather than
treating corruption as incidental noise, we ask models to reliably reason about
scene content, even in the presence of disturbances.

3 Training Robust Video Reasoning Models with ROVA

As illustrated in Fig. 2, ROVA, a novel training approach for robust video rea-
soning under real-world perturbations, comprises three stages: we first generate
corruption-augmented video-query pairs via dynamic, physically plausible per-
turbations (Sec. 3.1). Next, a difficulty-aware curriculum performs self-reflective
evaluation to selectively curate informative training samples conditioned on the
model’s evolving capability (Sec. 3.2) . Finally, dual-branch alignment enforces
consistency between clean and perturbed videos via reasoning-aware rewards and
group relative policy optimization (GRPO) (Sec. 3.3).

3.1 Learning with Structured Spatio-Temporal Corruption

We first design a structured spatio-temporal corruption pipeline that models four
realistic disturbances, including weather, lighting, occlusion, and camera motion,
using style-specific, cross-frame coherent masks for spatial perturbations and
temporal shuffling to disrupt temporal order. Unlike generic augmentations that
apply independent pixel or frame perturbations (e.g., random masking, color
jittering) [29], we explicitly model perturbation styles with spatial grounding
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Fig. 2: Overview of ROVA: (1) structured spatio-temporal corruption that generates
realistic perturbations, (2) self-reflective evaluation with difficulty-aware online training
that adaptively prioritizes informative samples, and (3) dual-branch alignment reward
modeling that enforces output consistency between clean and perturbed inputs.

and temporal coherence, yielding structured spatio-temporal disturbances. Each
video is then paired with its corrupted counterpart in a dual-branch alignment
framework to optimize output consistency. Through this design, the model learns
perturbation-invariant representations for robust real-world generalization.

Let a video sequence be denoted as V = {f1, f2, . . . , fT }, where ft ∈ RH×W×C

denotes the t-th frame of height H, width W , and C channels.
Temporal Corruption. To disrupt temporal coherence, we randomly permute
the frame sequence. A permutation π : {1, . . . , T} → {1, . . . , T} is sampled
uniformly at random, and the temporally shuffled video is defined as

Vtemp = {fπ(1), fπ(2), . . . , fπ(T )}, (1)

which completely scrambles temporal order while preserving all frame content.
Spatial Corruption. Rather than coarse block-wise masking that risks remov-
ing critical cues, we apply fine-grained masks across four perturbation styles
m ∈ P = {weather, lighting, camera, occlusion}. For each frame ft, the mask
P

(m)
t = B

(m)
t ⊙ C

(m)
t fuses a binary map B

(m)
t ∈ {0, 1}H×W , where 1/0 denotes

corrupted/clean pixels, with layouts driven by depth awareness or stochastic
sampling, and a continuous modulation map C

(m)
t ∈ [0, 1]H×W encoding per-pixel

effect intensity (e.g., rain strength, shadow depth, blur kernel; see more details in
the appendix.) The corrupted frame is computed as fmasked

t = ft ⊙ P
(m)
t , where

⊙ denotes element-wise multiplication.
Spatio-Temporal Corruption. For each video, a perturbation style m ∈ P is
uniformly sampled to generate the corrupted frame sequence:

V ′ =
{
fπ(t) ⊙ P

(m)
t

}T

t=1
, (2)

where P
(m)
t denotes the smooth, style-specific mask associated with style m. By

jointly introducing temporal order disruption and spatially realistic, continuous



6 Y. He et al.

masking, our approach promotes perturbation-invariant representation learning
while preserving essential visual semantics.

3.2 Self-Reflective Difficulty-Aware Training

Introducing structured visual corruptions exposes the model to a broader spec-
trum of reasoning difficulty than training on clean videos alone. While clean
inputs typically lie within a narrow difficulty range, corrupted versions vary widely
in severity, expanding the diversity of learning signals during training. Crucially,
training is most effective on samples that are neither too easy nor excessively
difficult [27] under the model’s current capacity, as these instances provide the
most informative learning signals and support stable optimization. Rather than
uniformly sampling across the expanded difficulty range, we therefore priori-
tize appropriately challenging examples through a self-reflective, difficulty-aware
strategy that implicitly forms an online curriculum. By continuously focusing on
corrupted samples that provide meaningful learning signals, the model enables
to promote robust and reliable reasoning under realistic visual disturbances.

To this end, we propose a self-reflective, difficulty-aware training pipeline
that implicitly builds an adaptive curriculum in an online manner. Formally,
let Fθ denote a learnable VLM parameterized by θ. We assume that training
video–text pairs arrive sequentially, and let θi denote the model parameters at
training iteration i. At each iteration, ROVA performs two internal steps:
1) self-reflective evaluation, where Fθi estimates the usefulness of incoming samples
for training under its current state; and
2) difficulty-aware selective training, where model updates are performed using
only a subset of samples selected according to the proposed policy.
Self-Reflective Evaluation. At iteration i, the current model F evaluates each
masked video V ′

i and produces a difficulty label d ∈ {easy, difficult, informative}
and a confidence score c ∈ [0, 1], defined as,

d, c = Fθi(qi, V
′
i , Se), (3)

where qi denotes the input query and Se denotes the evaluation prompt (See
details in the appendix). Specifically, d is obtained by prompting Fθi with Se

to compare its responses on clean and corrupted inputs: if the model answers
correctly and consistently, the sample is labeled d = easy; if responses diverge
substantially or are incorrect, it is labeled d = difficulty; otherwise, the sample is
labeled d = informative, indicating moderate uncertainty that is most beneficial
for training. The confidence score c is derived from the model’s output token
probabilities. Unlike traditional curriculum learning with a fixed schedule, our
prompt-based sample-level evaluation dynamically estimates the model’s current
capability and prioritizes informative samples to stabilize the effective training
distribution. Based on d and c, we design the following data selection policy:
(i) high-confidence easy samples (d = easy, c > τ , where τ is a threshold) are
considered as sufficiently learned and filtered out, enabling the model to prioritize
disturbance-sensitive samples that provide strong learning signals.
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(ii) difficult samples (d = difficult) are stored in a temporal memory buffer M
for deferred training and periodically re-evaluated. While potentially informative,
they may yield weak or unstable learning signals under the current model state,
and are revisited once the model has sufficiently improved.
(iii) informative samples (d = informative) as well as low-confidence easy samples
(d = easy, c <= τ) are treated as high-information instances and prioritized for
immediate training.
Difficulty Re-evaluation and Deferred Training with Memory. As the
model improves over time, samples that were previously too difficult to learn from
may later provide meaningful training signals. To leverage this evolving capability,
we introduce a memory-based deferred training mechanism that periodically re-
evaluates difficult instances. Formally, when newly arriving data are evaluated as
difficult, it is stored in a temporal memory bufferM as:

M←M∪ {(q, Ṽ , k = 0)}, (4)

where Ṽ encodes the mask metadata, including perturbation style, parameters,
and spatial-temporal regions. This design allows the corrupted video V ′ to be
regenerated on demand during re-evaluation, avoiding the need to store full video
data. During training, instances in M are periodically re-evaluated under the
updated model. The counter k tracks the number of re-assessments performed for
each sample. For each entry (qn, Ṽn, kn) ∈M, the current model F periodically
re-assesses its difficulty using the current parameter θi:

d′, c′ = F (qn, Ṽn, Se; θi), kn ← kn + 1. (5)

Here, d′ and c′ denote the updated difficulty level and confidence score, re-
spectively. Entries reclassified as informative are immediately used for training,
whereas those labeled easy are removed from the memory buffer. Entries that
remain difficult are retained inM with their re-evaluation counter incremented.

The confidence score c′ serves as an auxiliary diagnostic signal for self-
monitoring and stability analysis, but is not used directly for memory retention
decisions to avoid sensitivity to noisy confidence estimates. As training progresses,
samples that were previously difficult may transition to informative or easy
categories, allowing the curriculum to adapt to the model’s evolving capabil-
ity. However, repeated re-evaluation can lead to unbounded memory growth,
particularly when samples remain persistently difficult or heavily corrupted,
yielding little effective learning signal. To prevent this, we impose a maximum
re-evaluation threshold and evict entries exceeding it:

M←M\ {(q, Ṽ , k) | k > Kmax}. (6)

Overall, the proposed self-reflective, difficulty-aware training framework estab-
lishes a closed-loop mechanism that dynamically adjusts the training data dis-
tribution to the model’s evolving capability. By prioritizing samples based on
estimated difficulty and confidence, the framework selects instances that yield
effective learning signals under corrupted conditions while filtering low-utility
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ones. Although periodic re-evaluation incurs modest computational overhead, this
cost is negligible relative to the high per-sample cost of reinforcement learning
on videos. In addition, selectively discarding uninformative instances leads to
substantial gains in training efficiency, which is discussed in the later section.

3.3 Dual-Branch Alignment Optimization

ROVA trains the model through a dual-branch alignment mechanism that aligns
representations from clean and partially perturbed video inputs. The training
objective enforces consistency between two branches using the proposed reward
modeling combined with GRPO [20]. Here, the clean video branch serves as a
fixed anchor with gradients detached, while the perturbed branch is optimized
to align its outputs with those of the clean branch. Given a group of G paired
samples, the clean branch produces reference outputs {oj}Gj=1 and the perturbed
branch generates aligned outputs {õj}Gj=1. Each pair (oj , õj) corresponds to the
same video query under clean and perturbed visual conditions. We treat a Fθ as
a policy that generates reasoning outputs conditioned on the video inputs:

J(θ) = E(q,V )∼D, {oj}G
j=1∼Fθold (O|q,V )

1

G

G∑
j=1

[
min

(
rjAj ,

clip(rj , 1− ϵ,1 + ϵ)Aj

)
− βDKL

(
Fθ∥Fref

)]
,

(7)

where rj = Fθ(oj |q)/Fold(oj |q), ϵ and β are hyperparameters, and DKL
(
Fθ∥Fref

)
denotes the KL-divergence penalty term. The advantage Aj corresponding to
output oj is calculated from the associated reward set {r1, r2, . . . , rG}:

Aj =
rj −mean

(
{r1, r2, . . . , rG}

)
std

(
{r1, r2, . . . , rG}

) . (8)

Format Reward. The model is required to generate an output oj consisting of
an embodied reasoning process pj followed by a final answer aj , enclosed within
<think></think> and <answer></answer> tags, respectively. Compliance with
this format is verified via a regular expression, producing the format reward rF

j .

rF
j =

{
1, if the format is correct;
0, if the format is incorrect.

(9)

Accuracy Reward. The accuracy reward rAcc
j evaluates whether the extracted

answer oj is semantically consistent with the ground truth g. Multiple-choice
questions typically have a unique and precise answer that can be directly compared
once the response follows the required format.

rAcc
j =

{
1, oj = g;

0, oj ̸= g.
(10)
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Alignment Reward. For each output pair (oj , õj), the alignment reward is
decomposed into reasoning and answer components: rAj = ralign, r

j + ralign, a
j ,

where ralign, r
j = αr · Simr(oj , õj) and ralign,a

j = αa · Sima(oj , õj). Here, αr and
αa weight the respective contributions, with Simr and Sima to measure semantic
consistency in the reasoning process and answer segment (see prompt templates
in the appendix). The total reward combines alignment with three rewards:
Rj = rF

j + rAcc
j + rAj .

With the proposed dual-branch alignment framework, the model is optimized
via GRPO using a combined reward signal, including robustness-aware consistency,
encouraging stable reasoning and answer predictions across clean and perturbed
video inputs, thereby improving robustness and generalization.

4 PVRBench: Evaluating Video Reasoning under Various
Realistic Disturbances

Fig. 3: Overview of the perturbation
types in PVRBench.

Motivation. Existing video reasoning
benchmarks, including MVBench [12],
Video-MME [8], ALFRED [22], Ego4D [9],
and UrbanVideo [40], evaluate models
primarily under clean visual conditions
(Tab. 1). In contrast, real-world deployment
often exposes VLMs to adverse weather,
dynamic occlusions, abrupt illumination
changes, and camera instability. As shown
in Tab. 1, such perturbations can degrade
both accuracy and reasoning quality by 12 to
35%. Although ImageNet-C [29] introduced
the evaluation of corruption robustness for
image classification, no existing benchmark
systematically measures how temporally coherent and spatially grounded visual
perturbations affect reasoning over videos. This leaves a critical blind spot: we
lack the tools to diagnose whether failures under visual corruption arise from
perceptual errors, reasoning fragility, or both.
Construction. To close this gap, we introduce Perturbed Video Reasoning
Benchmark (PVRBench), designed to evaluate the robustness of video reasoning
models under structured, real-world visual variations beyond simple pixel-level
corruption. Our focus is on reasoning reliability, defined as the ability to maintain
coherent and logically consistent inference chains grounded in correct visual
observations and valid causal steps despite degraded video input. PVRBench
integrates four categories of realistic, video-specific disturbances: lighting (dusk,
night, overexposure, shadow), camera motion (translation, zoom, rotation), oc-
clusion (static, dynamic), and weather (fog, rain, snow). Each disturbance is
applied with spatial awareness (e.g., depth-conditioned occlusion placement and
scene-adapted weather rendering) and temporal coherence across frames. The



10 Y. He et al.

benchmark comprises over 9K videos and 51K question-answer pairs spanning di-
verse indoor, outdoor, and embodied scenarios, with 27 task coverage from [30,40],
which exercise a broad spectrum of video reasoning capabilities.
Perturbation Injection. At its core, we generate video-specific masks (Eq. (2))
that contain semantically coherent perturbations conditioned on each video’s
content, including depth layout, object locations, and motion patterns. These
perturbations are contextually adapted to scene semantics; for instance, weather
appears as windshield rain refraction in driving scenes, while occlusions are placed
at plausible foreground locations. For benchmark evaluation, we adopt a static
protocol in which masks are pre-generated and fixed per video to ensure repro-
ducible cross-model comparison, while ROVA training (Sec. 3) uses a dynamic
protocol that generates perturbations on the fly with stochastically sampled
parameters at each iteration to prevent overfitting and promote perturbation
invariant representation learning.
Evaluation Metrics. To quantify reasoning reliability, PVRBench introduces
five complementary metrics (Fragility, Consistency, Belief, Recovery, and Atten-
tion; see Tab. 2) that assess the quality and stability of intermediate reasoning,
as well as final-answer accuracy. To assess reasoning process quality, we leverage
a powerful vision-language foundational model (e.g., GPT-4o) to score reason-
ing traces in coherence, perturbation awareness, and evidence grounding via
a structured template (see prompt templates in the appendix), following the
LLM-as-judge paradigm [10,44].

5 Experiment

5.1 Implementation Details.

Models. We train our model on 4 NVIDIA A100 (80GB) GPUs. For optimization,
we set the ordered group size to G = 8 and the shuffled group size to G̃ = G/2.
Details are provided in the appendix.
Datasets. We use both clean and perturbed video data for training and evaluation.
For training, we curate an outdoor-scene-relevant subset of Video-R1-260k (∼10%
of its video split, filtered by scene category labels) and apply dynamic, randomly
sampled perturbation masks to construct corruption-augmented video-query
pairs. For evaluation, we assess generalization on the proposed PVRBench, which
contains over 51K question answer pairs across more than 9K videos spanning
diverse scene categories beyond the training distribution. Static perturbation
masks are systematically injected to measure model accuracy, reasoning quality,
and robustness under both clean and corrupted conditions. We further evaluate
the generalization of VLMs on standard VisBench and UrbanVideo.

5.2 Main Results

ROVA Performance on PVRBench. We extensively evaluate our approach
on PVRBench and the clean benchmark (Orig.: UrbanVideo and VSI-Bench)
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Table 2: Evaluation on PVRBench. We report accuracy under four visual perturba-
tions (Lighting, Occlusion, camera Shake, Weather) on the left, and reasoning quality
metrics on the right, including Fragility, Consistency, Belief, Recovery, and Attention
(0 - 5 scale; Higher is better, except for Fra (↓)). #Fr : the number of frames, Avg.: the
average performance, and Orig.: the average performance on clean (unperturbed) data.
We exclude Fra. when computing Avg.† and Orig.†.

Answer Accuracy Reasoning Quality

Model Size #Fr Lig. Occ. Sha. Wea. Avg. Orig. Fra.↓ Con. Bel. Rec. Att. Avg.† Orig.†

Proprietar y Models
GPT-4o – 32 .54 .47 .50 .52 .51 ↓14% .59 1.85 3.42 3.55 3.38 3.21 3.39 ↓11% 3.82
Gemini-3-Pro – 32 .57 .52 .54 .55 .55 ↓11% .62 1.72 3.61 3.48 3.58 3.41 3.52 ↓10% 3.91
Claude-3.5-Son. – 32 .45 .41 .44 .45 .44 ↓17% .53 2.08 3.18 3.22 2.95 3.15 3.13 ↓14% 3.65

Video Reasoning Models
Video-R1 7B 32 .43 .37 .42 .41 .41 ↓20% .51 2.48 2.75 2.85 2.68 2.65 2.73 ↓20% 3.42
Video-R1 72B 32 .51 .45 .49 .49 .49 ↓16% .58 2.11 3.25 3.18 3.21 2.98 3.16 ↓14% 3.68
VideoChat-R 7B 16 .36 .31 .36 .35 .35 ↓22% .45 2.65 2.62 2.55 2.71 2.28 2.54 ↓22% 3.25
LLaVA-Video-R 7B 32 .40 .34 .38 .38 .38 ↓21% .48 2.58 2.68 2.61 2.78 2.42 2.62 ↓21% 3.32
Embodied-R 7B 32 .45 .38 .42 .43 .42 ↓22% .54 2.45 2.82 2.91 2.72 2.68 2.78 ↓19% 3.45
+ ROVA (Ours) 7B 32 .52 .46 .49 .51 .50 ↓9% .55 2.25 3.15 3.18 3.22 2.91 3.12 ↓13% 3.58

Open-Source Video LLMs
LLaVA-Video 7B 32 .32 .29 .30 .32 .31 ↓30% .44 2.78 2.45 2.35 2.52 2.25 2.39 ↓23% 3.12
VideoLLaMA2 7B 16 .28 .25 .27 .29 .27 ↓25% .36 2.92 2.18 2.25 2.12 2.15 2.18 ↓28% 3.01
VideoChat2 7B 16 .26 .23 .25 .27 .25 ↓26% .34 3.01 2.08 2.15 2.05 2.02 2.08 ↓28% 2.88
MiniCPM-V 2.6 8B 64 .34 .28 .31 .32 .31 ↓28% .43 2.75 2.48 2.42 2.55 2.21 2.42 ↓24% 3.18
InternVL2.5 8B 32 .31 .26 .32 .33 .31 ↓33% .46 2.85 2.38 2.28 2.42 2.18 2.32 ↓26% 3.15
+ ROVA (Ours) 8B 32 .43 .36 .41 .40 .40 ↓15% .47 2.45 2.82 2.75 2.78 2.58 2.73 ↓17% 3.28
Qwen2.5-VL 7B 32 .35 .28 .34 .34 .33 ↓35% .51 2.71 2.58 2.62 2.68 2.31 2.55 ↓25% 3.41
+ ROVA (Ours) 7B 32 .48 .43 .47 .49 .47 ↓11% .53 2.31 3.05 3.08 2.98 2.85 2.99 ↓15% 3.52
Qwen2.5-VL 72B 32 .48 .41 .44 .47 .45 ↓21% .57 2.18 3.15 3.08 2.92 3.12 3.07 ↓16% 3.64
+ ROVA (Ours) 72B 32 .57 .53 .56 .56 .56 ↓5% .59 1.95 3.45 3.35 3.42 3.18 3.35 ↓10% 3.72
Qwen3-VL 13B 32 .43 .35 .39 .42 .40 ↓25% .53 2.41 2.85 2.92 2.78 2.72 2.82 ↓19% 3.48
+ ROVA (Ours) 13B 32 .53 .49 .52 .54 .52 ↓7% .56 2.12 3.28 3.32 3.18 3.05 3.21 ↓11% 3.62

across diverse backbones, including video reasoning models and open-source
video LLMs ranging from 7B to 72B. As shown in Tab. 2, among dedicated
video reasoning models, ROVA consistently outperforms prior methods. In the
7B setting, it improves the best-performing model, Embodied-R, from 0.42 to
0.50 average accuracy under perturbations (more than 17% relative gain), and
even matches or surpasses the much larger Video-R1 72B. Importantly, it also
achieves consistent improvements in reasoning quality, indicating stable and
reliable reasoning under visual corruption. Most open-source video LLMs suffer
substantial degradation under perturbations, with 21–35% drops in accuracy and
16–28% declines in reasoning quality relative to clean inputs. Notably, ROVA
not only withstands the proposed perturbations but also enhances the model’s
generalization performance, observing consistent gains on PVRBench and across
unseen benchmarks (VisBench and UrbanVideo) in both answer accuracy and
reasoning quality under clean and perturbed videos. These findings suggest
that ROVA is able to learn perturbation-robust representations with strong
transferability, enabling improved robustness and semantic understanding beyond
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Table 3: Training efficiency comparison (Qwen2.5-VL-7B, Orig. Acc. = 0.43; GPU-h
= #GPUs×wall-clock hours). SRE = Self-Reflective Evaluation, DRE = Difficulty Re-
Evaluation, ME = Memory Eviction. Robust. = dual-branch alignment with structured
corruption (Secs. 3.1 and 3.3). Curric. = SRE+DRE +ME (Sec. 3.2).

Training Data Architecture Config. Performance

SFT RL Total Branch Robust. Curric. GPUs GPU-h Avg. Acc.

Std. GRPO — — — Single ✗ ✗ 4×A100 71.6 .45
Naïve Dual — — — Dual ✓ ✗ 4×A100 142.8 .48
Video-R1 165K 260K 425K Single ✗ ✗ 8×A100 339.2 .49
ROVA 6.5K 26K 32.5K Dual ✓ ✓ 4×A100 134.4 .53
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Fig. 4: Analysis of Self-Reflective Evaluation and Difficulty-Aware Training for ROVA
during the first Epoch of Qwen-VL-2.5-7B Training.

the training distribution without domain-specific fine-tuning, while maintaining
superior performance on clean data. Beyond the accuracy and reasoning quality
improvements, Tab. 3 shows that ROVA is highly resource-efficient. Although
the dual-branch design doubles the forward pass, the proposed curriculum (SRE
+ DRE + ME) more than offsets this overhead, reducing GPU-hours by 5.9%
compared to naive Dual-Branch (134.4 vs. 142.8) while improving accuracy from
0.37 to 0.47. Moreover, ROVA surpasses Video-R1 by 23.7% (0.47 vs. 0.38) while
using 60.4% fewer GPU-hours (134.4 vs. 339.2), half the GPUs, and less than 8%
of the training data (32.5K vs. 425K). These results suggest that the dual-branch
alignment objective learns transferable, perturbation-robust representations that
generalize beyond the training distribution without domain-specific fine-tuning,
while maintaining strong performance on clean data.
Analysis of self-reflective evaluation and sample-selective training. We
also analyze the behavior of our self-reflection evaluation mechanism during
training. As shown in Fig. 4a, the discard rate for easy samples increases steadily
over epochs while that for difficult samples declines, indicating that the model
keeps evolving and smarter and prefers to decline more samples as they are
already good at those, Fig. 4a, shows a moderate fraction of samples is discarded
overall, and the model selectively filters low-utility or overly noisy instances rather
than aggressively pruning data. Fig. 4b further illustrates the evolution of the
estimated sample difficulty in training steps. While the total number of discarded
samples is fixed, the composition gradually shifts toward easy samples, reflecting
the improving competence of the model: samples initially deemed difficult are
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Table 4: We compare with five robustness baselines on PVRBench, where the base
model (QwenVL-2.5-7B) uses 16 frames.

Method Venue Accuracy Reasoning GPU-hours

QwenVL-2.5-7B – 0.33 2.55 –
MVTamperBench [1] ACL 2025 0.38 2.68 86.4
Dbl. Visual Def. [44] WACV 2025 0.40 2.74 108.2
PanoDPO [12] ACL 2025 0.43 2.88 146.0
Ro-Bench [32] ICASSP 2026 0.42 2.83 94.6
ROVA (Ours) - 0.47 2.99 134.4

Table 5: Generalization to unseen perturbations on MSRVTT-P and YouCook2-P (“P”
stands for Perturbations).

Benchmark Average Accuracy Average Reasoning

Base ROVA (Ours) Base ROVA (Ours)

MSRVTT-P 0.38 0.46 (+21%) 2.41 2.88 (+19%)
YouCook2-P 0.35 0.43 (+23%) 2.32 2.79 (+20%)

increasingly reclassified as easy as training progresses. This dynamic redistribution
suggests that the self-reflective evaluator captures meaningful learning signals
and adapts the curriculum in a data-driven manner. Fig. 4c demonstrates the
effectiveness of difficulty-aware data selection for training. Compared to random
discarding, our strategy consistently achieves higher accuracy across discard rates,
with an improvement of up to 3.4% on PVRBench. This indicates that selective
removal of samples based on estimated difficulty preserves informative training
signals while avoiding detrimental noise.
Analysis of Performance and Robustness to Perturbations. To thoroughly
evaluate ROVA, we compare it with five representative robustness baselines on
PVRBench (Tab. 4). Using the same base model (QwenVL-2.5-7B), ROVA
achieves the best overall performance, with an accuracy of 0.47 and a reasoning
score of 2.99, substantially outperforming MVTamperBench (0.38/2.68) and
PanoDPO (0.43/2.88). Notably, ROVA yields consistent gains even with lower
training cost (134.4 vs. 146.0 GPU-hours for PanoDPO), showing a favorable
efficiency–effectiveness trade-off. For cross-dataset generalisation on MSRVTT-P
and YouCook2-P with unseen perturbations (Tab. 5), the base model drops
significantly, while ROVA demonstrates strong resilience: compared to the base
model, it improves average accuracy by 21% and 23%, and average reasoning by
19% and 20%, respectively. These consistent gains, on both in-distribution and
out-of-distribution perturbations, indicate that ROVA does not overfit to a specific
training distribution, but learns more discriminative and robust multimodal
representations.

5.3 Ablation Study and Analysis

Ablation of Core Components. We ablate each component of ROVA to assess
its contribution (Fig. 5a). The reasoning reward yields the largest gain, followed
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Fig. 5: Ablation studies of ROVA. (a) Impact of individual components on answer
accuracy. (b) Comparison of corruption mask strategies across perturbation types.
Experiments are conducted using the Qwen3-VL-13B model trained for 3 epochs.

by easy sample discarding, underscoring the central role of semantic reasoning
and targeted curation. The memory module and temporal shuffle provide smaller
but consistent gains, serving as complementary regularizers that stabilize training
and enhance robustness.

Ablation of Mask Styles. We explore the generalizability of the proposed
structured masking strategy compared to random masking baselines. As shown
in Fig. 5b, models trained on only two corruption mask styles achieve strong
in-domain performance on the perturbation types seen during training, and more
importantly, transfer effectively to held-out perturbation types (highlighted in
red): out-of-domain performance remains close to in-domain results while both
consistently surpass fixed-shape and pixel-level random masking by a significant
margin (6 - 9% absolute). This indicates that structured, perturbation-aware
masks capture transferable corruption patterns rather than overfitting to specific
disturbance types, confirming that a small subset of mask styles suffices to achieve
broad robustness under diverse real-world disturbances.

Table 6: Ablation study of the reward
model on PVRBench using commer-
cial and open source VLMs.

Reward Judge Acc. Avg.† Free

GPT-4o .470 2.99 ✗

Qwen3-13B .467 2.97 ✓

Qwen2.5-7B .463 2.95 ✓

Ablation of reward models. Notably, our
LLM judge (GPT-4o by default) outper-
forms rule- or embedding-based matching in
evaluating semantic consistency across rea-
soning traces and final answers. Replacing it
with open-source models (e.g., Qwen3-13B)
yields comparable results, suggesting that
the approach generalizes beyond proprietary
APIs (Tab. 6). In contrast, more granular reward designs, such as conditional
alignment or step-level consistency, introduce additional variance that destabilizes
GRPO and degrades performance, further supporting LLM-based evaluation as
the most effective approach.
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1. Navigation under Heavy Rain 2. Trajectory Planning under Rain

Question:

Answer:

Reasoning:

Question:

Answer:

Reasoning:

Based on the video frames captured during heavy rain, 
should the agent move backward or turn left to each 
the tower crane?

Start from the scooter lane in the park, turn left to face 
the street, rise to building height, then move forward 
and slightly downward to reach the store.

The video shows the agent starting from the scooter 
lane in the park, turning left to face the street, rising 
to building height, and then moving forward slightly 
downward to reach the destination.

By analyzing the spatial relationship in the video 
frames, the tower crane is located directly behind the 
agent's current viewpoint, requiring backward rather 
than a left turn to reach the target.

Turn left from the park, rise to building height, then 
move forward and downward to the store.

Based on the video frames showing the path from the 
park to the store, which trajectory correctly describes 
the agent's path?

Fig. 6: Qualitative examples of ROVA-trained Qwen2.5-VL-7B performing obstacle
avoidance and target identification under night-time low-light conditions.

5.4 Qualitative Analysis

We further validate the robustness of ROVA through qualitative examples on
representative tasks in Fig. 6. Even in challenging scenarios where adverse
weather or visual disturbances significantly degrade visibility, ROVA remains
effective, correctly reasoning about the scene and task requirements. For instance,
when heavy rain and glare obscure key visual cues, ROVA can still infer spatial
relationships and scene structure, and when large objects block the field of view,
it correctly reasons about the underlying layout rather than relying on partial
appearances. This shows that ROVA reliably interprets and reasons in visually
impaired conditions, demonstrating robustness beyond controlled settings and
confirming its effectiveness in difficult, realistic environments.

6 Conclusion

In this work, we present ROVA, a robust training framework for embodied video
reasoning that leverages structured spatio-temporal corruptions, dual-branch
alignment, and self-reflective data curation to learn perturbation-robust repre-
sentations. To evaluate robustness under realistic disturbances, we introduce
PVRBench. We show that ROVA consistently improves robustness under di-
verse real-world perturbations in video inputs while also improving performance
on clean video–question pairs. These contributions provide both a principled
benchmark and a practical training recipe, enabling future studies on broader
perturbation families and more complex long-horizon embodied tasks.
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