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Abstract

Reinforcement learning (RL) has emerged as an effective
approach for improving video reasoning in multimodal
large language models (MLLMs). However, existing meth-
ods remain inefficient for two reasons. First, training data
are typically organized by task formats rather than under-
lying reasoning abilities, creating a mismatch that encour-
ages models to learn task-specific patterns instead of trans-
ferable capabilities. As a result, improving ability gener-
alization requires broad coverage over many ability-task
combinations, making RL training costly. Second, prior
work often compensates for this inefficiency with increas-
ingly complex algorithmic designs, such as specialized tem-
poral architectures or multi-objective reward frameworks,
which further complicate training. To address these issues,
we present VAST, a cognitive taxonomy and data organi-
zation framework that structures video understanding into
three layers: Perception, Reasoning, and Cognition. Based
on this taxonomy, we construct VAST-15K for training and
VAST-Bench for evaluation. We further introduce Video-
VAST, a reinforcement learning framework that uses con-
sistency rewards to encourage alignment between reason-
ing traces and final answers, without architectural modifi-
cations. Experiments show that VideoVAST achieves 66.3%
accuracy on MVBench and 57.4% on VAST-Bench, com-
pared with 62.7% and 54.3% for Video-R1, while using ap-
proximately 72% fewer GPU hours and 96% fewer train-
ing samples under the same training settings. Code and
resources are available at https://zhongan—wang.
github.io/VAST.

1. Introduction

Reinforcement learning (RL) has improved the reasoning
capabilities of large language models (LLMs) [15, 66]. Fol-
lowing the success of reasoning-oriented models such as
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Figure 1. Motivation and overall VAST framework. (a) Cog-
nitive development perspective that motivates a progression from
perception to reasoning and cognition in video understanding. (b)
Comparison of layer distributions between existing video reason-
ing datasets and VAST-15K. (c) Training efficiency and perfor-
mance of VideoVAST and Video-R1 under the same settings.

DeepSeek-R1 [15], RL-based approaches have been ex-
tended to visual domains. Image-based methods [41, 43,
51] have shown notable gains on visual question answer-
ing and image reasoning, enhancing multi-step deduction
and reducing hallucinations. Recent work further applies
RL to video understanding [7, 21, 55], enabling models to
integrate information across frames for complex reasoning
about entities, events, and causal relationships.

However, endowing MLLMs with strong video reason-
ing capabilities remains challenging. Compared with static
image reasoning, video reasoning requires models to inte-
grate evidence across many frames and identify the most
informative ones. This substantially expands the reason-
ing space and makes learning more difficult. Most ex-
isting methods address this challenge through a two-stage
pipeline. They first perform supervised fine-tuning (SFT)
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on chain-of-thought (CoT) annotations to imitate explicit
step-by-step rationales [40, 53, 57], and then apply RL with
rule-based rewards for answer accuracy and format consis-
tency [11, 66]. Although effective, this paradigm requires
large amounts of high-quality CoT data. In video reason-
ing, however, such data are expensive to obtain and there-
fore scarce, which severely limits scalability. This raises a
key question: Can we achieve comparable reasoning per-
formance with significantly fewer training samples?

Motivated by this question, we revisit how training
data are organized for video reasoning. Existing meth-
ods typically structure datasets by annotation formats (e.g.,
multiple-choice questions, open-ended QA) rather than by
the underlying abilities required to solve them. This format-
centric organization creates a fundamental mismatch. A
single ability (e.g., causal reasoning) can appear across
many formats, while a single format conflates multiple abil-
ities [2, 56]. As a result, models tend to learn superfi-
cial task cues instead of transferable abilities [12, 29]. In
the video domain, this problem becomes even more se-
vere. Frame-level visual cues introduce additional surface
correlations, which further encourage shortcut exploitation
rather than reasoning development. Consequently, achiev-
ing robust reasoning requires extensive data coverage across
diverse task-ability combinations [5, 62]. Prior work at-
tempts to alleviate this inefficiency by resorting to complex
algorithmic designs, such as specialized temporal architec-
tures [23, 58] or multi-objective reward frameworks [7, 55].
However, these designs typically come at the cost of greater
training complexity.

To address these issues, we adopt a joint perspective
from both the data and method sides. On the data side, we
propose VAST (Video Ability-Stratified Taxonomy), a cog-
nitive taxonomy and data organization framework for video
understanding. Our taxonomy is inspired by Piaget’s cog-
nitive development theory [45, 46], which states that intelli-
gence develops through hierarchical stages from concrete
perception to abstract reasoning. This hierarchical view
provides a useful lens for organizing video understanding
abilities: perceptual grounding supports reasoning, and rea-
soning enables higher-level cognition. We organize train-
ing data into three layers. Layer 1 (Perception) focuses
on spatial entities and spatio-temporal dynamics. Layer 2
(Reasoning) covers causal, intentional, procedural, and re-
lational reasoning [8, 34]. Layer 3 (Cognition) targets sym-
bol comprehension, rule discovery, theme inference, and
expression analysis [27, 47] (Figure 1 (a)). Based on this
taxonomy, we construct VAST-15K, an ability-stratified
dataset with balanced coverage across the three layers (Fig-
ure 1 (b)), and VAST-Bench, a benchmark for comprehen-
sive evaluation. On the method side, we introduce Video-
VAST, a reinforcement learning framework that builds on
GRPO [48] and uses lightweight consistency rewards to

align the model’s reasoning with its final predictions.

Our experiments demonstrate that ability-stratified data
organization yields substantial efficiency gains. Video-
VAST achieves 66.3% accuracy on MVBench, outperform-
ing Video-R1 (62.7%), and 57.4% accuracy on VAST-
Bench, compared with 54.3% for Video-R1. Moreover, un-
der the same training settings, VideoVAST uses approxi-
mately 72% fewer GPU hours and 96% fewer training sam-
ples than Video-R1, while maintaining competitive perfor-
mance (Figure 1 (c)). In summary, we make three key con-
tributions:

* A cognitive taxonomy that organizes video understanding
into three capability layers spanning Perception, Reason-
ing, and Cognition, refined into ten sub-abilities. Based
on this taxonomy, we construct VAST-15K and VAST-
Bench for ability-stratified training and evaluation.

* We propose VideoVAST, a data-efficient reinforcement
learning framework that employs consistency rewards
over ability-stratified training data.

» Comprehensive experiments demonstrating substantial
efficiency gains with competitive performance across
multiple video reasoning benchmarks.

2. Related Work

Datasets and benchmarks for video reasoning. Current
video reasoning datasets are typically organized by task for-
mat rather than cognitive capabilities [7, 55, 61]. Early
benchmarks focused on action recognition, motion analy-
sis, and VideoQA [14, 24, 28, 32, 52, 54, 59, 65]. Diag-
nostic datasets such as CLEVRER [63], NEXxT-QA [59],
and AGQA [13] evaluate temporal and causal reasoning,
but also reveal reliance on language priors or single-frame
cues [29]. More recent benchmarks broaden evaluation
to MVBench [31], VideoMME [9], TempCompass [39],
MMVU [70], and Video-Holmes [3]. Related work has
also expanded to facial video understanding, event streams,
multi-context grounding, multimodal composition, adaptive
visual tokenization, and visual anomalies [19, 33, 38, 60,
68, 69]. However, most benchmarks remain task-oriented
rather than capability-stratified, making them less suitable
for diagnosing how training data composition affects rea-
soning abilities.

Despite this progress, training data remain largely task-
centric. For example, in Video-R1-260K, 82% of sam-
ples are perception-level, whereas only 18% target higher-
order reasoning or cognition [7]. Prior work also shows
that single-frame analysis can match multi-frame VideoQA
models, indicating shortcut exploitation rather than robust
temporal reasoning [12, 29]. Without a unified capability
taxonomy, scaling data yields diminishing returns [10, 17].
We instead use Piaget’s theory of hierarchical cognitive de-
velopment [16, 18, 45, 46] to organize video understanding
into perception, reasoning, and cognition.
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Reinforcement learning for video reasoning. Follow-
ing progress in text reasoning [15, 51] and image under-
standing [21, 41, 44, 50], RL has recently been extended
to video. Existing methods mainly follow two paradigms:
supervised fine-tuning followed by reinforcement learning
with task-specific reward functions [5, 25], exemplified by
VideoRFT [55] and Video-R1 [7]; and reinforcement learn-
ing without supervised initialization, inspired by DeepSeek-
R1-Zero [15], as in Video-R1-zero [7]. Yet their analy-
ses are still centered on benchmark-level averages, leav-
ing capability-level effects of post-training data composi-
tion largely underexplored.

Despite their effectiveness, both paradigms remain con-
strained by the inefficiencies of task-centric data organiza-
tion, often resulting in limited coverage, high training cost,
and increasingly complex reward designs for temporal con-
sistency and cross-frame coherence [7, 42, 64, 71]. In con-
trast, we show that ability-stratified data organization en-
ables more efficient RL training for video reasoning.

3. VAST

In this section, we introduce VAST, a data-efficient selec-
tion framework that organizes training data into a hierar-
chical structure. We first introduce the three-layer taxon-
omy (Sec. 3.1), then describe how we construct VAST-15K
using this taxonomy (Sec. 3.2), then analyze the resulting
dataset quality (Sec. 3.3), and finally present VAST-Bench
for capability-level evaluation (Sec. 3.4).

3.1. VAST Taxonomy

Piaget’s cognitive development theory [45, 46] proposes
that intelligence develops through qualitatively distinct
stages, each building upon the previous one. This hierarchi-
cal progression closely parallels video understanding capa-
bilities: models first require perceptual grounding to reason
about relationships, and abstracting general principles fur-
ther depends on well-established relational understanding.
This dependency structure motivates the three-layer VAST
taxonomy design, as illustrated in Figure 2.

Layer 1 - Perception (inspired by the perceptual stage,
0-2 years). In this stage, infants learn about the world
through direct sensory input and motor actions. A key
achievement is object permanence, the understanding that
an object continues to exist even when it is not visible. This
layer corresponds to foundational video skills and focuses
on two core abilities. Spatial entity perception analyzes a
scene at a single moment through object recognition, local-
ization, pose, and layout. Spatio-temporal dynamics under-
standing captures changes over time by tracking identities,
attributes, and actions, and by recognizing event bound-
aries. Together, these abilities answer the question of what
we see.

Layer 2 - Reasoning (inspired by the concrete stage, 2—
11 years). In this stage, children develop symbolic thought
and begin to reason logically about concrete events, grasp-
ing concepts such as classification and conservation. This
layer reflects the ability to move beyond static perception
toward interpreting interactions and dependencies. It en-
compasses four types of reasoning. (i) Causal reason-
ing uncovers physical or logical chains of events. (ii)
Intentional reasoning infers goals and plans from behav-
ior. (iii) Procedural reasoning understands multi-step se-
quences and conditional dependencies. (iv) Relational rea-
soning recognizes roles, status, and social structures emerg-
ing from interactions. Altogether, this layer answers the
question of why it is happening.

Layer 3 - Cognition (inspired by the abstract stage, 11
years+). In this stage, adolescents develop the capacity for
abstract and hypothetical reasoning, enabling them to think
beyond what is directly observed. They can identify gen-
eral principles, imagine alternative scenarios, and reason
systematically. This layer represents the ability to move
beyond concrete reasoning toward abstract video compre-
hension. It includes four types of tasks. (i) Rule discov-
ery identifies underlying patterns and detects exceptions.
(ii) Symbol comprehension interprets figurative and cultural
meanings. (iii) Theme inference captures the central idea
or message conveyed by a storyline. (iv) Expression analy-
sis understands how video elements like color, layout, and
camera movement convey emotion, mood, and style. Col-
lectively, this layer answers the question of what it means.

3.2. VAST-15K Construction

To construct a capability-balanced training set, we cu-
rate VAST-15K from existing large-scale video reasoning
datasets, primarily Video-R1-260K [7]. The construction
process consists of three stages (Figure 3 (left)). First, we
classify each sample into capability layers using the VAST
taxonomy. Second, we filter out trivial or ambiguous in-
stances based on difficulty assessment. Third, we apply
stratified selection to achieve balanced representation across
all capability levels.

Classification Process. We classify each sample into one of
ten sub-abilities across three capability layers based on the
required reasoning skills. We employ a two-stage annota-
tion process. In the first stage, we use multiple state-of-the-
art models, including Qwen2.5-VL-72B [1], GPT-40 [22],
and Gemini 2.5 Pro [6], as automatic classifiers for capa-
bility assessment. Each model is provided with the VAST
taxonomy definitions and asked to assign every sample to
one of the ten sub-abilities; the full prompt is in the sup-
plement. To enhance robustness, the models are required to
generate explicit evidence supporting their predictions, and
their outputs are aggregated through majority voting. La-
bels with fully consistent voting results are regarded as re-
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Figure 2. Cognitive taxonomy in VAST. VAST organizes video understanding into three cognitive layers: Perception, Reasoning, and
Cognition, which are further divided into ten fine-grained abilities. Layer 1 (Perception) captures spatial entity perception and spatio-
temporal dynamics. Layer 2 (Reasoning) covers causal, intentional, procedural, and relational reasoning. Layer 3 (Cognition) includes rule
discovery, symbol comprehension, theme inference, and expression analysis.

liable. In the second stage, we manually review a subset of
samples to verify the correctness of both the assigned labels
and their associated evidence, ensuring annotation quality
and interpretability. Across all samples, 78.3% receive fully
consistent labels (3/3 agreement) and 94.2% reach major-
ity agreement (>2/3); we further manually audited ~6% of
samples and applied corrections to ~5% of the audited sub-
set.

Difficulty-Based Filtering. We apply a difficulty-based fil-
tering procedure to exclude samples that are either insuf-
ficiently challenging or excessively ambiguous for effec-
tive learning. We use the smaller Qwen2.5-VL-7B model
for this assessment, as it provides a more practical diffi-
culty proxy aligned with typical model capabilities. Each
sample is evaluated 16 times with the same model. Sam-
ples with perfect consistency across all evaluations are dis-
carded. Specifically, samples where the model answers cor-
rectly in all 16 attempts are considered trivial, while sam-
ples with all 16 incorrect answers are deemed ambiguous
or unanswerable. We retain samples with mixed results, as
they represent an appropriate difficulty level that encour-
ages meaningful learning.

Balanced Selection. To mitigate the pronounced capabil-
ity imbalance in existing datasets, we apply stratified se-
lection to achieve balanced representation. We select SK
instances from each of the three layers (Perception, Reason-
ing, and Cognition) to maintain equal proportions. Within
each layer, we further balance across sub-abilities to ensure
comprehensive coverage. Detailed statistics are in the sup-
plement.

3.3. VAST-15K Analysis

To validate the quality of VAST-15K, we compare it with
the representative dataset Video-R1-260K across two key
metrics: type-token ratio (TTR) and text length distribution.

TTR measures lexical diversity by computing the ratio of
unique words to total words. A higher TTR reflects greater
diversity in question formulations and task descriptions, in-
dicating that the dataset covers a broader range of reason-
ing scenarios instead of repetitive patterns. Figure 4 (a)
shows that VAST-15K exhibits a TTR of 8.93 compared to
7.17 for Video-R1-260K, demonstrating that our capability-
based curation captures more varied reasoning challenges.
Figure 4 (b) shows that the text length distribution of Video-
R1-260K [7] is heavily concentrated in the 0-200 token
range with a long-tail pattern, while VAST-15K shifts to-
ward longer texts with increased coverage in the 200-400
token range. This shift indicates that VAST-15K contains
more complex reasoning problems requiring richer descrip-
tions, particularly for developing Reasoning and Cognition
capabilities.

3.4. VAST-Bench

To evaluate capabilities across the cognitive hierarchy, we
introduce VAST-Bench, an evaluation suite that extends ex-
isting benchmarks with capability-level annotations.
Benchmark Construction. VAST-Bench aggregates
samples from established video understanding bench-
marks including VideoMME [9], TempCompass [39],
MVBench [31], and MMVU [70]. We apply the same anno-
tation protocol used for VAST-15K construction (Sec. 3.2)
to classify each sample according to the VAST taxonomy.
To ensure balanced evaluation, we select 300 samples per
capability layer, resulting in 900 samples in total.
Evaluation Metrics. VAST-Bench reports performance
across three hierarchical levels. At the finest granularity,
we report accuracy for each of the ten sub-abilities (two un-
der Perception, four under Reasoning, and four under Cog-
nition). Additionally, we report an overall score averaged
across all layers.
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Design Advantages. Existing video benchmarks typically
report aggregate scores or task-specific metrics without ex-
posing capability-level performance patterns. VAST-Bench
provides a unified evaluation framework grounded in cog-
nitive development theory. This design enables researchers
to identify whether improvements stem from enhanced
perception, reasoning, or cognition, facilitating more tar-
geted model development. Moreover, the three-level hier-
archy supports both coarse-grained comparison across cog-
nitive layers and fine-grained analysis within specific sub-
abilities, enabling interpretable progress measurement and
targeted capability diagnosis.

4. VideoVAST

Based on the VAST-15K dataset constructed in Sec. 3.2, we
propose VideoVAST, a data-efficient reinforcement learn-
ing framework for video reasoning. Figure 3 (right) il-
lustrates our overall training strategy. We introduce our
RL algorithm in Sec. 4.1, followed by our consistency-
regularized reward design in Sec. 4.2.

4.1. Group Relative Policy Optimization

We adopt Group Relative Policy Optimization (GRPO) [48]
as our reinforcement learning algorithm, following prior
work on RL with rule-based rewards. GRPO replaces
the critic network with a group-based relative comparison,
where the model generates G responses for each input and
computes their relative advantages.

For each query = with responses {y("),y?) ... y(&)},
the relative advantage of the ¢-th response is:

@) — mean({r(j)}le)

AW —
std ({r(N}5)) ’

(1

where 7(%) is the reward for y(?). We then update the policy
using a PPO-style clipped objective with a KL. penalty. We
perform token-level loss aggregation over all responses and
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This formulation enables learning from the relative
quality of responses within each group, favoring better-
performing trajectories without requiring explicit value
function estimation.

While KL regularization provides theoretical stability
guarantees, it presents challenges for video reasoning tasks.
The reference model 7 may not capture the diversity of
valid reasoning paths in video understanding, where the
same question can be approached through multiple cogni-
tive routes. Standard GRPO includes a KL divergence term
BDxy (g ||7ref) to prevent excessive deviation from the ref-
erence distribution. We set 8 = 0 and introduce a consis-
tency reward R (Sec. 4.2) that encourages structural align-
ment between reasoning and answers rather than constrain-
ing the policy distribution. This design choice is validated
by supplementary ablations, where the consistency reward
outperforms traditional KL regularization.

Jareo(0)

— BDxL (ﬂe‘

4.2. Consistency-regularized reward

To maintain training stability without KL regularization, we
introduce a consistency-regularized reward as a lightweight
structural constraint. Rather than constraining the policy
distribution, our consistency reward evaluates whether the
reasoning process logically supports the final prediction.
Our reward function comprises three components: a for-
mat reward Ry,my that enforces structured reasoning within
<think> tags, an accuracy reward R,.. based on answer
correctness, and a consistency reward R that provides a
bonus for reasoning-answer alignment.
The total reward is defined as:

R= Rformat + Racc + Rcr7 (3)

where Rioma = 0.5 if the response is properly formatted
within <think> tags and 0 otherwise, R, = 1.0 for cor-
rect answers and 0 otherwise, and R¢, = A X Sconsistency- The
consistency signal Sconsistency € {0, 1} indicates whether in-
termediate reasoning aligns with the final prediction and is
computed via an external consistency model detailed in the
supplement. We set A = 0.7 based on supplementary vali-
dation.

With GRPO’s relative advantage mechanism, this reward
design establishes a preference ranking where consistent
correct responses (R = 2.2) receive the highest reinforce-
ment, followed by inconsistent correct responses (R = 1.5),

consistent incorrect responses (R = 1.2), and inconsistent
incorrect responses (R = 0.5). The dominance of R,
prevents the policy from promoting self-consistent errors,
while the consistency term differentiates among correct re-
sponses based on reasoning quality.

5. Experiment
5.1. Benchmarks

We evaluate our model on seven video benchmarks cov-
ering spatial reasoning, knowledge-intensive video ques-
tion answering, temporal logic, and general video compre-
hension. These benchmarks include VideoMMMU [20],
MMVU [70], MVBench [31], TempCompass [39], VSI-
Bench [61], VideoMME [9], and Video-Holmes [3]. Fol-
lowing standard evaluation protocols, we use the multiple-
choice subset of MMVU and evaluate VidleoMME with-
out subtitles. We report average accuracy across all bench-
marks.

5.2. Implementation Details

We build VideoVAST on Qwen2.5-VL-7B [1] as the base
model for video understanding. For scalability and repro-
ducibility, we implement the reinforcement learning stage
using the VERL framework. During training, we sample 16
frames of resolution 256 x 28 x 28, where 28 x 28 is the size
of each image patch and 256 denotes the number of patches.
We use Qwen2.5-72B [1] as the consistency model for com-
puting the consistency reward, served via vVLLM [26]. For
this stage, we employ the AdamW optimizer with an initial
learning rate of 1 x 10~° and a batch size of 128. We train
for 2 epochs with 8 rollout responses generated per prompt
for advantage estimation.

5.3. Main Results

Using 16 frames, VideoVAST-7B achieves the highest
Video-Holmes score (42.5) among all evaluated models
(Table 1). Compared to Video-R1-7B under the same frame
setting, VideoVAST improves performance across most
benchmarks, including MVBench (+3.6), Video-Holmes
(+2.4), MMVU (+1.9), and TempCompass (+1.6). Com-
pared to the Qwen2.5-VL-7B base model, VideoVAST
achieves gains of +8.9 on MVBench, +2.8 on VideoM-
MMU, and +5.8 on VSI-Bench through ability-stratified RL
training.

On VAST-Bench (Table 2), which provides balanced
coverage across Perception, Reasoning, and Cognition
tasks, VideoVAST achieves 57.4 overall, outperforming
Video-R1 (54.3) and VideoRFT (55.3). Performance gains
are particularly strong on Reasoning tasks, with +8.7 on
Causal Reasoning and +7.7 on Relational Reasoning com-
pared to Video-R1. VideoVAST also excels in Cognition
tasks, achieving the best performance on Theme Inference
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Table 1. Performance comparison on general-purpose video understanding benchmarks. The best results are highlighted in bold, and

the second-best results are underlined.

Models Pub RL Frames Video MMVU MV Temp VSI- VideoMME Video
: Only MMMU (mc¢) Bench Compass Bench (wosub) Holmes
GPT-40 [22] - - - 61.2 75.4 - - 34.0 71.9 42.0
LLaMA-VID [35] ECCV’24 X - - - 41.9 45.6 - - -
VideoLLaMA 2 [4] arXiv'24.06 X - - 44.8 54.6 - - 479 -
LongVA-7B [67] arXiv'24.06 X - 23.9 - - 56.9 29.2 52.6 -
VILA-1.5-8B [36] CVPR’24 X - 20.8 - - 58.8 28.9 - -
VILA-1.5-40B [36] CVPR’24 X - 34.0 - - - 31.2 60.1 -
Video-UTR-7B [64] ICLR’25 X - - - 58.8 59.7 - 52.6 -
LLaVA-OneVision-7B [30] arXiv’'24.08 X - 33.8 49.2 56.7 - 324 58.2 -
Kangaroo-8B [37] arXiv'24.08 X - - - 61.1 62.5 - 56.0 -
Qwen2.5-VL-7B (CoT) [1] arXiv’25.02 X 16 47.8 59.2 57.4 72.2 27.7 53.1 27.8
Qwen2.5-VL-7B (CoT) [1] arXiv’'25.02 X 32 48.1 60.0 59.0 72.6 30.1 56.6 -
Qwen2.5-VL-7B (CoT) [1] arXiv’25.02 X 64 50.4 60.0 59.2 72.9 314 59.6 -
Video-R1-7B [7] NeurIPS’25 X 16 49.8 64.2 62.7 72.6 34.6 57.4 40.1
Video-R1-7B-zero [7] NeurIPS’25 ¢ 16 49.5 63.8 60.4 70.9 31.8 53.8
Video-RFT-7B [55] NeurIPS’25 X 16 48.2 66.0 64.0 73.5 34.6 55.9 36.4
VideoVAST-7B (Ours) - v 16 50.6 66.1 66.3 74.2 33.5 57.7 42.5

(70.3) and Expression Analysis (66.7, +6.7 over Video-R1).
These results demonstrate that ability-stratified training en-
hances abstract reasoning capabilities across both causal
logic and high-level comprehension.

Training efficiency. VideoVAST achieves significant ef-
ficiency gains through ability-stratified data organization.
Compared to Video-R1, VideoVAST reduces training data
from 425K to 15K samples (96% reduction) and GPU
hours from approximately 440 to 123 (72% reduction)
while maintaining competitive performance. This effi-
ciency stems from two key factors: (i) eliminating the su-
pervised fine-tuning initialization stage entirely by training
directly with reinforcement learning on VAST-15K, and (ii)
achieving balanced capability coverage with significantly
fewer samples through strategic curation. Similarly, com-
pared to VideoRFT’s 412K training samples, VideoVAST
requires 96% fewer data points. These results demonstrate
that ability-driven data organization outperforms massive
scaling with task-centric datasets. See supplement for de-
tails.

5.4. Ablation Studies

We ablate three key factors using VideoVAST-7B. We
vary the number of input frames, SFT initialization, and
consistency-regularized reward (CR). Results are summa-
rized in Table 3.

Reinforcement learning without supervised initializa-
tion. Ability-stratified data enables direct reinforcement

Table 2. Performance comparison on VAST-Bench. Columns
correspond to perception (SEP: Spatial Entity Perception; STD:
Spatio-Temporal Dynamics), reasoning (CR: Causal Reasoning;
IR: Intentional Reasoning; PR: Procedural Reasoning; RR: Rela-
tional Reasoning), and cognition (RD: Rule Discovery; SC: Sym-
bol Comprehension; TI: Theme Inference; EA: Expression Anal-
ysis).

Models Perception Reasoning Cognition Overall
SEP STD CR IR PR RR RD SC TI EA
Video-R1 [7]  54.6 64.2 55.6 47.5 42.5 38.5 48.1 62.3 69.5 60.0 54.3
VideoRFT [55] 539 64.2 55.7 49.5 49.3 38.5 53.7 58.0 67.2 63.3 553
VideoVAST (Ours) 56.0 60.4 64.3 47.5 49.3 46.2 51.9 62.4 70.3 66.7 57.4

learning without supervised fine-tuning initialization, sim-
plifying the training pipeline. Table 3 shows that training
with reinforcement learning alone achieves competitive per-
formance across all frame settings. At 16 frames, reinforce-
ment learning with consistency reward (55.8) outperforms
supervised fine-tuning followed by reinforcement learning
(55.2), demonstrating that supervised initialization is un-
necessary when data are organized by cognitive capabili-
ties. This eliminates the supervised fine-tuning stage en-
tirely, saving both data annotation costs and computational
overhead. In contrast, Video-R1 and VideoRFT require
165K and 102K annotated CoT samples for supervised fine-
tuning initialization, as shown in the supplement. Our re-
sults demonstrate that strategic data curation can replace

18582



costly multi-stage training pipelines.

Table 3. Ablation study of supervised fine-tuning (SFT) and
consistency-regularized reward (CR) under different numbers
of frames used at inference.

Video MMVU MV Temp  VSI- VideoMME Video

Frames SFT CR MMMU (mc) Bench Compass Bench (wosub) Holmes Overall

X X 49.1 66.1 65.2 74.7 34.8 57.2 41.5 55.5
16 v X 47.3 63.0  66.0 73.0 335 57.2 39.8 54.3
X v 50.6 66.1 66.3 74.2 335 57.7 42.5 558
v v 49.9 632 655 73.0 36.5 58.0 40.4 55.2
X X 48.7 654 66.6 732 374 60.6 38.6 55.8
1 v X 49.9 624 669 735 35.0 59.9 37.7 55.0
X v 512 67.0 674 74.9 343 59.4 39.7 56.3
v v 50.1 63.0 669 73.6 37.6 60.8 41.6 56.2
X X 50.3 669 668 73.1 38.8 62.2 38.6 56.7
64 v X 50.1 626 682 73.4 37.1 61.6 39.7 56.1
X v 514 670 682 74.7 36.5 62.4 37.0 56.7
v v 50.6 62.7 68.0 73.8 395 62.1 39.2 56.6

Consistency-regularized reward. The consistency-
regularized reward (CR) component improves performance
for both SFT and RL models across most frame settings.
Comparing rows with and without CR in Table 3, we ob-
serve that CR provides consistent gains at 16 and 32 frames,
with notable improvements on Video-Holmes (up to +3.9 at
32 frames). Data stratification alone does not explicitly en-
force reasoning quality. With CR, the model learns to rea-
son coherently, as the reward enforces alignment between
intermediate reasoning and final predictions, which proves
beneficial for complex reasoning tasks.

Data scale and curation. Table 4 examines dataset scale
and curation strategy. Scaling from 1.5K to 15K sam-
ples improves results on benchmarks such as VideoMMMU
(+2.4) and MVBench (+1.2), with the overall score rising
from 53.5 to 55.8. The Random 15K baseline performs
substantially worse than VAST-15K (47.6 vs. 55.8 overall),
with a large gap on MMVU (34.4 vs. 66.1).

Curriculum learning. We investigate several training
strategies for ability-stratified data, including Sequential,
Two-Stage, Smooth, and Uniform joint training. Among
them, Uniform joint training achieves the best overall per-
formance (55.8). See the supplementary material for de-
tails.

Table 4. Performance comparison across VAST data scales and
curation strategies.

Video MMVU MV Temp  VSI- VideoMME Video

VAST Scale MMMU (mc) Bench Compass Bench (wosub) Holmes Overall

VAST 15K 482 630 651 730 347 55.0 353 535
VASTSK 494 656 659 738 332 57.0 378 547
VAST 15K 506 661 663 742 335 577 425 558
Random ISK 489 344 631 738 224 56.3 347 476

5.5. Further Analysis of VAST

Q1. Does ability stratification account for the gains?
To isolate the effect of ability-stratified curation from data
scale, we compare VAST-15K with Random 15K under

identical training conditions. VAST-15K substantially out-
performs Random 15K (55.8 vs. 47.6 overall, Table 4),
with especially large gains on reasoning-intensive bench-
marks such as MMVU (66.1 vs. 34.4) and Video-Holmes
(42.5 vs. 34.7). Because the two sets have the same
size but different capability distributions, this comparison
highlights the importance of data organization rather than
scale alone. VAST-15K is balanced across the three layers,
whereas Random 15K remains heavily skewed toward Per-
ception (78%, versus 15% Reasoning and 7% Cognition).
As a result, Random 15K biases training toward perceptual
shortcuts, while VAST-15K provides more uniform learn-
ing signals across capability levels. The same trend persists
across training configurations (Table 3), supporting the con-
clusion that the gains are driven by ability stratification.

Q2. Does VAST reduce shortcut reliance? Supplemen-
tary qualitative cases further illustrate this trend. Across
tasks including violence identification, symbolic interpre-
tation, motivation inference, and narrative understanding,
VideoVAST consistently relies on temporally and contex-
tually grounded evidence rather than surface cues. For ex-
ample, it infers harmful intent instead of treating a violent
scene as an accident, preserves narrative coherence in sym-
bolic interpretation, reasons about the shooter’s cover-up in-
tention, and abstracts thematic meaning beyond local visual
evidence. These cases suggest that ability-stratified train-
ing, together with the consistency reward, encourages cross-
frame reasoning and more coherent causal interpretation.
As aresult, the model becomes less reliant on shortcuts such
as surface feature matching and contextual misalignment.

6. Conclusion

We presented VAST, a cognitive taxonomy and data or-
ganization framework that structures video understanding
into three layers: Perception, Reasoning, and Cognition.
Building on this taxonomy, we constructed VAST-15K for
training, introduced VAST-Bench for capability-level evalu-
ation, and developed VideoVAST, a reinforcement learning
framework with a consistency reward. Our results show that
ability-stratified data organization enables strong video rea-
soning performance with substantially lower training cost,
reducing GPU hours by 72% and training samples by 96%
relative to prior methods. These results suggest that efficient
video reasoning depends not only on model or reward de-
sign, but also on whether the training data provide balanced
coverage across cognitive capabilities. They also highlight
the value of capability-level evaluation, which helps reveal
where improvements arise and where current models still
fall short. We hope VAST provides a useful foundation for
future work on data-efficient video understanding and rea-
soning.
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