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Abstract

While recent multimodal models have shown progress in
vision-language tasks, small-scale variants still struggle with
the fine-grained temporal reasoning required for video under-
standing. We introduce ReasonAct, a method that enhances
video reasoning in smaller models through a three-stage train-
ing process: first building a foundation with text-only rea-
soning, then fine-tuning on video, and finally refining with
temporal-aware reinforcement learning. We build upon Tempo-
ral Group Relative Policy Optimization (T-GRPO) by incorpo-
rating temporal consistency modeling into policy optimization.
We also propose a biomechanically-motivated sub-action de-
composition mechanism that provides graduated rewards for
constituent action phases. Through experiments on HMDBS51,
UCF-101, and Kinetics-400, our 3B-parameter model achieves
67.2%, 94.1%, and 78.9% accuracy respectively, demonstrat-
ing improvements of 17.9, 15.8, and 12.3 points over baselines.
Ablation studies validate that our progressive training enables
smaller models to achieve competitive video reasoning perfor-
mance while maintaining computational efficiency.

1 Introduction

Large multimodal language models have shown strong per-
formance on vision-language tasks (OpenAl 2024; Team
2025; Liu et al. 2023). However, deploying these models
in resource-constrained environments is challenging due to
high computational requirements. Small-scale multimodal
models (1-7B parameters) face fundamental parameter alloca-
tion challenges, requiring efficient distribution across visual
encoding, language understanding, temporal modeling, and
reasoning capabilities, particularly limiting their performance
in complex temporal reasoning tasks.

Video understanding is particularly challenging for mul-
timodal reasoning, as it requires models to integrate spatial
visual comprehension with temporal dynamics, causal rea-
soning, and sequential pattern recognition. Traditional ap-
proaches to video understanding have predominantly focused
on feature extraction and pattern matching, treating actions as
atomic classification units without explicit modeling of their
internal temporal structure (Feichtenhofer et al. 2019; Lin,
Gan, and Han 2019; Bertasius, Wang, and Torresani 2021).
This paradigm fails to capture the fine-grained, hierarchical
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nature of human actions, where complex behaviors emerge
from sequences of coordinated sub-actions with specific tem-
poral dependencies (Winter 2009; Bartlett 2007; Schmidt and
Lee 2011).

Consider the seemingly simple task of recognizing a
“jump” action in a video. While existing models might suc-
cessfully classify this action based on learned visual patterns,
they lack understanding of the underlying biomechanical
sequence—how preparation, loading, propulsion, and flight
phases interconnect and depend on each other. This under-
standing helps with recognition and reasoning about why
actions happen and how they connect over time.

In contrast to large-scale models with ample capacity,
small models must strategically allocate limited resources
across modalities. Moreover, existing pre-training paradigms
for multimodal models often prioritize vision-language align-
ment over reasoning development, resulting in models that
excel at describing visual content but struggle with complex
inferential processes.

Current approaches to enhancing reasoning in multi-
modal models typically rely on either scaling model parame-
ters (Chowdhery et al. 2022; Hoffmann et al. 2022) or lever-
aging extensive supervision from superior models (Taori et al.
2023; Chiang, Li, and Lin 2023). However, these strategies
are computationally expensive and may not address the funda-
mental architectural and training methodological challenges
faced by smaller models. Self-improvement techniques such
as Self-Taught Reasoner (Zelikman et al. 2022) and iterative
refinement methods (Huang et al. 2022) offer promising alter-
natives, but our preliminary experiments indicate that these
approaches provide limited benefits when applied directly
to temporal video reasoning tasks in resource-constrained
settings.

These observations motivate us to explore an alternative
approach that systematically builds reasoning capabilities
without requiring massive scale. To overcome these limi-
tations in smaller models, we developed ReasonAct. Our
approach develops reasoning skills through three stages: foun-
dational training, video fine-tuning, and reinforcement learn-
ing with sub-action guidance. Our progressive multi-stage
training paradigm builds reasoning capabilities incremen-
tally through Foundational Reasoning Enhancement (FRE)
that establishes basic reasoning patterns using diverse text-
only tasks, Video-Specific Chain-of-Thought Fine-tuning that



adapts these reasoning capabilities to temporal visual content,
and Temporal-Aware Reinforcement Learning that refines
reasoning strategies through structured reward optimization.

We adapt Temporal Group Relative Policy Optimization
(T-GRPO) (Feng et al. 2025) by incorporating new temporal
consistency components, creating a temporal-aware exten-
sion suitable for fine-grained video reasoning. We propose
a biomechanically-motivated sub-action recognition frame-
work that breaks complex actions into constituent sub-actions
based on biomechanical analysis, providing graduated re-
wards during training that enable models to develop fine-
grained understanding of action mechanics and temporal
dependencies.

Our key contribution is a progressive training method-
ology that enables 3B-parameter models to achieve com-
petitive video reasoning performance. Through the synergy
of foundational reasoning enhancement, video-specific fine-
tuning, and our sub-action decomposition within an en-
hanced T-GRPO framework, ReasonAct achieves 67.2% on
HMDBS51 (Kuehne et al. 2011), 94.1% on UCF-101 (Soomro,
Zamir, and Shah 2012), and 78.9% on Kinetics-400 (Kay et al.
2017)—improvements of 17.9, 15.8, and 12.3 points respec-
tively over strong baselines. These results demonstrate that
this training methodology can largely close the gap between
small and large models in video understanding, offering a
practical path for resource-constrained deployment.

2 Related Work

Video Understanding and Temporal Reasoning

Video understanding has evolved from traditional approaches
using hand-crafted features (Wang et al. 2011; Laptev 2005)
to modern deep learning architectures (Karpathy et al. 2014).
Recent transformer-based models have shown promising re-
sults (Bertasius, Wang, and Torresani 2021; Liu et al. 2022;
Yan et al. 2022; Srivastava and Sharma 2024), yet most ap-
proaches treat actions as atomic classification units without
explicit temporal structure modeling. This limitation becomes
particularly apparent when dealing with complex actions that
require understanding of internal phases and temporal depen-
dencies.

Temporal reasoning in video understanding requires captur-
ing long-range dependencies and causal relationships (Zhou
et al. 2018; Fateh et al. 2025). While some works explore
hierarchical action recognition (Zhao et al. 2017; Tang et al.
2019), they primarily focus on long-duration activities rather
than fine-grained sub-action decomposition for individual
action instances. Our approach differs by focusing on sub-
action decomposition that enhances reasoning capabilities
rather than simply improving classification accuracy.

Multimodal Language Models and Reasoning

The development of multimodal language models has pro-
gressed from early vision-language fusion approaches (Antol
et al. 2015; Anderson et al. 2018) to sophisticated architec-
tures capable of complex reasoning (Li et al. 2022, 2023; Dai
et al. 2023). However, most existing models prioritize vision-
language alignment over reasoning development, particularly
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in smaller-scale variants where parameter budget constraints
become critical (Li et al. 2025a).

Recent work has identified significant reasoning gaps be-
tween multimodal models and their language-only counter-
parts (Zhang et al. 2024). While some approaches attempt to
address this through specialized training (Liu et al. 2023; Zhu
et al. 2023; Li et al. 2025b), systematic methodologies for rea-
soning enhancement in resource-constrained models remain
underexplored. Our work addresses this gap by providing a
framework specifically designed for small-scale models.

Reinforcement Learning for Language Models

Reinforcement learning has emerged as a powerful paradigm
for aligning language model behavior with desired objec-
tives (Ouyang et al. 2022; Bai et al. 2022). Recent advances
in policy optimization algorithms, particularly Group Rela-
tive Policy Optimization (GRPO) (Shao et al. 2024), have
shown effectiveness in enhancing reasoning capabilities. An
important extension is T-GRPO, which adapts GRPO for tem-
poral sequences. However, its mechanism primarily encour-
ages general temporal awareness rather than the fine-grained
reasoning our work targets. These approaches typically use
reward functions based on task accuracy or human feedback
to guide model behavior.

However, existing RL approaches for language models
primarily focus on text-only domains and lack mechanisms
for handling temporal consistency in multimodal sequences.
The adaptation of these techniques to video understanding
domains presents unique challenges in reward design and tem-
poral modeling. Our adaptation of T-GRPO addresses these
challenges by incorporating explicit temporal awareness into
policy optimization while maintaining the computational effi-
ciency advantages of GRPO.

Action Decomposition and Sub-Action Recognition

Action decomposition has been explored in computer vi-
sion literature, primarily for activity recognition in long
videos (Pirsiavash, Vondrick, and Torralba 2014; Tang et al.
2019). However, these approaches differ fundamentally from
our work in several key aspects. Traditional methods focus
on temporal localization rather than reasoning enhancement,
target long-duration activities rather than individual action in-
stances, and use sub-action recognition as an end task rather
than a training signal for reasoning development.

Our sub-action decomposition framework integrates in-
sights from biological motion recognition research (Giese
and Poggio 2003) while integrating this knowledge into a
reinforcement learning framework for multimodal reasoning
enhancement. This integration enables models to develop
fine-grained understanding of action mechanics that supports
robust reasoning about complex temporal sequences.

3 Methodology
Problem Formulation

We formulate video reasoning enhancement as a sequen-
tial decision-making problem where a small-scale multi-
modal language model must progressively develop capabili-
ties across three dimensions: foundational reasoning, video-



Video:

i

Instruction: As an action reasoning expert, what action is being performed in the video? Please describe your reasoning
in <think></think> and final action in <answer></answer> tags.

Qwen2.5-VL-7B-Instruct: <think>I see a person standing on a green field with a stick in his hands. He starts moving the
stick backward and then forward, possibly preparing to hit something. The person is swinging the stick like a bat, which

looks similar to a baseball swing.</think>
<answer>baseball swing</answer>

FRE: <think>The video shows a person on a grassy area holding a long object. He lifts it above his head and swings it
down quickly. The movement resembles swinging an axe to chop something, as he focuses on the downward motion and

follows through.</think>
<answer>chopping</answer>

ReasonAct: <think>First, I notice the background is a golf court with green grass and trees. The main subject is a man in
a black shirt and white cap. He's holding a golf club and is in the process of hitting a golf ball. The key actions here are

swinging the golf club and hitting the ball.</think>
<answer>golf</answer>

GT: golf

Figure 1: Example of action reasoning. Baseline Qwen2.5-VL misidentifies golf as baseball swing, FRE incorrectly predicts
chopping, while ReasonAct correctly identifies golf through structured reasoning.

specific understanding, and temporal consistency mainte-

nance. Given a video sequence V. = {f1, fa,..., fr} €
RTXHXWXC and a natural language query ¢, the model must
generate a structured reasoning trace r = {rl, ro,...,T L}

that leads to a correct answer a. A high-quality reasoning
trace should not only analyze visual content across time but
also identify critical sub-actions and coherently connect them
to support a sound final inference.

Our objective is to optimize the model parameters 6 to
maximize both task performance and reasoning quality:

\7(9) = ]E(V,q,a*)~’D [Rtask(r7 a, a*) + )\Rreasoning(ra V)]

where Ry, measures task accuracy, Rreasoning €Valuates
reasoning quality including temporal consistency and sub-
action recognition, and A balances these objectives.

To optimize this objective effectively, we must first un-
derstand the unique challenges faced by small-scale models.
Small models face a key challenge: they must split limited pa-
rameters between visual encoding, language understanding,
and reasoning. Direct end-to-end training often fails because
the model doesn’t develop strong reasoning skills. To address
this, our ReasonAct framework, as illustrated in Figure 2,
implements a three-stage progressive training paradigm that
builds capabilities in a curriculum-based manner. Each stage
targets specific aspects of the video reasoning task while
building upon the foundations established in previous stages,
enabling small models to achieve performance comparable
to their larger counterparts.
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Stage 1: Foundational Reasoning Enhancement
(FRE)

Unlike large-scale models that can dedicate substantial pa-
rameters to each component, smaller models require careful
optimization of this allocation. Our FRE stage addresses this
challenge by establishing foundational text-based reasoning
skills before introducing the complexity of temporal visual
understanding. We fine-tune the base model on a diverse
collection of text-only reasoning tasks designed to build foun-
dational cognitive capabilities:

Mathematical Reasoning: Multi-step problem solving
requiring logical deduction and calculation chains (e.g.,
GSMS8K (Cobbe et al. 2021), MATH (Hendrycks et al.
2021)).

Logical Inference: Deductive and inductive reason-
ing tasks that develop systematic thinking patterns (e.g.,
LogiQA (Liu et al. 2020), ReClor (Yu et al. 2020)).

Common-Sense Reasoning: World knowledge applica-
tion and causal reasoning tasks (e.g., CommonsenseQA (Tal-
mor et al. 2019), StrategyQA (Geva et al. 2021)).

Structured Analysis: Tasks requiring systematic decom-
position and step-by-step reasoning (e.g., ARC (Clark et al.
2018), OpenBookQA (Mihaylov et al. 2018)).

The training objective for FRE optimizes cross-entropy
loss over reasoning chains:

N L
Lerg = — Zzlogp(ri,j|ri,<j7qi;0)

i=1 j=1

where r; ; represents the j-th token in the reasoning chain
for query g;. With these reasoning foundations established,
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<think>First, the knees bend deeply, lowering body into crouch. Next,
arms swing backward to build momentum. Then, feet push against
ground... Finally, subject becomes jump.</think>
<answer>jump</answer>

<think>There is a person doing movement in video. The action is Reward=0.58
jump.</think>

<answer>jump</answer>

<think> Person is moving fast. There is foot contact with ground and Reward=0.1

leg swing. Some phases include lifting legs and striking

Qround Truth: “jump"

ground.</think>
<answer>run</answer>

¥,

Figure 2: Overview of the ReasonAct framework showing the three-stage training paradigm and key technical components.

the model is now prepared to extend its capabilities to tempo-
ral visual content, which we address in the next stage.

Stage 2: Video-Specific Chain-of-Thought
Fine-tuning

Building upon the reasoning foundations established in
Stage 1, we develop video-specific understanding capabil-
ities through supervised fine-tuning with chain-of-thought
annotations. This stage teaches the model to apply its reason-
ing skills to temporal visual content while maintaining the
structured thinking patterns learned previously.

We generate chain-of-thought annotations through a struc-
tured prompting strategy applied to larger teacher models
(GPT-40). The annotations guide models to systematically an-
alyze visual content across temporal sequences while identify-
ing key visual cues and their temporal relationships. Through
these examples, models learn to recognize biomechanical
patterns and sub-action sequences. They are also trained to
connect temporal observations to a final classification using
a structured, logical reasoning process.

The training objective extends the FRE formulation to
include video conditioning:

N L,

Lyser ==Y Y log P(rij|ri<j, Vi, ¢i;0)

i=1 j=1

Quality control is enforced through multi-stage filtering:
automated consistency checking, human expert validation for
temporal reasoning accuracy, and iterative refinement based
on model feedback during training.

Stage 3: Temporal-Aware Reinforcement Learning

The final stage applies reinforcement learning to refine rea-
soning quality through four interconnected components: sub-
action decomposition, temporal consistency modeling, policy
optimization, and integrated reward design.

Biomechanically-Motivated Sub-Action Recognition
Traditional video understanding approaches treat actions as
atomic units, failing to capture the hierarchical nature of hu-
man movement. Our sub-action decomposition framework
addresses this limitation by breaking complex actions into
constituent phases based on established biomechanical and
motor control principles (Winter 2009; Schmidt and Lee
2011).

Sub-Action Library Construction. Based on these prin-
ciples, we construct sub-action libraries for major action
categories. Each action a is decomposed into an ordered se-
quence of sub-actions S, = {s1, $2,. .., Sk} representing
key movement phases.

For example, the “jump” action is decomposed as follows:

* Preparation Phase (s1): “knee flexion”, “weight shift”,

“arm positioning”, “stance adjustment”

* Loading Phase (s3): “deep crouch”, “muscle loading”,

“energy storage”, “countermovement”’

* Propulsion Phase (s3): “explosive extension”, “ground
contact”, “force generation”, “takeoff initiation”

* Flight Phase (s4): “airborne”, “body alignment”, “trajec-

CEINT3

tory”, “landing preparation”
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This decomposition aligns with established motor control
principles that identify distinct movement phases in skilled
actions (Winter 2009).

To accommodate the diverse ways in which sub-actions
may be described, we associate each with multiple semantic
variants drawn from real-world reasoning expressions. Our
complete library covers 51 action categories from HMDBS51,
101 categories from UCF-101, and 400 categories from
Kinetics-400, totaling 1,847 unique sub-actions.

Semantic Similarity-Based Detection. To detect sub-
actions in model-generated reasoning text, we employ a se-
mantic similarity framework using pre-trained sentence em-
beddings. This approach handles linguistic variability while
maintaining precision in sub-action recognition.

For each sub-action s; with description set D,
{di,da,...,dn}, we compute similarity with reasoning text
segment ¢ as:

L elt) eld)
deD,, |e(t)|le(d)|

where e(-) represents sentence embeddings from a fine-
tuned SentenceTransformer model. Sub-action detection uses
an adaptive threshold 7; learned during validation to optimize
precision-recall trade-offs for each sub-action type.

sim(t, s;) =

Graduated Reward Structure. The sub-action recogni-
tion reward provides graduated feedback based on partial
understanding, encouraging models to develop fine-grained
action comprehension:

|Sdetected \ Sa*
|é%*

_ |Sdetected N Sa*
=a S, B
+ P (Sdetecte(h Sa*)

where Sgetectea TEpresents detected sub-actions in the rea-
soning text, S,~ represents ground-truth sub-actions for ac-
tion a*, P(-,-) measures temporal ordering accuracy, and
«, 3,7 are reward coefficients optimized through grid search.

Rsub (1‘7 a*)

Temporal Consistency Modeling While existing T-GRPO
approaches provide a foundation for temporal awareness
through ordered vs. shuffled frame comparison, this approach
primarily ensures general reliance on temporality without
fine-grained temporal understanding. To address this limi-
tation, we develop a temporal consistency framework that
operates on three interconnected levels, providing denser
feedback for precise temporal reasoning.

Sequential coherence ensures that reasoning steps follow
logical temporal order and maintain causal relationships be-
tween observations. Cross-frame consistency maintains con-
sistent object and action identification across video frames,
preventing contradictory interpretations of the same visual
elements. Finally, temporal binding correctly associates ob-
served sub-actions with appropriate temporal windows, en-
abling precise localization of action phases within the video
sequence.

To quantify the model’s adherence to these principles, we
measure temporal consistency through the following score,
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Figure 3: Enhanced T-GRPO algorithm flowchart showing
temporal consistency modeling and multi-reward integration,
compared with standard GRPO.

which averages the scores of the three components:

1
= g (Sseq(r) + Seross (I‘, V) + Sbind(r7 V))

We implement the three temporal consistency components
using lightweight Transformer-based classifiers trained on
30k video clips curated from our training datasets, with tem-
poral consistency labels generated using GPT-4o following
systematic prompting guidelines. S measures step ordering
via Kendall’s 7 between predicted and ground-truth temporal
sequences, normalized to [0, 1]. Scross cOMputes entity consis-
tency using object tracking across frames, while Sping aligns
sub-action spans with temporal windows using IoU averag-
ing. We use clip € = 0.2 and KL coefficient 0.05 for training
stability.

Stemporal (I‘, V)

Enhanced Policy Optimization Building upon existing
T-GRPO approaches, we enhance the policy optimization
process by integrating our multi-level temporal consistency
modeling with sub-action rewards. Unlike standard T-GRPO
which relies primarily on coarse temporal signals, our ap-
proach unifies all guiding signals—task accuracy, sub-action
recognition, and temporal consistency—into a single, com-
prehensive reward function to better guide the model.

Our enhanced T-GRPO algorithm refines the model’s pol-
icy using an objective function based on Proximal Policy Op-
timization (PPO). This reward is used to compute a temporal-
aware advantage function, which quantifies the benefit of
taking a specific action at each step. The policy is optimized
by maximizing the following objective:

Lr.grro = E¢ [min (r4(6) Ay,

clip(rt(ﬁ), 1—¢ 1+ e) At)]



Method Accuracy (%) Improvement
HMDB51 UCF-101 Kinetics-400 | HMDB51 UCF-101  Kinetics-400
Qwen2.5-VL-3B (Baseline) | 49.3x1.2  78.3%0.8 66.6x1.4 - - -
+ Stage 1 (FRE) 53.1+£1.0  82.5+0.7 71.241.1 +3.8 +4.2 +4.6
+ Stage 2 (V-SFT) 59.4409  87.1+£0.6 75.8+£1.0 +10.1 +8.8 +9.2
+ Stage 3 (T-GRPO) 64.7£1.3  91.3%1.5 77.4+0.9 +15.4 +13.0 +10.8
ReasonAct (Full Model) 67.2+£0.7 94.1+1.2 78.9+0.8 +17.9 +15.8 +12.3
Comparison with Recent Video Understanding Models:
Video-ChatGPT 54.1+14  81.2+1.0 69.8+1.6 +4.8 +2.9 +3.2
Video-LLaMA 50.8+1.3  79.5+2.1 68.4+1.5 +1.5 +1.2 +1.8
LLaVA-Video 56.6£1.1  84.3+0.9 72.1£1.2 +7.3 +6.0 +5.5

Table 1: Performance comparison across video understanding benchmarks (mean + std over 5 runs).

mo(alst) s the importance sampling ratio
LOACHED)

and A; is the temporal-aware advantage function computed
from our integrated reward (detailed in Section 3.3.4). The
advantage incorporates temporal consistency through the
episode-level reward bonus Stemporal, €nsuring that reasoning
chains with higher temporal coherence receive stronger posi-
tive reinforcement during policy updates. This enhancement
enables the model to develop fine-grained temporal under-
standing beyond the general temporality awareness provided
by the original T-GRPO.

Complete Reward Function The final reward function
integrates multiple components to provide comprehensive
feedback on reasoning quality:

where r4(0) =

Rtotal(ry V7 a*) = Rtask(a7 a*) + )\1 Rsub(r7 CL*)
+ )\2 Stemporal(r7 V) + )\3 Rformat (I‘)

where Ry, measures task accuracy, R, evaluates sub-
action recognition quality, and Rgom,e €nsures proper output
formatting. The temporal consistency score Siemporai (*'; V)
is integrated directly as an episode-level reward component
to guide the policy toward generating temporally coherent
reasoning. The coefficients {; } balance these objectives and
are optimized through extensive hyperparameter search.

4 Experiments
Experimental Setup

Datasets and Evaluation Metrics We evaluate ReasonAct
on three established video understanding benchmarks:

HMDBS51 (Kuehne et al. 2011): 6,849 clips across 51
action categories, focusing on human motion analysis with
complex temporal dynamics.

UCF-101 (Soomro, Zamir, and Shah 2012): 13,320 clips
spanning 101 diverse action categories, providing full evalua-
tion across different action types.

Kinetics-400 (Kay et al. 2017): 400 action categories with
emphasis on temporal reasoning and fine-grained action dis-
crimination.

Evaluation metrics include classification accuracy, reason-
ing quality scores (combining automated metrics and human
evaluation), temporal consistency measures, and computa-
tional efficiency analysis.

Implementation Details We use Qwen2.5-VL-3B-Instruct
as our base model, sampling 16 uniformly distributed frames
during both training and inference. The model architecture
remains unchanged to ensure fair comparison with baseline
approaches. Training hyperparameters are optimized through
extensive grid search: learning rates range from le-6 to Se-5,
batch sizes from 8 to 32, and reward coefficients are tuned
using Bayesian optimization.

We report results averaged over official data splits:
HMDBS51 and UCF-101 use the standard three-fold split
evaluation, while Kinetics-400 uses the official validation
set. At inference, we sample 16 uniformly distributed frames
at 224px resolution with uniform temporal stride. Decoding
uses temperature 7 = 0.2, top-p=0.9, and maximum output
length of 256 tokens. All results are averaged over 5 indepen-
dent runs with seeds {1, 11, 21, 31, 41} to ensure statistical
reliability.

Main Results

As shown in Table 1, our progressive training approach is
validated by the results, with each stage contributing cumu-
lative improvements that culminate in substantial gains over
the baseline across all benchmarks. Notably, sub-action re-
wards provide the largest individual contribution, confirming
that fine-grained action understanding enhances reasoning
capabilities. ReasonAct achieves competitive performance
among 3B-parameter models, significantly outperforming
strong, publicly available models on these action recognition
benchmarks.

Despite the additional training complexity, ReasonAct
maintains competitive inference efficiency, with only a 30%
increase in latency and a 50% increase in memory usage
compared to the baseline. This demonstrates its practicality
for deployment in resource-constrained environments. To
assess generalization beyond action recognition, we further
evaluate on NextQA and CausalVQA, achieving 3.2% and
5.7% accuracy improvements over baselines.

Ablation Studies

To better understand the source of these improvements and
validate our design choices, we conduct ablation studies. As
shown in Table 2, our ablations reveal three key findings.
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Configuration HMDBS51 UCF-101 Kinetics-400
Accuracy A Accuracy A Accuracy A
Training Paradigm Ablation:
Baseline 49.3 - 78.3 - 66.6 -
Direct V-SFT (No FRE) 51.2 +1.9 81.7 +3.4 69.8 +3.2
Direct T-GRPO (No FRE/V-SFT) 53.8 +4.9 84.1 +5.8 71.4 +4.8
FRE + V-SFT (No T-GRPO) 59.4 +10.1 87.1 +8.8 75.8 +9.2
Complete ReasonAct 67.2 +17.9 94.1 +15.8 78.9 +12.3
Reward Component Ablation:
T-GRPO w/o Temporal Rewards 61.8 +12.5 89.2 +10.9 76.1 +9.5
T-GRPO w/o Sub-Action Rewards 64.7 +15.4 91.3 +13.0 77.4 +10.8
T-GRPO w/o Format Rewards 66.1 +16.8 93.2 +14.9 78.2 +11.6
Full T-GRPO 67.2 +17.9 94.1 +15.8 78.9 +12.3
Sub-Action Library Size Analysis:
25% Sub-Actions 65.4 +16.1 92.6 +14.3 78.1 +11.5
50% Sub-Actions 66.3 +17.0 93.4 +15.1 78.6 +12.0
75% Sub-Actions 67.0 +17.7 93.9 +15.6 78.8 +12.2
100% Sub-Actions 67.2 +17.9 94.1 +15.8 78.9 +12.3

Table 2: Comprehensive ablation study examining individual component contributions across all benchmarks.

First, the three-stage curriculum is essential: progressive
training beats any single-stage shortcut by a wide margin,
and it shows that small models need a solid reasoning foun-
dation before tackling video. Second, the reward signals re-
inforce one another—sub-action rewards drive the biggest
gains, while temporal-consistency and formatting rewards
add smaller yet meaningful boosts. It reveals a clear contri-
bution hierarchy. Finally, accuracy rises as the sub-action
library grows but plateaus after roughly 75% coverage, im-
plying that our biomechanical inventory already captures the
most important primitives and that leaner subsets may suffice
in resource-constrained settings.

Qualitative Analysis and Error Analysis

Beyond the quantitative improvements demonstrated above,
we perform qualitative and error analyses to gain deeper in-
sights into the model’s behavior and identify areas for future
improvement.

Sub-Action Recognition Quality We perform an analysis
of sub-action recognition accuracy across three major bench-
marks. Our results, averaged over 5 independent runs, reveal
significant variations in recognition performance across dif-
ferent action phases. The Propulsion phase achieves the high-
est recognition rate (approximately 95%), benefiting from its
distinctive visual patterns and clear temporal boundaries. In
contrast, the Recovery phase shows lower accuracy (around
80%), indicating challenges in modeling subtle transitional
movements. The Preparation and Loading phases demon-
strate intermediate performance (87% and 86% respectively),
while action-specific variations suggest that our biomechani-
cal decomposition effectively captures the hierarchical struc-
ture of human movements across all three datasets.

Failure Case Analysis Our analysis reveals three primary
error sources that limit model performance. Visual ambigu-

ity presents the most frequent challenge, where actions with
similar visual patterns but different sub-action sequences
(e.g., “throw” vs. “swing”) occasionally cause confusion,
particularly in low-resolution videos. Additionally, temporal
boundary detection proves problematic when gradual transi-
tions between sub-actions are difficult to identify, leading to
imprecise temporal localization in reasoning chains. Finally,
cultural variations pose a systematic limitation, as our sub-
action libraries, primarily based on Western biomechanical
analysis, may not fully capture cultural variations in action
execution styles.

Limitations. The sub-action library construction is cur-
rently manual and may not generalize to domains beyond
human actions. Future work should explore automated sub-
action discovery and extension to diverse action types.

5 Conclusion

We introduced ReasonAct, a framework that enhances video
reasoning capabilities in smaller multimodal models through
a three-stage training paradigm: foundational reasoning en-
hancement, video-specific fine-tuning, and temporal-aware
reinforcement learning with sub-action decomposition. The
experiments demonstrate large improvements across multi-
ple benchmarks, validating the effectiveness of our progres-
sive training approach. Our key findings show that smaller
multimodal models require explicit reasoning foundation
building before task-specific training, and that decomposing
complex actions into biomechanically-motivated sub-actions
provides valuable training signals for enhanced temporal
understanding. These results demonstrate that thoughtful
training methodology can enable smaller models to achieve
competitive video reasoning performance while maintaining
computational efficiency, offering a practical alternative to
simply scaling up models.
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