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Abstract

Video Large Language Models (Video-LLMs) have re-
cently shown strong performance in basic video under-
standing tasks, such as captioning and coarse-grained
question answering, but struggle with compositional rea-
soning that requires multi-step spatio-temporal inference
across object relations, interactions, and events. The hur-
dles to enhancing this capability include extensive manual
labor, the lack of spatio-temporal compositionality in exist-
ing training data and the absence of explicit reasoning su-
pervision. In this paper, we propose STEP, a novel graph-
guided self-training method that enables Video-LLMs to
generate reasoning-rich fine-tuning data from any raw
videos to improve itself. Specifically, we first induce Spatio-
Temporal Scene Graph (STSG) representation of diverse
videos to capture fine-grained, multi-granular video seman-
tics. Then, the STSGs guide the derivation of multi-step rea-
soning Question-Answer (QA) data with Chain-of-Thought
(CoT) rationales. Both answers and rationales are inte-
grated as training objective, aiming to enhance model’s
reasoning abilities by supervision over explicit reasoning
steps. Experimental results demonstrate the effectiveness
of STEP across models of varying scales, with a signifi-
cant 21.3% improvement in tasks requiring three or more
reasoning steps. Furthermore, it achieves superior perfor-
mance with a minimal amount of self-generated rationale-
enriched training samples in both compositional reasoning
and comprehensive understanding benchmarks, highlight-
ing the broad applicability and vast potential.

1. Introduction

Recently, Video Large Language Models (Video-LLMs)
such as VideoChat [23], Video-LLaMA [59], and Video-
LLaVA [28] have demonstrated impressive results in the
field of video understanding, particularly in global interpre-
tive tasks like video captioning, coarse-grained visual ques-
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Figure 1. (a) Top left: A significant performance gap between
standard understanding and compositional reasoning tasks for ad-
vanced Video-LLMs. (b) Top right: Notable improvement with
our method. (c) Bottom: An example illustrating the challenging
tasks and our performance gains.

tion answering, and general summarization [3, 24, 31, 33].
However, recent empirical studies [9, 35] show that even
the most advanced Video-LLMs struggle with the com-
positional reasoning tasks that require multi-step spatio-
temporal reasoning across diverse object attributes, rela-
tions, dynamic character interactions and events, as shown
by a significant performance gap in Figure | (a). Compo-
sitional reasoning is essential to understand complex visual
semantics of open-world videos [17, 27, 40, 43], while its
absence hinders Video-LLMs from advancing toward real-
world applications, as shown in the example in Figure 1 (¢).

Several studies [0, 9, 35] have attempted to address
the challenge, but notable limitations remain: 1) Exten-
sive manual labor and lack of generalization: Although
compositional datasets such as CLEVRER [53], TVQA
[18], and NExT-QA [48] have been developed as fine-



tuning resources to enhance models’ reasoning abilities
[24], the human-annotated data construction demands sub-
stantial manual effort, making it impractical to generate
large-scale training samples. Moreover, methods relying
solely on those datasets are task-specific and often lack the
flexibility to generalize to new, unseen scenarios. 2) In-
adequacy of spatio-temporal compositionality: Video se-
mantics are typically extracted using limited clip-level de-
scriptors [11, 45, 55], which restrict the richness of visual
interactions and temporal dynamics, thereby hindering a
deeper understanding of spatio-temporal details in videos
[20]. Additionally, large-scale datasets generated through
prompting LLMs [ 1] tend to yield simplistic questions, lim-
iting the training of models to decompose complex prob-
lems and perform multi-step reasoning. 3) Absence of ex-
plicit supervision for reasoning process: Current black-
box training methods compute only the loss between model
output and ground truth [44, 61], causing models to rely on
spurious correlations [34] instead of structured intermediate
reasoning steps (“rationales”) behind answers. This lack of
supervision hinders the ability of compositional reasoning,
where multiple reasoning steps need to be well combined
in a coherent sequence. How to effectively and controllably
obtain multi-step rationales to guide this reasoning process
remains an open question [10, 26]. In summary, an ideal
learning paradigm would not only generate compositional
training data enriched with multi-granular spatio-temporal
video details, but also provide explicit reasoning supervi-
sion to better train Video-LLMs.

In this paper, we propose a novel graph-guided video
self-training method: STEP, enabling the model to self-
generate fine-grained and reasoning-rich fine-tuning data
from any raw videos to improve itself. Specifically, 1)
we perform the symbolic structure induction of Spatio-
Temporal Scene Graph (STSG) from any raw videos by
four defined operations: visual splitting, semantics pars-
ing, dynamic merging, and cross-clip bridging, to capture
multi-granular and fine-grained video semantics, enabling a
structured representation of spatial and temporal details in
video. 2) We implement a stepwise graph-driven ratio-
nale learning process on the structured STSG representa-
tions, sampling multi-step reasoning paths to generate di-
verse, reasoning-rich Question-Answer (QA) tasks along
with step-by-step Chain-of-Thought (CoT) rationales. Then
we train the model to learn both the answers and the ratio-
nales as integral components of the training objective, dis-
tilling the reasoning process to enhance its capability for
complex, multi-step compositional reasoning.

In our framework, we take advantage of Video-LLMs’
capability for self-training, greatly reducing reliance on ex-
tensive human-annotated data. By employing the STSG as a
unified structured foundation to encapsulate complex video
semantics, the model effectively captures fine-grained spa-
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tial relationships and temporal dynamics with high fidelity,
enhancing the framework’s capacity to generate composi-
tional tasks across multiple video hierarchies. Moreover,
our stepwise graph-driven rationale learning process allows
the model to draw from the inherent reasoning logic within
the graph structure, aligning each step in the rationale pre-
cisely with sub-questions in compositional tasks. By incor-
porating these well-reasoned, interpretable rationales as in-
tegral components of the training objective, we significantly
enhance the model’s compositional reasoning abilities.
Extensive experiments show that STEP notably en-
hances the compositional reasoning performance of Video-
LLMs with different parameters and architectures, espe-
cially with a 21.3% improvement on tasks requiring three
or more reasoning steps. Furthermore, compared to models
trained on manually annotated datasets, STEP achieves su-
perior model performance across diverse benchmarks, with
a minimal amount of self-generated, reasoning-rich train-
ing samples, highlighting the broad applicability and vast
potential. Our contributions can be summarized as follows:

We introduce STEP, a novel graph-guided self-training
method that leverages spatio-temporal scene graphs to
guide the model in self-generating reasoning-rich QA
tasks and CoT rationales for training, thereby enhancing
its compositional reasoning abilities.

STEP is model-agnostic, enabling easy application
across various Video-LLM architectures, and is designed
to operate with minimal manual effort, effectively lever-
aging large-scale raw unlabeled videos for training.

With a smaller dataset size, STEP shows improved per-
formance not only on complex compositional reasoning
datasets, but also on standard VQA, comprehensive and
long video understanding benchmarks, underscoring the
effectiveness and vast potential of our approach.

2. Related Work

Video Large Language Models (Video-LLMs). Follow-
ing the notable success of Large Language Models (LLMs)
[7, 25, 37], many works have adapted LLMs to the video
modality [1, 23, 28, 39], aiming to combine LLMs’ rea-
soning and interactive skills with video perception. These
methods align visual features with LLMs’ feature space via
projection layers, enabling tasks like video captioning and
QA. However, current Video-LLMs remain at the percep-
tual surface of videos, lacking fine-grained spatio-temporal
understanding and compositional reasoning abilities.

A notable effort, Video-of-Thought (VoT) [9], integrates
STSG representations into the model input for pixel-level
spatio-temporal understanding and applies CoT prompts for
step-to-step task decomposition. However, it needs special-
ized training for STSG encoder, adding computational over-
head, and relies on custom CoT prompts for specific tasks,
limiting generalization and scalability. In contrast, our ap-



proach is more versatile to apply across various Video-LLM
architectures. It requires no additional modules to encode
STSG representation, instead extracting rich semantics in
STSG into fine-grained QA and reasoning-rich rationales,
enhancing adaptability across various reasoning tasks.
Visual Instruction Tuning and Self-Training. Numerous
works [13, 21, 30, 60] have demonstrated the importance of
visual instruction tuning for improving Video-LLMs’ per-
formance. However, the high cost and inefficiency of man-
ual annotation hinder large-scale data collection for com-
positional reasoning. Consequently, self-training methods
[2, 14, 57], where LLMs autonomously generate training
data, have gained traction for scalable instruction tuning.

Video-STAR [64], as the first video self-training ap-
proach, has shown the method’s feasibility. However, it
relies on labeled metadata, limiting the scope of available
datasets, and uses simplistic prompts for generating training
data, leading to lower-quality training data for complex rea-
soning tasks. Our method, by contrast, requires no manual
annotation and can directly process raw, untrimmed videos.
By leveraging STSG representation, it captures fine-grained
spatio-temporal details, enhancing compositional reasoning
while offering a more reasoning-rich training data.

3. Method

To enhance compositional reasoning in Video-LLMs with
minimal manual effort, we introduce STEP, a model-
agnostic graph-guided self-training method allowing Video-
LLMs to effectively generate reasoning-rich training data
for improving itself, as depicted in Figure 2. Given a raw
video, we first perform symbolic structure induction to ab-
stract the intricate visual content into a structured STSG
representation (Section 3.1). We then implement a step-
wise graph-driven rationale learning process to derive QA
pairs with CoT rationales from reasoning paths on STSGs,
providing explicit supervision during training (Section 3.2).

3.1. Symbolic Structure Induction

Raw videos are saturated with chaotic, unstructured and re-
dundant visual information, making direct utilization for
model training challenging. While prior work [12, 15, 36]
has shown the effectiveness of structured video representa-
tions, it is primarily centered on object-level semantics and
constrained by rule-based extraction, missing fine-grained
spatio-temporal details. Inspired by [54], we design a sys-
tematic paradigm to induce the model to symbolize raw
videos into a unified, open-vocabulary and fine-grained
STSG. Four defined operations — visual splitting, seman-
tics parsing, dynamic merging, and cross-clip bridging
— effectively capture and organize multi-granular spatio-
temporal details into the nodes and edges of the STSG, en-
compassing objects, relations, actions, and events, thereby
enabling more structured and comprehensive reasoning.
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Visual Splitting. Given an untrimmed raw video, we use
PySceneDetect [5] to detect scene cuts and segment them
into distinct clips, capturing various scene transitions. Then
a clustering-based extraction method [42] is applied to ob-
tain representative keyframes, so as to maintain fine-grained
key semantics while minimizing redundant features.

Semantics Parsing. For each keyframe at time ¢, we design
a series of purpose-driven parsing instructions to guide the
model to automatically generate Frame Scene Graph (FSG),
denoted as G; = (Oy, A;, R;). More specifically, we in-
duce a set of object nodes O, = {01,09,...,0,} from
scene narrative of the keyframe, then instruct the model to
categorize them into static or dynamic. For each object o;,
we request a detailed description to extract its fine-grained
attribute nodes, contributing to the set of attribute nodes
Ay = {a;; | 0; € O}. Subsequently, for each pair of ob-
jects (0;,05), we construct subject-predicate-object triples
to capture their relational correspondence, forming rela-
tion edges r; ; = (0;,p; ;,0;), where p; ; describes their
relationship. These edges collectively define the set R,
{ri;j | 0s,0; € O}. To reduce potential hallucinations
and inaccuracies, we employ a dual verification process: (i)
sampling n responses to compute node/edge frequencies as
confidence scores and discarding low-confidence ones; (ii)
prompting the model to verify each node/edge’s presence
in the video, discarding those labeled as “no.” This ensures
reliable visual information extraction.

Dynamic Merging. While FSGs capture fine-grained vi-
sual semantics, the short temporal intervals between con-
secutive frames often introduce redundant nodes and edges,
hindering computation and propagation [46]. To address it,
we merge identical static object nodes across frames into
a unified node, preserving essential attributes and updat-
ing the connected edges to maintain spatial relationships.
For dynamic nodes, we introduce motion edges my
(04,11 Pks 0i 155 [t1, £2]) to succinctly capture the motion re-
lationship, where o; ;, and o; ;, denote the same object o;
at different timestamps, pj describes the motion type, and
[t1,t2] specifies the temporal interval over which this mo-
tion occurs. The set My = {my} allows the model to cap-
ture and differentiate object movements over time, reducing
redundancy while enhancing the representation of dynamic
interactions. The resulting graph, termed a Temporal Scene
Graph (TSG), integrates static and dynamic elements, pro-
viding a rich foundation for temporal reasoning tasks re-
quiring analysis of object trajectories and interactions..

Cross-clip Bridging. While TSGs provide comprehensive
intra-clip spatial and temporal information, cross-clip rela-
tions remain underrepresented. To bridge it, we introduce
reference edges between object nodes across clips, ensur-
ing semantic coherence and temporal continuity. To deter-
mine if an object o; in clip ¢; corresponds to an object o; in
clip co, we input their respective keyframes, along with ex-
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Figure 2. A high-level overview of our STEP approach. We first perform symbolic structure induction to convert spatio-temporal
details into a unified STSG. Then a graph-driven rationale learning process is implemented to generate QA pairs with CoT rationales from

reasoning paths, providing explicit supervision during training.

tracted labels and attributes, into the Video-LLM, prompt-
ing it to assess whether the specified objects are identical.
This enhances the model’s ability to consistently track ob-
jects across scenes, thereby supporting tasks that require
long-term temporal reasoning and continuity. Additionally,
we obtain event edges for each clip, providing a holistic
description and view of all clips.

Ultimately, we extract fine-grained visual information at
the frame level, merge redundant details, integrate dynamic
motions, and bridge cross-clip relation information, result-
ing in a unified STSG representation.

3.2. Stepwise Graph-driven Rationale Learning

The induced STSGs represent the spatio-temporal struc-
ture of videos, providing a wealth of fine-grained visual
details and dynamic interactions for compositional learn-
ing. However, the intricate nature of these graph structures
renders it impractical to directly apprehend and integrate
them into the reasoning mechanisms of models, whether as
inputs or outputs [22, 56]. Motivated by the insight that
reasoning tasks can be generated from a structured hier-
archical graph [16, 19, 62], we propose a multi-step rea-
soning path sampling method to compose visual semantics
of nodes and edges into structured compositional question-
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answer, while simultaneously producing step-to-step CoT
rationales which reflect an explicit reasoning process for
graph-inferable answers. Finally, We implement explicit ra-
tionales supervision, where both the answers and their cor-
responding rationales are integrated into the training objec-
tive, thereby enhancing model’s compositional reasoning.
Multi-step Reasoning Path Sampling. Considering that
each node on STSG represents a visual semantic in videos,
any pair of connected nodes can form a single-step visual
question. To facilitate the construction of intricate multi-
step reasoning tasks, we sample diverse reasoning paths that
traverse multiple nodes and edges across the graph. The
length of each path, corresponding to the number of reason-
ing steps, enables precise control over task complexity, al-
lowing for a balanced integration of straightforward queries
and advanced multi-step reasoning challenges.

Given the spatio-temporal scene graph G and a specified
number of reasoning steps N € Z7T, we iteratively sam-
ple a reasoning path p by expanding it over NV iterations.
1) Initialization: we begin with an empty path py and ini-
tialize two sets: a question set Q = () and an answer set
A = (). The nodes in Q correspond to the components of
the current question, indicating the parts of the reasoning
that remain open for expansion. In contrast, the nodes in
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A have already been incorporated as answers to previous
sub-questions and are no longer expandable. 2) N-step Ex-
pansion: we first randomly select a pair of connected nodes
from G, one in () and another in A, generating the initial
question with answer. In each subsequent iteration, we ran-
domly select a node from @ and expanding its connected
nodes, progressively transforming the question into a more
complex form and adding one more step to the reasoning
path. The expanded node is then moved to A, indicating
that it has been fully expanded. This process continues un-
til no further nodes can be expanded from (), or the maxi-
mum number of reasoning steps N is reached. 3) Temporal
Contextualization: to incorporate temporal aspects, we se-
lect an event edge and apply a time range to the question,
thus grounding the question in a specific temporal context.
In this process, each node expansion corresponds to the
addition of a new sub-question, representing a discrete rea-
soning step within the multi-step inference process. As each
expansion, we record the corresponding sub-question and
answer, progressively building a richer and more detailed
CoT rationale. Finally, we obtain not only the complex,
multi-step question with answer but also the explicit CoT
rationale that outlines how this answer was derived through
the series of reasoning steps. We then utilize the language
model within the Video-LLMs to diversify the QA types,
enhance the logical flow in the rationales (see Appendix
A.2 for more details), thereby enabling tasks to be uncon-
strained by templates, more diverse and adaptable.
Explicit Rationales Supervision. To address the lack of
explicit supervision over the model’s intermediate reason-
ing steps, which is inherent in traditional black-box train-
ing, we incorporate generated rationales into the training
process. These rationales are not merely supplementary in-
puts, but play a crucial role by providing transparency into
the model’s reasoning at each step. Rather than treating the
rationales as isolated components, we frame the learning
process as a multi-task problem, where both the answers
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and their corresponding rationales are jointly learned to en-
hance the model’s reasoning ability. In other words, the
f(x,q,i*) — aand f(x,q,i") — 7 are trained with:

N
1 an A
Lanswer = Nzl(f(xk,%,li)ﬂk) (1
k=1
1 N
Lrationale = N Z l(f(CCk, qk 12)5 fk) (2)
k=1

The a denotes the answer to the compositional question
q of video z, and 7 represents the corresponding CoT ratio-
nales. Here, ¢* and ¢" are distinct instructions for answer
and rationale generation, respectively. This formulation en-
ables the model to predict task answers while internalizing
the reasoning process. The loss function is defined as:

L= Lanswer + /\Lrationale (3)

We set A to 1 to guarantee equal priority for answer pre-
diction and rationale generation. This equilibrium in our
approach highlights our dedication to fostering a model that
is adept at not only producing accurate predictions but also
articulating coherent and logical rationales.

4. Experiments

STEP is a model-agnostic method that bootstraps composi-
tional reasoning QA pairs with step-by-step CoT rationales
for effectively self-training Video-LLMs. In this section,
we outline our experimental setup (Section 4.1), evaluate
against several baselines on various compositional reason-
ing and video understanding tasks (Section 4.2), and assess
model performance across different reasoning steps (Sec-
tion 4.3). We also conduct ablation studies to investigate
the contributions of each operation in STSG generation, the
impact of A in loss function and the impact of reasoning
steps on rationales for training (Section 4.4).

4.1. Experimental Setup

Model Setup. We compare STEP against two models with
different parameter sizes as backbones: VideoChat2 with
Mistral 7B [24] and VILA 3B [29], aiming to show that our
method is model-agnostic and effective across architectures.
Initial Model. Most self-training frameworks start with a
pre-trained model to generate more detailed explanations
from labeled datasets [8, 58, 64]. However, our framework
is designed to operate on any unlabeled raw videos, requir-
ing the initial model to have a baseline level of instruction-
following capability to carry out the complex STSG con-
struction tasks involved. To meet this requirement, we
first perform instruction tuning on the pre-trained (visual-
language aligned) VideoChat2 model using a small set of
existing instruction-tuning data (see Appendix B for de-
tails), resulting in the baseline model, VideoChat2*. For



Zero-shot Standard QA Datasets

Compositional Reasoning Datasets

MSVD-QA MSRVTT-QA  ActivityNet-QA AGQA STAR
Accuracy Score Accuracy Score Accuracy Score | Accuracy Score Accuracy Score

VideoChat (7B) 56.3 2.8 45.0 2.5 26.5 2.2 - - - -

VideoChatGPT (7B) 64.9 33 49.3 2.8 352 2.7 - - - -

Video-LLaVA (7B) 70.7 39 59.2 3.5 45.3 33 34.8 2.8 249 2.6
VideoChat2 (7B) 79.2 4.0 64.9 3.4 57.2 3.5 375 29 38.0 2.7
VideoChat2* 78.5 39 64.8 34 54.8 34 36.5 2.9 34.8 25
VideoChat2* I'nstruct 78.9 3.9 64.1 33 55.0 34 374 2.9 36.2 2.5
VideoChat2* Distillation 79.0 39 65.0 34 55.2 34 38.2 3.0 37.6 2.6
VideoChat2* STEP 79.8 4.0 65.6 3.5 56.0 3.5 39.2 3.2 39.8 2.8
VILA (3B) 76.6 - 57.5 - 50.2 - 373 3.1 37.9 2.7
VILA Instruct 77.0 3.8 56.5 32 53.3 34 374 3.1 38.0 2.7
VILA Distillation 77.2 3.8 58.9 33 51.4 33 383 3.1 39.4 2.8
VILA STEP 78.2 3.9 60.6 33 551 3.5 38.9 3.2 40.3 2.8

Table 1. Comparison of model performance on zero-shot standarad QA and compositional reasoning datasets

VILA, as pre-trained checkpoints are unavailable, we con-
duct experiments directly on its instruction-tuned model.
Traning Settings. We train the initial model using our pro-
posed framework, along with two control models:

L]

The STEP model employs explicit rationales supervision
on self-generated QRA training data to demonstrate the
framework’s effectiveness.

The Instruct model is trained on an existing manually an-
notated dataset to compare performance with our smaller
but rationale-rich dataset.

The Distillation model leverages GPT-4V [38] to generate
QRA training samples for training, providing a basis for
comparing self-training against model distillation.

1) For the STEP model, we employ the STEP frame-
work to guide the backbone in autonomously generat-
ing reasoning-rich QRA training samples from raw video
datasets and fine-tuning itself using the loss functions in
Section 3.2. The process is iterative to better leverage
the model’s enhanced capabilities in each cycle, enabling
progressive improvement in reasoning through repeated
data generation and training, ultimately forming a self-
enhancing closed-loop mechanism. 2) The Instruct model
is trained on a manually annotated dataset derived from
the same raw videos used by STEP and doubled in size.
Since these traditional datasets only contain questions and
answers, the training loss L = Lynswer- 3) The Distillation
model utilizes a stronger model GPT-4V to replace the self-
training mechanism employed in STEP and use the same
raw video sources, training loss function, and dataset size
as in STEP, enabling a direct comparison of the effects of
self-training versus model distillation on performance.
Baselines. The paper also lists results from other Video-
LLMs like mPLUG-Owl1 [52], VideoChat [23], VideoChat-
GPT [1], Video-LLaVA [28] for comparison.

Evaluation Details. We evaluate our method using the
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following benchmarks: 1) compositional reasoning bench-
marks, including AGQA [11] and STAR [45], by convert-
ing the source datasets into open-ended questions and ap-
plying the evaluation protocol from [1]. This protocol re-
ports two metrics: accuracy (the percentage of correctly an-
swered questions) and the average score (where ChatGPT
rates each response on a scale of 0-5, with the mean score
calculated). 2) Zero-shot standard QA datasets, including
MSVD-QA [49], MSRVTT-QA [50], and ActivityNet-QA
[4], evaluated using the same protocol as 1). 3) Comprehen-
sive video understanding benchmarks, such as MVBench
[24] and TempCompass [32], following their respective
evaluation methodologies. 4) Long video understanding
benchmarks, such as MovieChat-1K [41] and MLVU [63],
adhering to their evaluation protocols. All evaluations
are conducted using the same GPT model [47] (“gpt-3.5-
turbo”) to ensure consistent comparisons across all tasks.
We present the evaluation details in Appendix D.

4.2. Quantitative Results

Results can be seen in Table 1. The notable performance
gap between baseline models on standard QA and composi-
tional reasoning tasks highlights the necessity of STEP for
improving reasoning abilities. Moreover, STEP achieves
significant performance enhancement on two backbones
with varying architectures and parameter sizes, demonstrat-
ing the model-agnostic nature and effectiveness.

Advanced performance on diverse video reasoning and
understanding task. As demonstrated by the AGQA and
STAR datasets, STEP outperforms the baseline in composi-
tional reasoning tasks, highlighting the effectiveness of the
graph-guided self-training method in enhancing the model’s
reasoning capabilities. Moreover, improvements on stan-
dard QA datasets indicate that STEP extends beyond rea-
soning tasks, showing strong generalization and adaptabil-



AGQA STAR

1-step 2-step >3-step All 1-step 2 step > 3-step All
Step Distribution 21.65 45.30 33.05 100 24.57 56.04 19.39 100
VideoChat2 (7B)* 56.2 34.1 27.0 36.5 44.0 33.1 27.7 34.8
VideoChat2* Instruct 57.5 34.6 27.4 374 46.9 34.3 28.0 36.2
VideoChat2* Distillation 57.9 354 29.2 38.2 46.9 355 31.8 37.6
VideoChat2* STEP 58.5 36.7 30.0 (11.1%)  39.2 47.7 38.4 33.6 (21.3%)  39.8
VILA (3B) 57.5 34.7 27.7 373 46.7 37.1 29.1 37.9
VILA Instruct 57.6 34.8 27.7 374 47.0 37.1 29.0 38.0
VILA Distillation 58.2 35.7 28.8 38.3 47.0 38.5 32.1 39.4
VILA STEP 58.6 36.1 29.7 (7.2%) 38.9 47.8 39.3 324 (11.3%) 403

Table 2. Performance evaluation of compositional reasoning tasks over various reasoning steps on AGQA and STAR datasets.

ity to a wide range of general video understanding tasks.

Explicit utility of rationales. Compared to the Instruct
model, which uses twice the amount of manually annotated
instruction-tuning data relative to our QRA samples, our
method still achieves significantly greater improvements in
reasoning tasks. This suggests that the reasoning-rich train-
ing data generated by STEP offer more effective support
for enhancing the model’s reasoning capabilities than tradi-
tional datasets. Furthermore, the incorporation of explicit
rationale supervision during training facilitates more effec-
tive internalization of reasoning, offering an advantage over
conventional black-box training methods.

Superiority of self-training. Our self-training framework
STEP outperforms Distillation despite using a relatively
weaker base model. By comparing generated STSG ac-
curacy and training loss in Figure 4, we attribute STEP’s
superiority to: 1) STEP maintains comparable STSG accu-
racy through filtering, guaranteeing relatively precise gen-
erated QRAs. 2) Teacher model effectiveness significantly
depends on compatibility with base models [51], STEP’s
lower loss indicates better alignment with the base model’s
knowledge and capabilities. 3) Unlike Distillation’s single-
pass generation, STEP progressively produces STSGs and

Comprehensive Long-video
TempCompass MVBench MovieChat-1K MLVU
VideoChatGPT (7B) 352 327 47.6 31.3
mPLUG-OwlI-V (7B) 40.0 29.7 - 25.9
VideoChat2 (7B)* 49.0 47.0 63.5 435
VideoChat2* Instruct 51.8 479 64.5 443
VideoChat2* Distillation 53.6 48.5 66.1 46.0
VideoChat2* STEP 55.4 49.2 67.6 46.4
VILA (3B) 51.4 43.0 55.4 22.7
VILA Instruct 52.6 44.2 56.3 229
VILA Distillation 53.5 44.8 56.9 235
VILA STEP 544 45.6 574 24.3

Table 3. Comparison of TempCompass, MVBench, MovieChat-
1K and MLVU benchmark. For TempCompass, we present the
results for the Multi-Choice QA task type. See more evaluation
result details in Appendix E.
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QRAs with improved abilities, fostering a positive feedback
loop that enhances data quality and overall performance.
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Figure 4. The generated STSG accuracy (see measured details in
Appendix D) and training loss of STEP and Distillation.

Improvement on challenging benchmarks. We evaluate
STEP on four challenging benchmarks, showing significant
improvements (Table 3). TempCompass and MVBench
are fine-grained temporal benchmarks sensitive to hallu-
cinations, showing that our method effectively interprets
event sequences and reduces hallucinations by integrating
multi-granular details and query-aligned reasoning steps.
MovieChat-1K and MLVU are minute-long video bench-
marks with diverse content, demonstrating robust general-
ization and enhanced long-video understanding in models.

4.3. Performance Analysis Over Reasoning Steps

We further measure the model performance across differ-
ent reasoning steps to better understand its reasoning ca-
pabilities, as shown in Table 2. For the AGQA dataset,
we utilize the reasoning steps provided, which are based
on the “ground-truth” reasoning path derived from its scene
graph. For STAR questions, since no related data is avail-
able, we manually assigned a number of reasoning steps to
each question template to standardize evaluation.

Notably, we observe that, aligned with the overall perfor-
mance, our STEP approach outperforms the baseline and
control models across all reasoning step cases in both com-
positional datasets. We attribute this improvement to the
advantages conferred by reasoning-rich training data and
explicit rationale-based supervision during training. Partic-
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Figure 5. Example outputs of the model trained by STEP

ularly, on the challenging reasoning tasks requiring three
or more reasoning steps, our method achieves a remarkable
improvement of 21.3% in STAR datasets, highlighting its
effectiveness for enhancing complex reasoning abilities.

4.4. Ablation Study

Qualitative analysis. We present a qualitative example in
Figure 3 to illustrate our process from an untrimmed raw
video to a unified STSG representation, which finally be-
comes reasoning-rich QRA training samples. We also show
an example of improved model performance in Figure 4.

Analysis on STSG induction. For the four operations of
STSG induction, we conduct sequential ablation experi-
ments using VideoChat2* as the backbone, with results on
AGQA and STAR shown in Table 4: 1) STEP: applies
all operations to construct a unified STSG for generating
QRA samples; 2) STEP w/o splitting: divides videos into
uniform time intervals and samples frames evenly, rather
than detecting scene transitions and extracting key frames
via clustering; 3) STEP w/o parsing: directly employs a
simplified prompt to generate a JSON-format scene graph
without incremental extraction of attributes, objects and re-
lations; 4) STEP w/o merging: leaves redundant nodes and
dynamic information unprocessed; and 5) STEP w/o bridg-
ing: omits cross-clip information. We observe that parsing
is the most crucial operation, enabling extraction of multi-

AGQA STAR
Accuracy Score Accuracy Score
1 STEP 39.2 3.2 39.8 2.8
2 w/o splitting 38.9 3.2 39.2 2.8
3 w/o parsing 37.8 3.0 36.5 2.6
4 w/o merging 38.3 3.1 37.3 2.7
5 w/o bridging 38.6 3.1 38.3 2.7

Table 4. Ablation results (%) of individual components.
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granular spatial-temporal details. Merging and bridging are
also essential for reducing redundancy and preserving dy-
namic information, while splitting has the least impact, as
uniform time intervals still provide sufficient structure.
Analysis on ) in rationale supervision. We explore the
impact of X in the loss function (Section 3.2) on the trade-
off between answer accuracy and rationale quality, as illus-
trated in Figure 6a on VideoChat2*. The results indicate
that A = 1 achieves the best performance, as smaller val-
ues fail to sufficiently train rationale reasoning, while larger
values cause the rationale’s intricacy to dominate, thereby
negatively impacting answer accuracy.

Analysis on reasoning steps of rationales. We examine
the effect of reasoning step distributions in QRA training
samples on model performance using VideoChat2* as the
backbone in Figure 6b. We find that an overabundance of
simple 1-step questions leads to performance degradation,
likely due to limited reasoning exposure. Conversely, using
only complex 3-step questions also reduces performance,
suggesting that overly complex samples hinder generaliza-
tion. The best results are achieved with a balanced distri-
bution of reasoning steps, allowing the model to learn from
both simple and complex samples.

000 035

050 T00 35 50 0 135 175 20 235 25

(@) (®)
Figure 6. (a) Impact of A on model performance. (b) Impact of
reasoning step distributions

5. Conclusion

In conclusion, we introduce STEP, a model-agnostic,
graph-guided self-training framework that utilizes STSG
representations to self-generate fine-grained, reasoning-rich
training data from raw videos. By incorporating a step-
wise explicit rationale learning mechanism, STEP signif-
icantly enhances the multi-step reasoning capabilities of
Video-LLMs. Extensive experimental results demonstrate
that STEP achieves a 21.3% improvement in compositional
reasoning on complex multi-step tasks, surpassing models
trained on manually annotated datasets, even with a mini-
mal amount of self-generated, reasoning-rich training sam-
ples. Furthermore, STEP exhibits robust performance on
comprehensive and long-video understanding benchmarks
across two distinct backbones, underscoring its broad appli-
cability and potential to advance reasoning in Video-LLMs.
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