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Abstract—Video Question-Answering (VideoQA) enables ma-
chines to interpret and respond to complex video content, advanc-
ing human-computer interaction. However, existing multimodal
large language models (MLLMs) often provide incomplete or
opaque explanations and existing benchmarks mainly focus on
the correction of final answers, limiting insight into their reason-
ing processes and hindering both transparency and verifiability.
To address this gap, we propose the Question Parsing, Video
Alignment and Answer Aggregation framework (QPVA®), which
leverages a compositional graph to drive visual and logical
reasoning in VideoQA. Specifically, QPVA?> consists of three core
components, the planner, executor, and reasoner to generate the
compositional graph and conduct graph-driven reasoning. For
the original question, the planner parses it into the compositional
graph, capturing the underlying reasoning logic and structuring
it into a series of interconnected questions. For each question in
compositional graph, the executor aligns the video by selecting
relevant video clips and generates answers, ensuring accurate,
context-specific responses. For each question with its first-order
descents, the reasoner aggregates answers by integrating rea-
soning logic with visual evidence, resolving conflicts to produce
a coherent and accurate response. Moreover, to assess the
performance of existing MLLMs in the reasoning processes of
VideoQA, we introduce novel compositional consistency metrics
and construct a VideoQA benchmark (QPVA>Bench) with 3,492
question-video tuples, each annotated with detailed composi-
tional graphs and fine-grained answers. We evaluate the QPVA®
framework on QPVA®Bench and 5 other VideoQA benchmarks.
Experimental results demonstrate that our framework improves
both consistency and accuracy compared to baselines, leading to a
more transparent and verifiable VideoQA system. This approach
has the potential to advance the field, as supported by our
comprehensive evaluation and benchmarking efforts. Code and
dataset are available at https://github.com/QPVA3/QPVA3-PAMI.

Index Terms—Multi-modal Large Language Model, Multi-
modal Reasoning Framework, Multi-modal Benchmark, Com-
positional Reasoning, Video Question-Answering.
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IDEO Question-Answering (VideoQA) has recently
Vemerged as a prominent research area, with significant
applications in interactive artificial intelligence and recogni-
tion science. The advent of Large Language Models (LLMs)
and their multimodal extensions (MLLMs) has spurred the
development of numerous models, such as Video-LLaMA [1],
[2], and Video-LLaVA [3], which exhibit substantial capabil-
ities in understanding and reasoning over video data. These
models have achieved notable success on several challenging
VideoQA benchmarks [4]-[10].

However, existing MLLMs often offer limited explanations
for their answers to complex questions. This lack of trans-
parency makes it challenging to comprehend the full reasoning
process, reducing users’ trust in the models and making it
difficult to identify and correct issues in their predictions.
For instance, in Fig. 1, Video-LLaVA answers the question,
“Is the boy skilled at eating?” with “No” and explanation
comprising only a few vague clues. This explanation neither
identifies the specific video clips that show “how the boy
is eating”, nor does it outline the reasoning process behind
the answer. Therefore, the lack of reasoning transparency
makes the question-answering (QA) process unverifiable, as
users cannot trace how conclusions are drawn. This not only
hinders our understanding of the reasoning logic but also
limits our ability to enhance MLLM accuracy, especially
when addressing questions involving temporal relationships
and multiple visual cues [11].

In VideoQA, perception and cognition are two essential
stages involved in understanding the video scene and an-
swering questions. Specifically, low-level perception is re-
quired to understand the spatiotemporal characteristics of the
video, while high-level cognition aims to comprehend the
logic behind the video and question, reasoning along the
logical structure. VoT [12] attempts to construct a cognition-
level VideoQA reasoning framework by providing detailed
analysis of the video at the object and action levels, and
then performing reasoning based on the fine-grained video
representation. While VoT improves MLLM performance and
offers additional reasoning clues, it still falls short in capturing
the logical structure of questions and fully explaining the
reasoning process. Considering that existing MLLMs have
exhibited formidable video understanding abilities and can
handle relatively simple questions [2], we propose construct-
ing the cognition system starting from the question itself.
By reconceptualizing VideoQA as a compositional reasoning
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[ Question: Is the boy skilled at eating? J

Question: Is the boy skilled at eating?
Answer: No. In the video, we can see a boy in black eating in front

VideoLLaMA3 of a table. However, there is no evident that he is skilled at it.

Question: Is the boy skilled at eating? Answer: Yes.
I>Question: What is the boy doing in the video? Answer: The boy is eating.

Question: Is the boy eating? Answer: Yes.
Question: s the boy handling food? Answer: Yes.

L»Questinn: How is the boy eating? Answer: He is eating without making a mess.
Question: Does being skilled at eating involve eating quickly? Answer: No.
Question: Does being skilled at eating involve not making a mess? Answer: Yes.

Question: How is the boy's technique while eating? Answer: He is properly using

his hands and is enjoying eating.
Question: s the boy using his hands properly? Answer: Yes.

Question: Does the boy appear to enjoy the food? Answer: Yes.

Question: Have there been any observations of the boy’s eating habits? Answer: Yes.
Question: Has the boy previously shown preferences in food? Answer: No.

Question: Does the boy practice eating regularly? Answer: Yes.

Based on the question and the , the compositional graph as« %
(in JOSN format). [For each none-leaf question]{Reasoning along this
compositional graph, we can can conclude that ... When comparing the
synthetic and direct answer, we notice ..., therefore, the right answer is

QPVA3 ...} After reasoning, the final answer to main question is ” Yes ”.

Fig. 1: The reasoning pipeline between VideoLLaMA3 and our
QPVA3. The VideoLLaMA3 can only answers the question
with only a few vague clues, however, QPVA?3 can provide
the compositional graph and reasoning process.

task, we aim to enhance both the reasoning capabilities and
transparency of the system. To improve the cognition within
the MLLM framework, we first parse complex questions into
compositional graphs, and then align and aggregate relevant
information according to the logical structure.

In this work, we introduce the Question Parsing, Video
Alignment, and Answer Aggregation framework (QPVA?),
which addresses these challenges by reconceptualizing
VideoQA as a compositional reasoning task. By focusing on
the logical structure of questions, our framework enhances
reasoning transparency and is applicable to various MLLMs
[11, [3], [13]. Specifically, our QPVA3 framework incorpo-
rates three core components, the planner, the executor, and
the reasoner, that collaboratively represent and process the
reasoning of the original question within a compositional
graph. The planner utilizes an MLLM to parse the complex
question into a compositional graph, effectively capturing its
underlying logical structure and segmenting it into manageable
sub-questions. The executor employs a video aligner and
an MLLM to generate answers for each question in the
compositional graph. By selecting relevant video clips for each
question through the video aligner, the executor ensures that
background scenes do not affect the predictions [14], leading
to accurate, context-specific responses. The reasoner leverages
both an LLM and an MLLM to aggregate individual answers
into a coherent, comprehensive response. The LLM performs

compositional reasoning along the compositional graph and
check for logical consistency among the answers. Meanwhile,
the MLLM arbitrates these conflicts using the video content,
ensuring that the response is both logically sound and accurate.
Existing VideoQA benchmarks, such as MVBench [9] and
NEXT-QA [4], focus on the predicted answer of each video-
question pair, ignoring the reasoning consistency during the
process. To evaluate the reasoning consistency in VideoQA,
we propose a new data annotation pipeline that parse ques-
tions into compositional graphs without requiring fine-grained
spatiotemporal scene graphs of videos [6], [11]. Specifically,
for each video-question pair, we create compositional graphs
and corresponding answers with the assistance of ChatGPT-4o,
which are then checked and corrected by human experts. The
video-question pairs are selected from five existing datasets:
MSVD, MSRVTT, TGIF-QA, NExT-QA, and Causal-VidQA,
based on question type and the complexity of the composi-
tional graphs. For each combination of question type and com-
plexity level, we include about 250 questions in our benchmark
to reduce the bias. After filtering and annotation, we construct
QPVA3Bench, consisting of 3,492 question-video pairs with
corresponding compositional graphs and fine-grained answers.
As for the evaluation metrics, AGQA-Decomp [11] pro-
poses the compositional accuracy (CA), right for the wrong
reasons (RWR), and delta (CA-RWA) to evaluate the com-
positional consistency. However, these metrics only focus
on reasoning failure based on the sub-questions correctness
without considering the main question correctness, leading to
asymmetric and unstable problems. To address this, we extend
it to provide a symmetric and stable measurement for compo-
sitional consistency. Our metrics include consistency precision
(cP), consistency recall (cR), and consistency Fj (c-F7) along
with their negative versions. These metrics can evaluate the
compositional consistency of MLLMs in a balanced viewpoint.

To evaluate the performance of our QPVA? frame-

work, we conduct experiments on QPVA3Bench and other
five VideoQA benchmarks, including AGQA-Decomp [11],
Causal-VidQA [5], STAR [6], and MVBench [9]. Furthermore,
we analyze the effectiveness of individual modules in QPVA?
framework and present examples illustrating how the reasoning
process is enhanced. Our contribution is summarized as:

o Framework: We introduce the QPVA? framework, which
incorporates three core components to enhance both the
reasoning transparency and accuracy of existing method.

o Benchmark: We construct the QPVA®Bench, a new
VideoQA benchmark built with a human-in-the-loop
pipeline that provides compositional graphs and fine-
grained answers for detailed evaluation.

e Metrics: We propose novel metrics grounded in a theo-
retical analysis that proves the symmetry and stability of
our system over prior methods, enabling a more balanced
assessment of compositional reasoning.

o Experiment: Extensive experiments demonstrate QPVA3
framework improves both compositional consistency and
accuracy over baselines on multiple benchmarks, leading
to a more transparent and verifiable system.

This paper extends our previous work [15], with several

important improvements. For algorithmic, we extend the
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TABLE I: A contribution comparison of this work to our previous publication [15].

Category CVPR 2024 Version (VA3) This Work (QPVA?)
. Question Parser: Utilized an external, text-only Planner: Upgraded to a unified, MLLM-based Planner that leverages
Algorithm . P . .
LLM pipeline requiring few-shot examples. video context to generate compositional graphs end-to-end.
Answer Aggregator: Employed a training-dependent Graph  Reasoner: Introduced a training-free, MLLM-integrated Reasoner for
Neural Network requiring dataset-specific fine-tuning. graph-based logical inference, improving generalization and transferability.
Theory - Formal Metric Analysis: Provided a theoretical proof demonstrating
the asymmetry and instability of the CA-RWR system. Formally proved
that our proposed c-F7 system is symmetric, stable, and continuous.
Benchmark - New Benchmark (QPVA3Bench): Constructed a new, high-quality
benchmark with (1) broader scope, (2) question-specific applicability,
and (3) higher accuracy via LLM-+human annotation.
. Experiments were conducted on AGQA-Decomp Evaluation: Conducted new experiments on QPVA3Bench and multiple
Experiment

and its variants.

MLLM-specific benchmarks (MVBench, STAR, etc.).

Visualizations showed the effectiveness of the modules.

Analysis: Provided detailed ablation studies, visualization and statistical
significance analysis, proving the effectiveness of our framework.

original VA? pipeline into the QPVA3 framework by replac-
ing the external text-only parser and the training-dependent
GNN with a unified MLLM-based Planner and a training-free
Reasoner, which enhances end-to-end integration, generaliza-
tion, and transferability. For theory, we provide a formal
analysis that proves the asymmetry and instability of the
previous CA-RWR metrics, while also proving that our pro-
posed c-F) system is symmetric, stable, and continuous. For
benchmark, we introduce a novel compositional reasoning
benchmark, QPVA®Bench, which is constructed via a compre-
hensive LLM-assisted and human-verified pipeline that gen-
erates question-specific compositional graphs from a diverse
range of reasoning types without relying on scene graphs.
For experiments, we conduct extensive evaluations on our
QPVA3Bench and broader evaluation benchmarks, including
MVBench, STAR, and Causal-VidQA, and provide statistical
analysis demonstrating the superiority of QPVA3Bench.

II. RELATED WORKS
A. VideoQA Dataset and Benchmark

VideoQA extends ImageQA by incorporating the temporal
dimension to answer questions about dynamic visual content.
Recent VideoQA benchmarks have progressed to complex
tasks demanding skills like temporal [16], physical [17],
[18], evidence [4], [6], and commonsense reasoning [5],
[7], as well as long video understanding [8]. Concurrently,
the rise of MLLMs in video understanding has led to test-
only benchmarks like MVBench [9] and MMT-Bench [19]
for performance evaluation. Despite these advancements, us-
ing compositional visual events for answer prediction re-
mains underexplored. For instance, AGQA [20] and AGQA-
Decomp [11] use fine-grained spatiotemporal scene graphs
from Action Genome [21] to build compositional reasoning
datasets. However, annotating these scene graphs is labor-
intensive, which limits the creation of scalable compositional
reasoning datasets for broader tasks like evidence [4] and com-
monsense reasoning [S5]. Our proposed pipeline addresses this
by using ChatGPT-4o to parse VideoQA questions, rather than
videos, into compositional graphs with fine-grained answers.

Human experts then verify and correct the outputs, ensuring
both efficiency and accuracy.

B. VideoQA Methodology

Prior to the proliferation of LLMs, VideoQA methods
focused primarily on video-question alignment. These methods
implemented this alignment with cross-modal attention [22] or
memory networks [23], before graph reasoning became popu-
lar [24]. Recently, exploiting the natural hierarchy in video
representation has gained traction [25]-[27]. HQGA [26],
VGT [27], and CoVGT [28] align the question and video
hierarchies from low-level entities to high-level activities.

Video-MLLMs typically combine a pre-trained visual en-
coder for feature extraction [29], a vision-language aligner,
and an instruction-tuned language decoder for generating
responses [30]. Much research has focused on designing effec-
tive visual alignment approaches. Finsta [31] uses structure-
aware spatio-temporal alignment of video and text scene
graphs to improve VLM representations. Video-ChatGPT [13]
introduces spatial and temporal pooling to caption information
independently. Video-LLaMA [1] employs a Video Q-Former
to capture temporal changes, while VideoLLaMA2 [2] uses a
Spatial-Temporal Convolution Connector to efficiently capture
spatio-temporal features. LLaVA-NeXT [32] uses the AnyRes
algorithm to balance performance and cost across different
resolutions. Video-LLaVA [3] aligns video and image features
before LLM projection for a unified, computationally efficient
representation.

Despite these advancements, existing MLLMs still provide
limited explanations for their answers to complex questions.
This opacity obscures their reasoning, which undermines user
trust and hampers error correction. To address this, we pro-
pose the QPVA? framework for compositional reasoning. The
planner, executor, and reasoner collaboratively parse, align,
and aggregate information to improve reasoning transparency.

C. Compositional Reasoning

Parsing complex questions into simpler sub-questions is
a technique used in tasks like ImageQA [33]. Early bench-
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Fig. 2: The overall framework of our QPVA3. The planner, the executor, and the reasoner work collaboratively to parse
questions, align videos, and aggregate answers during the reasoning of the original question.

marks [20], [34] parsed questions into modular programs,
often executed by neural modular networks (NMNs) [35], to
derive answers. For instance, ACMN [33] uses dependency
trees to parse questions. The GQA benchmark [34] uses
structured programs to compute answers from scene graphs.
Building on GQA [34], AGQA [20] represents reasoning
programs for VideoQA using spatio-temporal scene graphs.
However, existing VideoQA methods cannot directly use the
programs from AGQA. AGQA-Decomp [11] addresses this
by transforming programs into sub-questions within composi-
tional graphs to evaluate the consistency of VideoQA methods.

Neural modular networks (NMNs) are widely used for
compositional reasoning in ImageQA [36] and VideoQA [35].
They parse questions into sub-programs and assemble the
corresponding modules to find the answer. While NMNs are
interpretable, their reliance on pre-defined modules that limit
their flexibility and scalability. VoT [12] aims for transparency
by reasoning over fine-grained object and action-level video
representations. However, it struggles to capture the logi-
cal structure or adequately explain its reasoning. Therefore,
we propose the QPVA? framework, which starts by parsing
questions to frame VideoQA as a compositional reasoning
task. This approach improves both reasoning capability and
transparency, moving towards a more cognitive-level process.

D. Causal Reasoning in VidQA

Recent efforts in VideoQA have explored causal inference
techniques to mitigate spurious cross-modal biases and en-
hance reasoning robustness. For example, IGV series mod-
els [14], [37], [38] focus on differentiating between causal

and environmental clips in VideoQA. CMCIR [39] intro-
duces front- and back-door interventions to disentangle visual-
linguistic spurious correlations. KPI [40] addresses dataset
bias by using front-door intervention as a knowledge proxy
to mitigate its effects. Similarly, VCSR [41] present a Visual
Causal Scene Refinement method that performs causal analysis
to isolate critical video segments/frames as the “visual causal
scene” for each question. It employs question-guided front-
door interventions to find causally evidence and separates non-
causal scenes via a contrastive learning mechanism. CRA [42]
further addresses the video question answering task with a
cross-modal causal grounding, which aligns answer prediction
with temporal grounding by leveraging bidirectional con-
trastive learning and multi-modal deconfounding via applying
front-door intervention on vision and back-door on language.

These causal reasoning frameworks explicitly construct
causal graphs or apply intervention operations to remove con-
founders and highlight true cause—effect relations in videos.
In contrast, our QPVA3 method takes a graph-driven com-
positional reasoning approach rather than performing formal
interventions, we parse each complex question into a hierarchy
of sub-questions and align video evidence to these sub-queries,
then aggregate the intermediate answers via a question parse
graph. Such structured pipeline inherently guides the model to
focus on relevant events and their relationships (e.g., temporal
or causal dependencies mentioned in the question) without
relying on spurious correlations. Therefore, QPVA? achieves
robust and interpretable VideoQA by enforcing compositional
reasoning constraints, offering an alternative yet complemen-
tary route to capturing causal dependencies in video narratives.
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ITI. QPVA3 FRAMEWORK

QPVA3 consists of a planner, an executor, and a reasoner
that collaboratively parse, align, and aggregate textual and
visual information to answer the question. The planner (Sub-
sec. III-A) uses an MLLM to parse the question into a com-
positional graph, capturing its logical structure and creating
manageable sub-questions. The executor (Subsec. III-B) uses
a video aligner and an MLLM to generate an answer for each
sub-question in the graph. The reasoner (Subsec. III-C) uses
both an LLM and an MLLM to aggregate the sub-answers into
a final, coherent response. Finally, we provide optimization
objectives and extra discussion (Subsec. III-D).

A. Planner

The planner in our QPVA? framework drives compositional
reasoning by managing the complex logic across visual and
textual data. To overcome the limitations of prior vision-
agnostic external parsers [15], the planner is designed to be
vision-aware, ensuring the decomposition is grounded in the
video content. For a given video and question, the planner
begins by parsing the question’s underlying structure and
intent. It deconstructs the question into a compositional graph
that defines the logical relationships among sub-questions.
This decomposition is applied recursively until the leaf nodes
are perceptual questions that an MLLM can directly answer.
This graph structure enables the framework to solve complex
questions from low-level perception with high-level cognition.

The parsing process follows specific instructions to ensure a
coherent breakdown of the input question. The planner takes
the initial question Q and constructs a compositional graph
G = (V,€&), where V is the set of nodes (sub-questions) and
£ is the set of edges indicating the compositional relationship.
The compositional graph is outputted in JSON format, facil-
itating data handling and interoperability. This ensures that
the graph G accurately captures the compositional reasoning
structure. Therefore, we prompt the MLLMs with:

Instruction: Suppose that you are an expert in linguistics
and logic, familiar with parsing complex questions. We will
give the rule of hierarchical parsing, please parse the further
provided questions based on the video content.

Rule: Hierarchically parsing the complex question into
relatively simple sub-questions, until they are simple atomic
questions, which are questions that can be directly per-
ceived from the video. The sub-questions could be possibly
overlapped. The parsing result shall be given in JSON
format as a compositional graph, and each different sub-
question shall have an identical ID. The compositional shall
end only when occurring the atomic questions.

Question: {original question}.

Video: {video_tokens}

Beyond parsing, the planner coordinates the reasoning pro-
cess by managing the executor and the reasoner. As the
central coordinator, it orchestrates the other modules to ensure
accurate and transparent reasoning. The planner directs the
executor to answer each sub-question in the compositional

graph. The executor then uses visual-language models to
answer these perceptual questions using the video content.
Once the executor finishes, the planner recursively engages the
reasoner in a bottom-up manner for transparent, controllable
aggregation. The reasoner combines sub-question answers
within each logical structure to derive higher-level insights.
This collaborative process makes the reasoning transparent, as
each logical step can be inspected and validated. By separating
concerns and managing module communication, the planner
ensures effective reasoning across all levels of abstraction.
To exploit the strong logical planning ability of MLLMs,
we fine-tune the MLLM to generate the JSON-formatted
compositional graph, where the loss can be formulated as:

1 i+t
Ly =1 —logplail, (1)
1=t

where ¢ and k are the input and output sequence length, and
sequence [¢¢, Gt+1, - - -, Gt+k) i the desired output sequences.

The QPVA? framework provides enhanced transparency and
user engagement. Separating the executor (answering) from
the reasoner (reasoning) allows users to clearly trace the
logic throughout the compositional graph. This design enables
human-in-the-loop interaction, letting users analyze, intervene,
and correct reasoning errors in real-time. This interactive
process improves reasoning outcomes and fosters greater trust
in the framework’s conclusions.

B. Executor

The executor in QPVA? answers questions by analyzing
the provided video content. It employs a two-stage process
to answer each question from the compositional graph. First,
a video aligner (Subsec. II1I-B1) selects the most relevant video
clips for the given sub-question. Then, an MLLM generates
the answer (Subsec. III-B2) using only these selected clips.

1) Video Alignment: Our video aligner is designed to ad-
dress the challenge of incomplete alignment between questions
and video content. This problem has two sources: questions
often lack specific temporal references, hindering ground-
ing models, and scarce annotation data prevents MLLMs
from providing precise supervision. Our hierarchical model
for video-question alignment overcomes these issues. It uses a
weakly supervised approach that combines contrastive learning
with answer prediction to achieve answer-oriented alignment
without extra annotations. The structure of the video aligner is
shown in Fig. 2. The video aligner processes a video-question
pair (v, ¢) to identify the most relevant video clips. Prior work
on this task [14], [37] did not exploit the natural hierarchy of
video features, which limited their representational power.

We propose a lightweight video aligner using three trans-
former layers to hierarchically fuse object, frame, and clip-
level video features with question features for selecting rele-
vant clips. A video v is represented by three feature levels: ob-
ject (F, € Rmexnsxnoxhe) appearance (F, € R™eX™sxhv),
and motion (F,,, € R™*") Here, n., ny, and n, are the
number of clips, frames per clip, and objects per frame,
respectively, while h, is the feature dimension. The aligner
uses a bottom-up approach to integrate video and question
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features. First, it aggregates object features F,, based on the
question, concatenates the result with appearance features F,,
and then aggregates this combined feature across frames. The
result is then concatenated with motion features F,, and
fused with question features to produce grounding scores.
Each aggregation step uses a transformer layer, with video
features as queries and question features as keys and values.
The aggregation from object to appearance is defined as:

FJ = TF(F,,F,,F,); (2)
F =Y on, (W,F] +b,) FJ; F; = [F¢||F.); (3

where o, is the softmax function over the object dimension,
TF is a transformer encoder, W, and b, are trainable, and
[-||] is concatenation. The updated feature F¢ is then used to
produce the motion feature F;, similarly. Finally, F); is used
to generate a binary indicator for relevant clips:

Fi, = TR(F5,, Fy, Fy); 8,0 = MLP; (FJ,); @)
Sirr = MLPy(F?); I = Gumbel-Softmax([s,||Sirr]), (5)

m

where MLP is the multi-layer linear projection.

Since the ground-truth of aligned video clips is not avail-
able, we exploit contrastive learning [37] to guide this module.
For a given training pair (v, q), the indicator identifies relevant
(0,) and irrelevant (0.) clips within the video v. This allows
us to define the anchor (f;, ), positive (fy 4), and negative
(fs.,q) features for the contrastive loss:

fi),.,q = ]:(737"7(]); .ff)’,q = -7:(”/7(1); fﬁc,q = ]:(667(1)7 (6)

where ¢’ is formed by replacing irrelevant clips 9. with
random ones. The function F is an MLLM, and we use
its average generated token feature as the output F(v,q).
Therefore, the contrastive loss is defined as

T
exp(f5, o for.a)

T T :

orqdor.a) T exp(f5  Fo..q)

While this contrastive loss helps separate relevant and irrel-

evant clips, it provides no explicit alignment supervision. To

create this supervision, we introduce an answer-oriented loss
based on next-token prediction, formulated as:

L. = —log (7

exp(

1t+k
a = 7 -1 i)y
c k; og g ®)

where, ¢ and k are the input and output lengths, ¢; is the i-th
ground-truth token, and p[g;] is its predicted probability.

2) Answer Prediction: After the video aligner identifies
relevant clips, an MLLM uses them and the question to
generate an answer. The MLLM processes the visual features
from these clips alongside the textual question. This process
allows the model to concentrate on the visual cues most
relevant to questions. Therefore, we prompt the MLLMs with:

Instruction: Given the question and video, answer the
question using several words or phrase.

Question: {original_question}.

Video: {video_tokens}

6

C. Reasoner

The reasoner in QPVA? synthesizes sub-question answers to
resolve their parent question within the compositional graph.
For any parent question, it first infers an answer using the
existing results from its children nodes. It then compares this
inferred answer to the one generated directly by the executor.
If answers conflict, the reasoner uses visual information to ad-
judicate the response, ensuring final consistency and accuracy.

Answering a parent question using its sub-answers requires
advanced logical reasoning. Introducing visual information at
this stage can add noise and mislead the model’s reasoning
process. Therefore, our initial reasoning stage uses an LLM
to focus purely on textual logic, avoiding visual distractions.
The LLM aggregates sub-question answers using only textual
data, applying its advanced reasoning capabilities. This method
requires the LLM to understand semantic dependencies within
the compositional graph. The LLM also evaluates consistency
by comparing its derived answer with the generated ones by
the executor. Therefore, we prompt the LLM with:

Instruction: Assume that you are an expert in logical
reasoning. In this task, you will be given a question about a
video and the directly predicted answer. The question can
be parsed into several simpler leaf questions, which are
also given with their predicted answers. This hierarchical
structure is indicated by indentation in the input questions.
The question IDs are provided before each question, and
you may refer to the questions the IDs. Your task is to
describe how to derive the answer of the main question
from the answers of the sub-questions and judge whether
derived answer conflicts with directly predicted answer.
Rule: Your output is a JSON only with the following keys:
- derivation_process: The reasoning process of deriving
the answer of the root question.

- derived_answer: The derived answer of the root question
from the answers of the sub-questions.

- is_conflict: Whether the derived answer conflicts with the
directly predicted answer.

Compositional Graph: {first_order_parsing_structure}.

If the logically inferred and video-derived answers conflict,
an MLLM begins a second-stage multimodal adjudication.
The MLLM then validates both answers by checking their
alignment with the video content. If one answer is visually
inconsistent, the MLLM defaults to the other. If both answers
are incorrect or visually unsupported, the MLLM uses visual
cues and the context from the errors to generate a new, more
accurate answer. This process involves re-examining the video
content and applying multimodal reasoning strategies for a
corrected answer. Therefore, we prompt the LLM with:

Instruction: You are an intelligent chatbot designed for
evaluating the correctness of generative outputs. You are
given a video and two candidate answers for a question.
Your task is to evaluate the correctness of these two
candidate answers based on the content of the video. If
one of them is correct, you should explain the reason why
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it is correct from the visual aspect. Otherwise, you should
provide the correct answer and explain the reason why the
given candidates are both incorrect and why the generated
answer is correct from the visual aspect.

Rule: Your output is a JSON only with the following keys:
- wrong_candidate_answer_0_visual_analysis: The ex-
planation and visual evidence to explain answer_0. Be
<Empty> if answer_0 answer is correct.

- wrong_candidate_answer_1_visual_analysis: The ex-
planation and visual evidence to explain answer 1. Be
<Empty> if answer_1 answer is correct.

- correct_answer_visual_analysis: The explanation and
visual evidence that supports the correctness of the chosen
candidate answer or generated answer.

- correct_answer: The correct answer chosen form the
candidate or generated if neither candidates are correct.
Question: {original_question}.

Candidate Answer 0: {candidate_0}.

Candidate Answer 1: {candidate_1}.

Video: {video_tokens}

The reasoner is central to the logical reasoning capabili-
ties of our QPVA3 framework. It ensures final answers are
logically consistent and visually grounded by integrating sub-
answers and using visual verification to resolve conflicts.
This two-stage process improves the framework’s accuracy,
transparency, and controllability, which fosters user trust.
Ultimately, the reasoner enhances performance by producing
reliable and transparent results, thereby advancing composi-
tional reasoning in VideoQA.

D. Optimization and Discussion

To enable the QPVA? framework, we enhance its pars-
ing and alignment capabilities. For parsing, we introduce a
compositional graph generation loss, £,, based on standard
next-token prediction. This loss trains the model to generate a
question’s compositional graph from video and text, improving
its ability to parse visually-grounded questions. We use the
LoRA method [43] to preserve the MLLM’s generalization
ability, training on data from AGQA-Decomp [11]. For align-
ment, we jointly optimize a contrastive loss and an answer
prediction loss, which provides weak supervision for the video
aligner. This process trains the aligner to select relevant clips
from long videos, thus reducing the MLLM’s computational
load. During this process, the MLLM’s weights are frozen,
and only the lightweight video aligner is optimized. We use
the Gumbel-Softmax technique to enable backpropagation of
gradients from L. and L, to the aligner, which provides a
differentiable approximation for the discrete clip selection and
is crucial for gradient flow to ensure the aligner is optimized
for answer-oriented alignment.

It worth noting that, although QPVA? is not explicitly a
causal inference model as [39], [41], [42], its compositional
graph design inherently captures causal dependencies. Each
question is parsed into a directed acyclic graph (DAG) of
sub-questions, with edges denoting temporal, logical, or causal
dependencies. For example, a cause-effect query (e.g., “Did

Compositional || Question: Where will the apple go after [person_] picks it up? |
Graph Generation
ereren |

ChatGPT-40 ChatGPT-40 Human
(Multimodal) (Language) ~Expert

JeuoRL].

Q: What is the immediate action after picking up the apple? | A Place apple in the bag.

s,li:‘si‘,f;-sity.:n Q: Is the apple being held? |A* Yes.
P Q: Is there a location for the apple to be placed? [A: Yes, inabag.
Q: Where could the apple be placed after being picked up? || |[A: In the bag.
Q: Is there a basket nearby? [A: Yes.
- Q: Is there a tree present? |A: Yes.
[ Corecion | Q: Is the apple being placed into a bag? (A Yes.
*

Fig. 3: The data extension pipeline of QPVA®Bench.

X happen because Y happened?”) produces a graph linking
cause Y to effect X, ensuring the model addresses Y first.
Aligning each sub-question with the relevant video segment
ensures that evidence for precursor events is gathered before
reasoning about dependent events. This graph-driven execution
mirrors causal reasoning: the model cannot skip intermedi-
ate steps and must resolve each link in sequence. Without
explicit do-calculus interventions or a dedicated causal mod-
ule, QPVA? still follows the question’s dependency graph,
preventing shortcuts and requiring visual evidence for each
step. Consequently, answers emerge from dependency-aware
inferences, improving interpretability and fidelity to true causal
relationships implied in the video.

IV. QPVA3 BENCHMARK
A. Data Selection

To construct the QPVA3Bench, we aim to select represen-
tative and diverse video-question (VQ) pairs. These pairs are
sourced from five key datasets: MSVD [44], MSRVTT [44],
TGIF-QA [45], NEXT-QA [4], and Causal-VidQA [5]. The
construction process has two main stages: Representative VQ-
Pair Selection and Diverse VQ-Pair Sampling. This method
yields a dataset covering a wide range of video content,
question types, and complexity. The resulting benchmark is
designed to foster models adept at multimodal reasoning.

In the Representative VQ-Pair Selection stage, we select
the K most representative VQ-pairs from the source datasets
to reduce the required number of compositional graph anno-
tations. We define representativeness based on the similarity
of both question and video content. Specifically, we represent
each VQ-pair by concatenating its video and question em-
beddings. We generate a 256-dimensional question embedding
using the OpenAl text-embedding—ada-002 model. We
compute the video embedding by averaging the embeddings of
all its associated questions. We then apply K-means clustering
recursively for NV iterations, finding K''/V centers at each step,
to identify K representative VQ-pairs. We use ChatGPT-4o to
annotate the compositional graphs for these selected K VQ-
pairs. To improve annotation quality, we provide M few-shot
examples in the prompt, selected from AGQA-Decomp based
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on VQ-pair similarity. In our experiments, we set N = 2,
K = 40,000, M = 5, and obtained 200 cluster centers in
each iteration. This process yielded K; = 28,769 valid VQ-
pairs, for which ChatGPT-40 confirmed the logical soundness
of their compositional graphs.

In the Diverse VQ-Pair Sampling stage, we select VQ-
pairs from the representative set to maximize diversity and bal-
ance across question types and compositional complexity. We
use ChatGPT-4o to classify each question into one of n; =7
types: Counting, YesOrNo, When, What/Who/Which,
Why/How, Where, and Other. We also measure composi-
tional complexity by the number of sub-questions, creating two
categories (n. = 2): simple (fewer than seven sub-questions)
and complex (seven or more). This process divides the K3
VQ-pairs into n; X n, = 14 distinct groups. From each of
these 14 groups, we select the M = 250 most diverse VQ-pairs
using K-means clustering on their embeddings, yielding a total
of 3,500 pairs. We then extend the compositional graph and
annotate the sub-question answers for these pairs, followed by
manual verification and correction. After this final step, 3,492
questions remained, forming the complete QPVA3Bench.

This systematic process yields a comprehensive dataset for
advanced compositional reasoning in multimodal contexts. The
representativeness and diversity of QPVA®Bench provide a
robust basis for evaluating models on complex reasoning tasks.

B. Data Extension

Constructing QPVA3Bench involves compositional graph
generation and sub-question answering to enhance model rea-
soning on complex videos. The procedure involves generating
a compositional graph for a given video and question, followed
by answering each derived sub-question. Unlike traditional
methods, our approach avoids costly spatial-temporal graph
transformations, simplifying the construction of compositional
graphs. This independence yields a flexible and efficient
method for generating reasoning structures applicable to di-
verse datasets. The approach streamlines dataset construction
and advances multimodal compositional reasoning.

Compositional graph generation begins with a given
video and its main question. We then select the five most
similar questions from AGQA-Decomp [11] to provide their
compositional graphs as few-shot examples. These examples
guide ChatGPT-40 in generating a compositional graph for
the target question. Next, we use ChatGPT-40 to perform a
video-agnostic rationality check, ensuring the graph’s logic is
sound and its leaf nodes are simple perceptual queries. This
check assesses the coherence and validity of the generated
graph. If a graph fails this check, we regenerate it, allowing
up to three attempts per question. A question is discarded if
its graph fails all three attempts. This iterative process ensures
all compositional graphs in our dataset are of high quality.

In the sub-question answering phase, we answer each sub-
question using its corresponding video content. We provide
ChatGPT-40 with each sub-question and sampled video frames
to generate a detailed answer. We find that answering sub-
questions simultaneously resulted in lower accuracy and fre-
quent omissions. To improve performance, we switch to a se-
quential method that processes each sub-question individually.

Next, two graduate students review and correct the responses
from ChatGPT-40 for accuracy. This human verification step
ensures the quality of the sub-answers and the final dataset.

This methodology improves our dataset by adding complex
reasoning structures and detailed annotations. By avoiding
spatial-temporal graph transformations, we lower the cost of
creating compositional graphs, making the approach more
accessible. This improves the support of QPVA? for advanced
reasoning and offers a scalable, efficient augmentation method
for the multimodal field.

C. Dataset Statistics

The QPVA3Bench contains 3,492 entries, each with a
video, a main question, and a compositional graph. Main
questions average 8.13+3.84 words, with answers averaging
4.314+3.00 words. The dataset also includes 9,509+ inter-
mediate questions (avg. length: 7.6942.09) with answers
averaging 3.43+3.59 words. It further contains 20,231 leaf
questions, which average 6.92+2.17 words, with answers
averaging 1.88+2.33 words. Compositional graphs average
9.0342.29 nodes with a mean hierarchical depth of 2.99+0.42
levels. The associated videos average 16.101+16.64 seconds
and 411.5+511.0 frames. These statistics confirm the diversity
and complexity of QPVA3, positioning it as a robust resource
for advancing compositional and multimodal reasoning.

D. Bias Analysis

1) Analysis of Sampling Strategy: Our two-stage sampling
strategy is designed to construct a representative and diverse
benchmark by systematically mitigating semantic and distri-
butional biases from the source datasets. As illustrated by the
t-SNE visualizations of video, question, and video-question
features in Fig. 4, our QPVA®Bench effectively covers the
semantic space of the union of the five source datasets. Fur-
thermore, the distribution of our sampled data is visibly more
uniform, avoiding the significant central clustering present in
the original data pool. A quantitative analysis of the question
type distribution, shown in Fig. 6, reveals that the source
datasets are heavily skewed towards What /Which questions,
with less focus on other categories. In contrast, our stratified
sampling approach ensures a more balanced distribution across
all seven categories, including under-represented types like
Why/How and Counting. From the analysis, our sampling
strategy alleviates the semantic coverage bias and question
type distribution bias inherent in the source datasets.

2) Comparison with AGQA-Decomp: As QPVA3Bench is
an evaluation-only benchmark, we compare it directly with
the test set of AGQA-Decomp. The AGQA-Decomp test set
is derived from only 1,814 unique videos and 168k questions,
with multiple questions generated for each video via templates
based on automatic scene graphs and question programs. This
results in high correlation and poor independence among ques-
tions for a single video. In contrast, every compositional graph
in QPVA®Bench is generated for a unique VQ-pair and verified
through a human-in-the-loop process, ensuring higher accu-
racy and diversity. This template-based generation in AGQA-
Decomp also leads to a high degree of repetition among sub-
questions and a highly skewed question distribution, where
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(a) Question Embedding

(b) Video Embedding

(c¢) Question-Video Embedding

Fig. 4: t-SNE visualizations of features between QPVA® and the union of five source datasets. Video, question, and video-
question features are extracted by Qwen-2.5-VL [46]. Best viewed when zoomed in.

(a) Question Embedding

(b) Video Embedding

(c¢) Question-Video Embedding

Fig. 5: t-SNE visualizations of features between QPVA?3 and AGQA-Decomp. Video, question, and video-question features are
extracted by Qwen-2.5-VL [46]. Best viewed when zoomed in.

AGQA-Decomp Union Set

6.0%
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32.6%
60.9%
79.0%

QPVA®Banch
Counting
143% 142% Yes/No
= ,[' : When
14.3% 14.3% Where
A% 14.3% What/Who/Which
14.3% Why/How
Others

Fig. 6: Question type distribution among the union of five source datasets, QPVA3Bench and AGQA-Decomp.

What /Which and Is/Are types dominate, and all other
categories collectively account for less than 5% of the data, as
depicted in Fig. 6. The t-SNE visualizations in Fig. 5 further
highlight this difference, showing that QPVA3Bench’s data
points are more dispersed while still covering the semantic
range of AGQA-Decomp. To investigate potential data redun-
dancy in AGQA-Decomp, we randomly sampled 10% and
5% of its 168k test questions. We evaluated VideoLLaMA3
and our enhanced VideoLLaMA3+QPVA? on these subsets.
On the 10% subset, the models achieved Accuracy and cF1
scores of 40.9% vs. 46.7% and 46.8% vs. 52.5%, respectively.
On the 1% subset, the scores were 41.6% vs. 47.5% and
47.1% vs. 52.9%. The minimal change in both the absolute
scores and the performance gap suggests that a much smaller
subset of AGQA-Decomp is sufficient for reliable evaluation,
highlighting significant data redundancy.

V. METRICS
A. Limitations of Existing Metrics

Compositional consistency measures whether a method can
provide the correct answer for the right reason. To formalize

this, we first define the four possible outcomes for a question
and its sub-questions. Let M be a model’s prediction on a
given sample. The status must be one of the following:
o Positive Consistent (Ni): The model answers both the
question and all its sub-questions correctly.
 Negative Inconsistent (/V ): The model answers all sub-
questions correctly, but fails on the question.
« Positive Inconsistent (N'): The model answers the
question correctly, but fails on at least one sub-question.
+ Negative Consistent (/V_): The model answers the ques-
tion incorrectly, and fails on at least one sub-question.
Therefore, existing metrics like Compositional Accuracy (CA)
and Right-for-Wrong-Reason (RWR) are formulated as:
N N*
TNTaN ORI NEN
+ + - -
and their difference, Delta = CA — RWR. However, these
metrics suffer from significant theoretical and practical issues,
leading to asymmetric and unstable evaluations.
The practical issues are illustrated in Tab. II. For rows 1
to 4, the underlying compositional consistency of the models

CA
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TABLE 1II: The counterexamples. Acc. is parent question
accuracy.

Data Count Existing Metrics Our Metrics

Nf Ny NI NZ CA RWR Delta Acc. P  cR cF
1 100 100 0 10 50.00 0.00 50.00 47.61 50.00 100.00 66.67
2 10 100 0 100 9.09 0.00 9.09 476 9.09 100.00 16.67
3 100 0 100 10 100.00 9091 9.09 95.23 100.00 50.00 66.67
4 10 0 100 100 100.00 50.00 50.00 52.38 100.00 9.09 16.67
5 99 100 1 0 49.75 100.00 -50.25 50.00 49.75 99.00 66.22
6 100 99 0 1 5025 0.00 50.25 50.00 50.25 100.00 66.88
7 9 99 1 1 50.00 50.00 0.00 50.00 50.00 99.00 66.44

should be similar, as 110 out of 210 questions are answered
with correct reasoning. However, CA, RWR, and Delta vary
significantly without clear semantic meaning. This suggests
an asymmetric treatment of inconsistent cases (N and N7,
Furthermore, the metrics exhibit instability when facing im-
balanced data distributions (rows 5 to 7), where models with
similar consistency profiles receive wildly different scores.
These failures stem from theoretical flaws.

The first flaw is asymmetry. The two types of inconsistency,
N (falsely answered main question with all sub-questions
correct) and N (correctly answered main-question with any
sub-question incorrect), are not treated interchangeably, lead-
ing to arbitrary evaluation changes.

Theorem V.1 (Asymmetry of the CA-RWR-Delta System).
Swapping the values of N| and N changes the values of
CA and RWR, unless N = NT. Consequently, Delta also
changes unless N, = NT* or Nj_' =N_.

n
Proof. Let the metrics be CA; = Ny

W and RWR1 =

N
NT4NZ
NT
CA2 = WE\/‘"’ and RWR2 =
+ —

. After swapping N and N7, the new metrics are
Ny .

NN The changes are:

NI(NT - N7)

(N + NDNE + N

NZ(Nf-N;)
(NT + NI)(Np +N2)
(11
Both ACA and ARWR are non-zero unless N, = NT.
Besides, ADelta = ACA — ARWR is also non-zero under
the same condition, indicating the system is asymmetric. [

ACA = CA; — CA, =

(10)

ARWR = RWR; — RWR, =

The second flaw is instability, where the metrics can change
arbitrarily under minor perturbations, especially in imbalanced
scenarios. CA and RWR are relatively independent, meaning
one can be changed drastically without affecting the other.

Theorem V.2 (Instability of the CA-RWR-Delta System).
Given a fixed total count N = Ni +N, +NT4+NZ, RWR can
change arbitrarily within [0, 1], while CA is held constant, and
vice versa. This instability is amplified when the denominator
of the changing metric is small.

Proof. Let’s fix the values of IV j_‘ and N, thereby fixing CA.
The remaining sum is S = Nt 4+ N~. The RWR is given by

10

+
RWR = % By reallocating a small count § between N7
and N~ (e.g, N = NT +6, N~/ = N~ —§), the new

RWR becomes RWR’ = NjSH. The change is ARWR = %.

If S is small, even a tiny perturbation J (e.g., § = 1) can
cause a large swing in RWR. As S — 0, |ARWR| — oc.
This means a model’s RWR score can fluctuate from 0 to
1 based on a single sample’s outcome, rendering the met-
ric and consequently Delta highly unstable. A symmetric

argument holds for CA when Nj_' + N is small. O

B. Proposed Symmetric and Stable Metrics

To address the issues of asymmetry and instability, we
propose a new set of metrics based on the concepts of precision
and recall. We redefine the problem as measuring how well
a model’s correct answers are supported by correct sub-
question answers. We introduce consistency precision (cP)
and consistency recall (cR).

Definition V.3 (Consistency Precision (cP) and Recall (cP)).

+ +

_ M I\
- Nt = - Nt +-
Here, cP measures the precision of the reasoning chain
(what fraction of correct sub-answers lead to a correct an-
swer?), while cR measures the recall of correct reasoning
(what fraction of correct answers are derived from correct sub-

answers?). To provide a single, balanced score, we use their
harmonic mean, the consistency F-score.

cP (12)

Definition V.4 (Consistency F-Score (c-Fg)).

(1+5%)cP-cR
B2cP4+cR

For balanced evaluation, we set 5 = 1, yielding the c-F; score.

c-Fg= (13)

This new system resolves the asymmetry issue because it
treats both inconsistencies (N, and N7T) symmetrically.

Proposition V.5 (Symmetry of the cP-cR-c-F; System). The
c-Fy score is invariant to swapping the values of N” and N +.

Proof. The c-F; score is the harmonic mean of cP and cR:

2-cP-cR
cFp="—"—— 14
"7 P+ R (14)
9. N . N 2(NT)?
7 NT+N[ NT4NT _ (NF+ND)(NF+NT)
N 4 N NE(NTHND+NF(NF+ND)
Nf+ND " NF+NT (NJ+N(NF+NT)
2(N)? 2N

T NI(NJ+NT+NF+N;) oNF+N; + N

The final expression depends on the sum N + N . Swapping
the values of N, and N does not change this sum, and
therefore does not change the value of c-F;. O

Furthermore, the c-F; metric is robust against the instability
issues that plague the CA-RWR-Delta system.

Proposition V.6 (Stability of the c-F; System). Given a fixed
total N, small perturbations in the distribution of samples lead
to small, bounded changes in c-F;.
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TABLE III: Performance comparison on QPVA3Bench regarding the accuracy, score, and compositional consistency.

Method #Param #Frames _ Accuracy . Score Compositional Consistency
main sub main sub cP cR cFq
Video-LLaVA [1] 7B 8 37.8 63.1 2.3 33 56.6 31.6 40.5
LLaMA-VID [47] 7B 16 41.7 68.0 2.6 3.5 58.7 38.9 46.8
Chat-UniVi [48] 7B 16 44.7 68.8 2.7 3.6 61.7 39.7 48.3
VideoChat2 [9] 7B 16 45.0 65.2 2.7 34 62.7 37.1 46.6
VideoLLaMA?2 [2] 7B 16 40.8 66.7 2.4 34 59.4 36.5 452
VideoLLaMA3 [49] 7B 16 412 68.0 2.4 35 60.7 373 46.2
+ VA3 - 16 43.0 72.1 2.5 2.6 64.0 39.1 48.5
+ QPVA3 - 16 47.0 76.1 2.9 3.8 67.2 42.5 52.1
LLaVA-OneVision [50] 7B 16 45.8 70.3 2.7 3.7 63.1 41.6 50.1
+ VA? - 16 47.1 735 2.8 3.8 66.3 44.0 529
+ QPVA3 - 16 49.5 71.3 3.0 39 69.6 46.4 55.7
Qwen2-VL [46] 7B 16 41.9 70.2 2.6 3.7 59.2 40.2 47.9
+ VA3 - 16 43.8 74.0 2.8 39 62.2 43.7 51.3
+ QPVA3 - 16 46.5 76.7 2.9 4.0 64.5 46.0 53.7

Proof. From the previous proposition, we have c-F; =

%. Let D = 2NI + Ny + N7 be the denom-
inator. Consider a perturbation ¢ that transfers mass from an
inconsistency count (e.g., N) to the positive consistent count
N . The new values are N} = N +6 and N = N, —6.

The new score is:

CE 2(NT +9) ~2(N{ +9)
YT oNT+0)+(NT —0)+NT T D+3d
(15)
The change in the score is:
_2(Nf+6) 2NT
Ak == "D
_ 2D(N{ +6) —2N{ (D +6) 16)
N D(D +4) (
_ 20(D-N{)  28(NI+Ny+NT)
D(D+6) D(D +6)

Since D > 0 and we assume not all counts are zero, the
denominator D(D + §) is always positive and grows with
the total number of samples involved. Unlike the CA-RWR
system, the denominator here is not susceptible to becoming
arbitrarily small in a way that would amplify the perturbation
d. The change |Ac-F;| is bounded and diminishes as the total
count increases, ensuring stability. O

VI. EXPERIMENTS
A. Evaluation Protocols

We evaluate the performance of our QPVA? framework on
6 VideoQA benchmarks, including our QPVA®Bench, AGQA-
Decomp [11], ActivityNet-QA [51], Causal-VidQA [5],
STAR [6], and MVBench [9]. Among these benchmarks,
Causal-VidQA [5] and MVBench [9] are evaluated in
multiple-choice format by the prediction accuracy. Besides,
QPVA3Bench, AGQA-Decomp [11], ActivityNet-QA [51],
and STAR [6] are evaluated in open-ended format by the
accuracy (the percentage of correctly answered questions) and
the average score (where ChatGPT rates each response on
a scale of 1 to 5 and calculates the mean of these scores).
To ensure consistent comparisons, all open-ended evaluations
utilize the GPT-3.5-turbo. Moreover, to illustrate the

improvement in compositional consistency, we also evaluate
the cR, cP, and c-F; in our QPVA®Bench and AGQA-Decomp.

B. Implementation Details

In our QPVA? framework, the LLM and the MLLM are used
to handle logical and visual content, respectively. Therefore,
we employ LLaMA3.2-8B [30] as the LLM, while VideoL-
LaMA3 [49], LLaVA-OneVision [50], and Qwen2-VL [46] as
alternative choices for the MLLM. We sampled 61-K compo-
sitional graphs from the AGQA-Decomp dataset to train the
planner. We employ £,, (Subsec. I1I-D) to optimize the MLLM
for these samples. For executor, we train the video aligner on
both main questions and sub-questions in the aforementioned
compositional graphs with L. and L,, which consists 581-K
samples. The aforementioned data splits are mixed, learning
rate is set to 2 x 107° and trained for two epochs. The video
resolution is set as 336 x 336, and we uniformly sample 16
frames for each video. The maximum token length is set to
4096, and we use AdamW [57] as the optimizer for all the
training. Moreover, the training is conducted on 8§ NVIDIA-
A800 (80G) GPUs. The training takes approximately 14 hours.

C. Results on Compositional Graph Constrained Benchmark

We evaluate compositional consistency and accuracy using
only our executor and reasoner modules, guided by the com-
positional graphs from QPVA3Bench and AGQA-Decomp.
Further comparisons and analyses of the compositional graph
generated are presented in Subsec. VI-F.

1) Comparison on QPVA3Bench: Tab. 1II compares our
framework against 8 baseline methods on QPVA3Bench. Re-
sults show our framework outperforms SOTA baselines on
accuracy and score for both main and sub-questions. Moreover,
sub-questions show a notably larger accuracy gain of 4.3-5.4%
across different MLLMs. Our collaborative reasoning strategy
also boosts compositional consistency, improving the cF;
score by over 5.6% compared to baselines.

2) Comparison on AGQA-Decomp: Tab. IV shows perfor-
mance comparisons against 9 baselines on the AGQA-Decomp
test set. As with QPVA3Bench, our framework significantly
improves accuracy, score, and compositional consistency over
SOTA baselines. The improvement on sub-questions is again
more pronounced than on main questions. The large gain in
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TABLE IV: Performance comparison on AGQA-Decomp regarding the accuracy, score, and compositional consistency. Results
from baseline MLLMs are reproduced by their released version.

Method #Param #Frames . Accuracy _ Score Compositional Consistency
main sub main sub cP cR cFq
LLaMA-VID [47] 7B 16 582 63.2 2.8 32 56.1 58.8 574
Chat-UniVi [48] 7B 16 60.3 68.1 3.0 3.4 63.6 69.9 66.6
MiniGPT4-Video [52] 7B 90 54.5 61.8 2.4 2.1 55.6 52.8 54.1
LLaVA-NeXT-Video [32] 7B 16 60.9 68.6 3.0 34 64.9 65.9 65.4
VideoChat2 [9] 7B 16 60.5 69.2 3.1 35 67.5 66.5 67.0
VideoLLaMA2 [2] 7B 16 60.3 64.0 3.0 3.3 65.6 58.1 61.6
VideoLLaMA3 [49] 7B 16 69.2 76.7 3.7 4.1 722 69.7 70.9
+ VA3 - 16 72.0 80.3 39 43 75.8 76.1 75.9
+ QPVA3 - 16 74.6 84.1 4.1 4.5 81.0 82.6 81.8
LLaVA-OneVision [50] 7B 16 64.3 732 35 39 69.1 66.9 68.0
+ VA3 - 16 66.1 78.7 3.7 42 72.5 77.1 74.7
+ QPVA3 - 16 68.6 81.3 39 44 78.5 81.3 79.9
Qwen2-VL [46] 7B 16 65.4 73.8 35 4.0 68.2 66.2 67.2
+ VA3 - 16 67.8 79.1 3.6 43 732 75.0 74.1
+ QPVA3 - 16 70.1 82.1 3.8 4.5 79.1 82.0 80.5
TABLE V: Performance comparison on STAR, ActivityNet-QA and Causal-VidQA.
ActivityNet-QA STAR Causal-VidQA
Method #Param  #Frames Accura(; Score | Accuracy Score | Acc@D  Acc@E Acc@P Acc@C  Acc@All
LLaMA-VID [47] 7B 16 47.5 33 30.9 2.5 - - - - -
LLaMA-Adapter [53] 7B 16 342 2.7 - - - - - - -
Chat-UniVi [48] 7B 16 45.8 32 30.6 2.5 - - - - -
Video-LaVIT [54] 7B 24 50.1 33 - - 69.2 71.0 44.4 45.0 574
MiniGPT4-Video [52] 7B 90 45.9 34 - - - - - - -
VideoChat2 [9] 7B 16 57.2 35 38.0 2.7 66.8 75.1 45.8 38.6 56.6
STEP [55] 7B 16 56.0 35 39.8 2.8 - - - - -
VoT [12] 7B 16 - - - - 81.2 83.0 54.7 58.6 69.4
LLaVA-NeXT-Video [32] 7B 16 354 2.8 - - 68.9 70.4 38.7 38.7 54.2
VideoLLaMA?2 [2] 7B 16 50.4 33 35.1 2.5 - - - - -
VideoLLaMA3 [49] 7B 16 60.6 39 38.8 2.6 79.1 79.9 559 43.8 64.6
+ VA3 - 16 62.4 4.0 40.6 2.7 79.6 80.4 57.6 45.2 65.4
+ QPVA3 - 16 64.3 4.1 434 3.0 80.4 81.1 59.1 48.2 67.2
LLaVA-OneVision [50] 7B 16 56.0 35 36.3 2.6 78.6 78.0 53.1 44.2 63.5
+ VA3 - 16 57.7 3.6 38.4 2.7 78.9 79.1 55.0 45.8 64.9
+ QPVA3 - 16 59.2 3.7 40.7 2.8 79.6 80.5 57.7 48.3 66.5
Qwen2-VL [46] 7B 16 56.6 3.6 38.4 2.7 80.3 81.5 59.8 50.3 68.0
+ VA3 - 16 58.1 3.7 40.4 29 80.9 82.1 62.1 529 68.8
+ QPVA3 - 16 60.0 3.9 43.5 3.0 81.8 83.0 64.9 55.0 71.2

compositional consistency highlights the effectiveness of our
reasoner at improving logical coherence.

3) Performance Analysis: Our framework treats VideoQA
as a compositional task, using video-aligned execution and
language-guided reasoning to improve MLLM consistency and
accuracy. This improved compositional reasoning boosts main
question accuracy by 4-5% across baselines and benchmarks.
Sub-questions show an even greater improvement. This is be-
cause sub-questions are simpler and require less specific video
information to answer. Thus, sub-questions benefit more from
the precise information of video aligner, while main questions
gain less from its filtering of irrelevant content. The difficulty
of synthesizing main answers from sub-answers also con-
tributes to this performance gap. Moreover, the compositional
consistency on the QPVA3Bench and AGQA-Decomp also
improves across all SOTA baseline models. The significant
improvements in cR, cP, and cF; across all baselines stem from
our reasoner, which creates an information flow from lower-
level sub-answers to resolve higher-level questions. This infor-
mation flow enhances the coherency between main questions
and sub-questions during reasoning along the compositional
graph, thereby improving its compositional consistency.

D. Results on Compositional Graph Free Benchmarks

In Tabs. V and VI, we present performance comparisons
among 10 to 16 baseline methods on various multiple-
choice and open-ended benchmarks, including ActivityNet-
QA, STAR, MVBench, and Causal-VidQA.

1) Comparison on Multi-Choice Benchmark: In Tabs. V
and VI, we report results on the multiple-choice benchmarks,
specifically Causal-VidQA and MVBench. Causal-VidQA fo-
cuses on commonsense reasoning and causal relations in video,
while MVBench is a comprehensive benchmark designed to
evaluate the temporal reasoning capabilities of MLLMs.

On Causal-VidQA, our QPVA? framework improves per-
formance across all question types: descriptive, explanatory,
predictive, and counterfactual. Notably, the performance gain
on causal-related questions (i.e., explanatory, predictive, and
counterfactual) is substantially higher than on descriptive ones.
This discrepancy stems from our framework’s design, which
is tailored to enhance the multimodal reasoning capabilities of
VideoLLMs. These results confirm our approach is particularly
effective at modeling causal dependencies in video-based
question answering.

On MVBench, our QPVA3 framework improves the accu-
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TABLE VI: Experimental results on MVBench. The results in the white area are copied from the corresponding works or
MVBench [9], and the results in the blue area are reproduced by us using their published model weights and instructions.

Method Avg. AS AP AA FA UA OE OI OS MD AL ST AC MC MA SC FP CO EN ER CI
LLaMA-VID [47] 41.3 455 40.5 58.0 39.5 55.0 535 40.0 355 18.5 27.5 87.0 41.5 23.0 455 41.0 27.0 40.0 345 415 315
LLaMA-Adapter [53] 31.7 23.0 28.0 51.0 30.0 33.0 53.5 325 33.5 255 21.5 30.5 29.0 22.5 41.5 39.5 25.0 31.5 225 28.0 32.0
VideoChat [56] 355 335 265 56.0 335 40.5 53.0 40.5 30.0 255 27.0 485 350 20.5 425 46.0 265 41.0 235 23.5 36.0
VideoLLaMA [1] 34.1 275 255 51.0 29.0 39.0 48.0 40.5 38.0 22.5 22.5 43.0 34.0 22.5 325 455 325 40.0 30.0 21.0 37.0
VideoChat2 [9] 60.3 66.5 74.0 855 51.0 61.5 855 68.0 43.5 485 35.5 83.5 38.5 66.5 88.0 50.5 63.5 46.5 36.0 42.5 70.5
VideoLLaMA3 [49] 67.1 705 725 91.5 435 85.5 925 745 42.0 51.5 445 925 53.0 75.0 92.0 59.0 61.5 76.5 33.5 54.0 75.5

+ QPVA3 69.3 73.5 77.0 91.5 46.0 84.5 92.0 80.0 44.5 53.0 44.5 940 54.5 78.0 91.5 63.0 61.0 78.0 355 61.5 82.0
LLaVA-OneVision [50] 57.3 73.0 69.5 79.0 46.0 79.5 63.5 76.5 37.5 21.5 40.0 92.0 47.0 46.0 68.5 52.0 550 63.5 345 515 50.0

+ QPVA3 604 79.0 76.0 80.5 46.0 81.0 62.0 82.5 39.0 24.5 42.0 91.0 48.0 485 70.5 59.0 56.5 64.5 37.5 61.0 59.0
Qwen2-VL [46] 65.7 77.0 80.5 81.5 49.5 75.0 93.5 72.5 39.0 47.0 47.5 93.5 46.0 81.5 94.5 46.5 58.5 68.0 41.5 55.0 66.5

+ QPVA3 68.1 81.5 87.0 82.0 50.0 75.0 93.0 78.5 41.0 46.0 47.5 95.0 48.0 84.0 95.0 51.0 59.5 68.5 44.0 61.0 74.5

racy of SOTA MLLMs by 2.2% to 3.1%. Accuracy gains are
more pronounced on questions requiring complex reasoning
compared to basic perception tasks. For instance, the improve-

TABLE VII: Ablation study on planner. PCG is the planner-
generated compositional graph, and DCG is the dataset pro-
vided compositional graph.

ment on Counterfactual Inference (CI) is significantly larger Method QPVA3Bench AGQA
than on Fine-grained Pose (FP) questions. This result indicates etho Accuracy  Score  Accuracy  Score
that our answer aggregation mechanism is key to improving  VideoLLaMA3 [49] 412 2.4 69.2 3.7
. e . + QPVA3 (+ DCG) 47.0 2.9 74.6 4.1
complex reasoning capabilities. Moreover, gains on MVBench + QPVA® (+ PCG) 46.6 27 744 41
and Causal-VidQA show our planner constructs high-quality LLaVA-OneVision [50] 45.8 97 643 35
compositional graphs that improve the reasoning process. + QPVA3 (+ DCG) 49.5 3.0 68.6 3.9
2) Comparison on Open-ended Benchmark: In Tab. V, we + QPVA? (+ PCG) 49.3 3.0 68.1 3.8
present comprehensive comparisons on two additional open- Qwen2-VL3[46] 41.9 26 654 33
ded datasets, offering further insights into the versatility of +QPVAL (+ DCG) 465 29 70l 38
en ’ g g y + QPVA3 (+ PCG) 46.1 2.9 69.8 3.8

our framework. Following the protocol in [55], and owing to
the unavailability of the STAR test set answers, we convert the
STAR validation set into an open-ended format. This trans-
formation not only broadens our evaluation to more diverse
compositional reasoning tasks but also serves as a rigorous
test bed for assessing the adaptability of our framework to
less constrained answer formats.

TABLE VIII: Ablation study on the planner, comparing against
the external parser (E.P.) from VA? [15]. Results are presented
as mean4std. The improvements of QPVA? compared to the
external parser are significant as p < 0.001.

3 . QPVAZBench CausualQA

.On opel}-ended benchmarks, our QPVA” framework sig- Method Accuracy Score Acc@AT

nificantly improves both accuracy and score. Performance VideoLLaMA3 [49] 412 +12 24+01 646=E16
gains are again most pronounced on tasks requiring complex + QPVAE 47015 27+£01  672+18
I nin her r roach excel r in iden + QPVA° (E.P) 445 £ 1.3 25 £0.1 658 £ 1.4
casoning, where our approach excels at aggregating evidence oo e e ToT s LT
from sub-que.stl(.)ns' to'cap'ture intricate semantic and temporal + QPVA3 495+ 16 30402 665+ 15
relations. This is indicative of the framework’s capacity to + QPVA? (E.P) 472 + 1.1 28+02 651 +1.2
construct high-quality compositional graphs that enhance the Qwen2-VL [46] 4.9+ 13 26+£01  680+15
overall reasoning process during answer aggregation + QPVA 465518 29+02  712£19
gp g ggregation. + QPVA3 (EP) 449415 27401 696+ 1.4

Consistent improvements across both open-ended and
multiple-choice settings demonstrate the robustness and gen-
eralizability of our QPVA? framework. These findings confirm
our framework improves the video reasoning of MLLMs,
highlighting its potential for a broad range of VideoQA tasks.
Overall, results on various benchmarks confirm our QPVA3
framework outperforms SOTA baselines in diverse scenarios,
creating a more transparent and verifiable VideoQA system.

E. Comparison between VA3 and QPVA3

To demonstrate the advancements of QPVA? framework
over the VA? method, we incorporate a direct compari-
son between them in the experiments, with results detailed
in Tabs. III to V. To facilitate a fair comparison across
diverse benchmarks, we adapt VA? by training its GCN-based
answer aggregator on the AGQA-Decomp and the union of
five source datasets. However, the limited scope of the training

data prevents us from comparing VA? against QPVA? on
evaluation-only open-ended datasets.

Our results show that QPVA? significantly outperforms
VA3. On the QPVA3Bench, our method achieves an accuracy
improvement between 2.4% to 4.0% over VA3. Similarly, on
AGQA-Decomp and Causal-VidQA, QPVA? surpasses VA?
with improvement from 2.4% to 2.6% and from 1.6% to
2.4%, respectively. This substantial improvement is driven
by two key innovations. First, we replace the external parser
with a finetuned MLLM-based planner, which enhances multi-
modal perception and generation quality. Second, we substitute
the GCN-based aggregator with a more powerful two-step
MLLM-based reasoner, leading to superior reasoning capa-
bilities and generalization performance.
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F. Ablation Study

In this section, we study the effect of the planner, the
executor, the reasoner, and the number of frames using the
main question of QPVA3Bench and Causal-Video.

1) Effect of the Planner: The planner aims to parse the
complex question into a compositional graph, thereby captur-
ing its underlying logical structure and segmenting it into man-
ageable sub-questions. To evaluate the effect of the planner,
we conduct experiments on QPVA®Bench and AGQA using
both the planner-generated compositional graph (PCG) and the
dataset-provided compositional graph (DCG), and present the
experimental results in Tab. VII. This experiment indicates that
substituting the dataset-provided compositional graph with the
planner-generated one on QPVA3Bench and AGQA results in
similar performance in terms of both accuracy and score (i.e.,
differences of <0.4% in accuracy and <0.1% in score). This
indicates that our planner can generate compositional graphs
that are comparable to the human-annotated ones.

To address the errors introduced by the external parser
(E.P.), we conduct a systematic analysis. The E.P. suffers from
two primary issues. First, it generates compositional graphs
based on question similarity alone, which may be irrelevant to
the specific video content. Second, since the E.P. is not fine-
tuned on compositional graph generation, it often produces
overly complex leaf-node sub-questions. To quantify these
issues, we task three graduate students with annotating all
3,492 questions in the QPVA3Bench. Our analysis reveals
that the E.P. generates 472 video-irrelevant graphs (13.5%)
and 262 overly complex sub-questions graph (7.5%). In stark
contrast, our MLLM-planner significantly reduces these er-
rors, producing only 27 (0.8%) and 32 (0.9%) of each error
type, respectively. This highlights the clear advantage of our
planner. Furthermore, as shown in Tab. VIII, we compare the
performance of the E.P. and our planner within the QPVA?®
framework, with each result averaged over ten runs.

2) Effect of the Executor: The executor aims to select
relevant video clips and generates answers for each question
in the compositional graph. To evaluate the effect of the
executor, we conduct experiments on two settings: 1) removing
the video aligner from the executor of QPVA3 framework;
and 2) replacing the video aligner with a pretrained video
grounding method, i.e., CG-STVG [58]. In Tab. IX, we present
the experimental results for these two settings, as shown in the
“. Video Aligner” and “+ QPVA? (R.A.)” rows. For the first
setting, we observe that a significant performance drop occurs
when removing the video aligner from our framework. This
is because the video aligner can significantly reduce noisy
information in simple perceptual questions, which serves as a
solid basis for further accurate reasoning and thereby improves
the reasoning performance for complex questions. For the
second setting, we notice that by replacing our video aligner
with the pretrained CG-STVG [58], the performance drops
sharply, indicating that the video grounding method pretrained
on descriptive text cannot generalize to questions where the
information provided is not comprehensive. Moreover, this
large performance drop (even worse than removing the video
aligner) also reflects that the pretrained CG-STVG [58] tends
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Fig. 7: Accuracy of LLaVA-OneVision on QPVA3Bench at
different number of frames for planner, executor and reasoner.

TABLE IX: Ablation study on executor and reasoner. R.A.
means replace the video aligner with CG-STVG [58].

PVA3Bench CausualQA

Method Acc%racy Score Acc@/Sll
VideoLLaMA3 [49] 41.2 2.4 64.6

+ QPVA3 47.0 2.7 672

+ QPVA3 (R.A) 42.1 2.5 64.8

- Video Aligner 45.7 2.5 66.0

- Reasoner 42.5 2.7 65.5
LLaVA-OneVision [50] 45.8 2.6 63.5

+ QPVA3 49.5 3.0 66.5

+ QPVA3 (R.A)) 46.5 2.6 63.8

- Video Aligner 48.0 2.8 65.7

- Reasoner 45.9 2.7 64.8
Qwen2-VL [46] 41.9 2.6 68.0

+ QPVA3 46.5 2.9 71.2

+ QPVA3 (R.A) 43.8 2.5 69.2

- Video Aligner 45.2 2.8 70.1

- Reasoner 43.7 2.5 69.4

to filter out useful frames, further reducing the performance.

3) Effect of the Reasoner: The reasoner aims to aggregate
individual answers into a coherent, comprehensive response.
To evaluate the effect of the reasoner, we conduct experiments
without using the reasoner, and provide the experimental
results in in Tab. IX “-Reasoner” rows. From the results, we
can find that the reasoner achieves the largest improvements in
our QPVA? framework. This indicates that the reasoner plays
a vital part in improving the video understanding capability, as
it is the main module that provides intra-question information
aggregation and performs context-based logical reasoning.

4) Effect of the Number of Frames: To further investigate
how the number of sampled frames influences each mod-
ule in our QPVA3 framework, we conduct experiments on
QPVA®Bench by fixing the frame count for two modules at
16 while varying it for the remaining module from 2 to 32.
The results are presented in Fig. 7.

For the planner, we observe that the planner is relatively
insensitive to the number of frames. When the number of
frames increases from 2 to 16, the accuracy only improves by
about 2%. This result suggests that the planner relies on static
information from the video to form the compositional graph,
and requires fewer frames for effective question parsing.

For the executor, the number of frames has a significant
impact, particularly at lower frame counts. Specifically, when
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Fig. 8: Qualitative example showcasing how QPVA? framework achieves successful reasoning. Best viewed when zoomed in.

the frame count increases from 2 to 8, the accuracy rises by
roughly 8%. However, from 8 to 20 frames, the improvement
is limited to within 1%. These findings indicate that incor-
porating dynamic information is crucial for the performance
of the executor, but once the model receives enough frames
to capture the essential motion cues (around 8-16 frames),
further increases in the frame count yield diminishing returns.

For the reasoner, we observe a steady performance gain
as the number of frames increases. From 2 to 16 frames, the
accuracy improves by about 4%. Since the reasoner is designed
to aggregate the outputs of the executor and handle logical
conflicts in compositional graph, having more frames provides
additional temporal cues for accurate reasoning.

G. Qualitative Results

In Fig. 8, we illustrate the executing and reasoning pro-
cess of our QPVA? framework via a question drawn from
QPVA3Bench, where our framework successfully corrects
errors in both the main and sub-questions. As illustrated,
VideoLLaMA3 fails to recognize that the individual in green
is sitting and misidentifies his interaction with the cat (i.e.,
petting the cat). However, our executor selects the most
relevant video segments to address these issues; for instance,
sub-question A is associated with the end of the video, where
the interaction occurs—thus eliminating extraneous content

and enabling accurate identification of the petting action.
Moreover, sub-question [; is inferred logically: once a sub-
question confirms the presence of the person in green, the
reasoner deduces the correct answer “Yes” by verifying that
the person is sitting. Although the baseline model erroneously
inferred that the person was frightened of the cat in the main
question, the alignment module offered limited assistance here
because a large portion of the video was deemed relevant.
Nonetheless, by integrating information from I3, I, and I3,
the reasoning process reveals that the person is seated in
a neutral and calm manner while the cat appears friendly,
thereby strongly indicating that the person is not scared of the
cat. This conclusion is further corroborated by visual evidence.

In Fig. 9, we present two cases showing how the rea-
soner handles conflict situations. In the successful case shown
in Fig. 9a, the executor incorrectly answers the root question
(I3) “Is this a safe job for the men?” with “Yes”. However,
our reasoner aggregates the answers from the atomic ques-
tions, such as A; (“Yellow protective suits”) and Ay (“A gas
cylinder”). This creates a conflict between the direct, erroneous
answer to the root question and the logical inference drawn
from the sub-questions, which strongly suggest a hazardous
environment. Our reasoner correctly resolves this conflict by
prioritizing the evidence-based deduction from the atomic
facts, thereby correcting the final answer to “No”. This demon-
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(a) Successful Case. Best viewed when zoomed in.

(b) Failure Case. Best viewed when zoomed in.

Fig. 9: Qualitative example showcasing how the reasoner aggregates conflict information.

strates the reasoner’s effectiveness in leveraging detailed,
factual sub-answers to override an incorrect holistic judgment.
Conversely, the failure case in Fig. 9b highlights a limitation
in this two-stage process when faced with incorrect sub-
question answers. The reasoner synthesizes information from
sub-questions, including the incorrect emotional assessment
Az (“He seems to be scared”), to infer that the man is kicking
his legs “to prevent himself from falling down”. The reasoner
does identify a conflict between this inferred intent and the
direct visual evidence, which shows the man immediately
sliding down the slope as a result of the action. However,
it inadequately resolves the conflict by favoring the flawed
logical chain, which was contaminated by the incorrect sub-
answer As, over the more direct interpretation of the visual
outcome. This failure demonstrates that the reasoner’s conflict
resolution is somehow dependent on the accuracy of the
preceding sub-question answering stage. When multiple sub-
answers are inaccurate, they can lead to a logically plausible
but factually incorrect narrative that the reasoner may fail to
override with visual evidence alone.

VII. CONCLUSION

In this paper, we addressed the inherent lack of transparency
and verifiability in current VideoLLMs during the question

answering. To overcome these limitations, we proposed a
model-agnostic framework (QPVA3) that integrates question
parsing, video alignment, and answer aggregation. Our ap-
proach begins by parsing complex queries into compositional
graphs, which then guide a transparent, bottom-up recursive
reasoning process through video-aligned question answering.
Furthermore, to rigorously evaluate the reasoning capabil-
ities of VideoLLMs, we introduced a GPT-assisted dataset
construction pipeline, which extends existing data by incorpo-
rating compositional graphs and corresponding sub-question
answers, culminating in the QPVA3Bench. With 3,492 video-
question pairs, this benchmark facilitates a detailed assessment
of both answer accuracy and the consistency of the reasoning
process. In addition, we revisited and enhanced existing com-
positional consistency metrics by proposing new evaluation
measures, compositional precision (cP), recall (cR), and F;
scores (c-Fp). These metrics comprehensively capture the in-
terplay between answer accuracy and the underlying reasoning
process, effectively bridging gaps in current benchmarks.
Extensive experiments demonstrate that our framework sig-
nificantly improves both compositional consistency and ac-
curacy, leading to more transparent and verifiable VideoQA
system. Future work will explore refinements and broader
applications of QPVA? in complex video reasoning tasks.
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