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Abstract

Video Question Answering (VideoQA) presents significant challenges, demanding comprehensive
understanding of dynamic visual content, object interactions, and complex temporal-causal logic.
While Multimodal Large Language Models (MLLMs) offer powerful reasoning capabilities, existing
approaches often provide singular, potentially flawed reasoning paths, limiting the robustness and
depth of VideoQA models. To address these limitations, we propose Contextualized Diverse Reasoning
(CDR), anovel framework designed to furnish VideoQA models with richer, multi-perspective auxiliary
supervision. CDR comprises three key innovations: a Diverse Reasoning Generator that leverages
MLLMs with distinct viewpoint prompts to generate multiple, complementary reasoning pathways;
a Reasoning Pathway Refiner and Annotator that purifies these paths by removing explicit answers
and enriching them with semantic type annotations; and a Context-Aware Reasoning Fusion module
that dynamically integrates these refined, multi-dimensional reasoning cues with video and question
features using an attention-based mechanism. Extensive experiments on several benchmark datasets
demonstrate that CDR consistently achieves state-of-the-art performance, outperforming leading
VideoQA models and MLLM-based methods. Our ablation studies confirm the crucial role of each
CDR component, while qualitative analysis and human evaluations further validate the superior
correctness of answers and the coherence, completeness, and helpfulness of the generated reasoning
pathways.

Keywords: VideoQA, MLLMs, diverse reasoning, framework, reasoning pathways

1. Introduction

Video Question Answering (VideoQA) stands as a pivotal yet profoundly challenging task within
the field of artificial intelligence [1]. It mandates that models not only comprehend static visual cues
within video frames but also grasp dynamic event sequences, intricate object interactions, and the
deeper temporal and causal logical relationships unfolding over time, ultimately generating accurate
answers to corresponding questions. The recent surge in Multimodal Large Language Models (MLLMs)
has significantly advanced the state of the art, leveraging their formidable cross-modal understanding
and reasoning capabilities to bolster VideoQA tasks, thus becoming a vibrant area of contemporary
research [2,3]. This includes advancements in visual in-context learning, which allows these models to
perform complex tasks by learning from visual examples and instructions [4].

However, existing approaches that employ MLLMs to generate intermediate reasoning pro-
cesses for VideoQA often encounter several critical limitations. Firstly, the generated reasoning
pathways are not invariably flawless; they may contain factual inaccuracies or incomplete logical
steps, potentially leading the downstream VideoQA model astray. Secondly, even when correct, these
reasoning sequences frequently exhibit a singular perspective, failing to fully encapsulate the rich,
multi-dimensional information inherent in complex video content. For instance, a generated reasoning
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path might exclusively focus on temporal ordering while overlooking crucial causal connections,
or vice-versa. This inherent uni-directionality curtailing the depth and robustness of knowledge
that VideoQA models can glean from MLLM-generated reasoning. Motivated by these challenges,
our research endeavors to surmount these limitations by introducing a novel mechanism for multi-
perspective, context-aware reasoning generation and fusion, thereby significantly enhancing the
VideoQA model’s reasoning prowess and answer accuracy.
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Figure 1. Complex video understanding requires multiple complementary reasoning perspectives (e.g., temporal,
causal, and object interaction), whereas single-path reasoning from MLLMs is often incomplete or error-prone;
CDR addresses this gap by generating and contextually fusing diverse reasoning pathways to produce more
accurate and robust VideoQA answers.

To address the aforementioned challenges, we propose a novel approach termed Contextualized
Diverse Reasoning (CDR). CDR aims to provide richer and more comprehensive auxiliary supervision
to the main VideoQA model by generating and robustly fusing multiple, diverse reasoning pathways
from powerful MLLMs. Specifically, our CDR framework comprises three key innovative components.
First, the Diverse Reasoning Generator (DRG) utilizes a state-of-the-art MLLM (such as InternVL) to
produce several content-complementary reasoning paths for a given video-question pair, guided by
distinct, pre-defined instructional prompts or "viewpoint hints.” These prompts encourage the MLLM
to explore varied facets of the video content, such as "temporal sequence,” "causal relationship," or
"object interaction," leading to a more holistic set of intermediate logical steps. Second, the Reasoning
Pathway Refiner and Annotator (RPRA) module post-processes these generated paths. Beyond merely
identifying and removing explicit answers or conclusions via keyword matching (similar to previous
works), RPRA also endeavors to categorize and label key information within each reasoning step (e.g.,
tagging them as "temporal event,” "

"o

"causal inference," "state change"). This refinement and annotation
process ensures the purity of each reasoning path and provides structured metadata for subsequent
fusion. Finally, the Context-Aware Reasoning Fusion (CARF) module serves as the core enhancement
for the primary VideoQA model (e.g., BLIP-FlanT5). CARF is designed to ingest the video’s visual
features, the encoded original question, and the multiple, refined, and annotated reasoning pathways

from RPRA. It employs an attention-based fusion strategy to dynamically learn the significance of each
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reasoning path’s contribution to the ultimate answer, while also contextualizing this with the original
question and the video’s visual content. Through CDR, our objective is to empower VideoQA models
to learn not merely from "potentially flawed" reasoning, but from "diverse, contextually deeper"
reasoning, thereby enabling them to tackle more intricate visual-language reasoning challenges.

To thoroughly evaluate the efficacy of our proposed CDR method, we conduct extensive experi-
ments on three prominent VideoQA datasets: NExXT-QA [5], STAR [6], and IntentQA [7]. NEXT-QA
specifically targets temporal, causal, and descriptive reasoning, while STAR encompasses interaction,
sequence, prediction, and feasibility questions. IntentQA, as its name suggests, focuses on intent
inference. For our experiments, the DRG employs InternVL (v1.5, 26B parameters) as its underlying
MLLM, and the core VideoQA framework is built upon BLIP-FlanT5 [] with a ViT-G visual encoder and
a FlanT5 3B language model, fine-tuned using LoRA. Our results demonstrate that CDR consistently
surpasses existing state-of-the-art VideoQA models, including recent MLLM-based approaches and
the ReasVQA method [], across all three challenging datasets. The improvements are particularly
notable in complex reasoning categories such as causal, temporal, and predictive questions, validating
the effectiveness of our multi-perspective, context-aware reasoning paradigm.

Our main contributions are summarized as follows:

e We propose Contextualized Diverse Reasoning (CDR), a novel framework that enhances VideoQA
models by leveraging multiple, context-aware reasoning pathways generated from MLLMs,
addressing the limitations of single-perspective or flawed reasoning.

e We design and implement key modules including the Diverse Reasoning Generator (DRG) for
multi-perspective reasoning generation, the Reasoning Pathway Refiner and Annotator (RPRA)
for structured pathway processing, and the Context-Aware Reasoning Fusion (CARF) module for
adaptive integration into the main VideoQA model.

*  We achieve new state-of-the-art performance on challenging VideoQA benchmarks including
NEXT-QA, STAR, and IntentQA, demonstrating the superior reasoning capabilities of CDR in
handling complex visual-language queries.

2. Related Work
2.1. Video Question Answering

Video Question Answering (VideoQA) demands sophisticated multimodal understanding, inte-
grating visual perception, temporal dynamics, and linguistic interpretation. Recent advancements in
contrastive pre-training, exemplified by VideoCLIP [8], have enabled zero-shot video-text understand-
ing and state-of-the-art VideoQA performance. A comprehensive overview of the field is provided
by [9]. Accurate video understanding, a core component, involves localizing relevant moments with
methods like LPNet [10], and advanced segmentation techniques such as quality-aware dynamic mem-
ory [11], open-vocabulary [12], universal [13], and ultra-low light segmentation [14], all enhancing
visual grounding. Beyond basic comprehension, VideoQA necessitates advanced reasoning capabili-
ties. This includes temporal reasoning for understanding event sequences, informed by approaches
unifying knowledge sources like UniK-QA [15]. Spatial reasoning, vital for object interactions and
scene layouts, is underscored by benchmarks like SPARTQA [16]. Causal reasoning for narratives and
conversational flows can be informed by techniques from open-domain conversational QA [17]. As
VideoQA models mature, integrating diverse information and mitigating undesirable outputs like
hallucinations, leveraging insights from LLM-focused self-reflection [18], becomes critical. The field
continues to evolve, pushing towards more complex reasoning and reliability across varied video
domains.

2.2. Multimodal Large Language Models for Complex Reasoning

Multimodal Large Language Models (MLLMs) extend LLMs’ sophisticated reasoning to diverse
modalities. LLMs have advanced in reasoning over structured data [19], achieving weak-to-strong
generalization [20], and enhancing commonsense reasoning through generated knowledge prompting
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[21] and various other prompting techniques [22]. Auxiliary reasoning frameworks like MRN [23]
further improve information processing. For MLLMs, robust cross-modal understanding is crucial,
conceptually informed by information-theoretic frameworks maximizing mutual information [24].
Prompt engineering remains vital, as seen with Knowledge Augmented Transformer (KAT) [25] for
integrating external knowledge in vision-language tasks. Efficiency for video processing is also being
addressed, with methods like vision representation compression [26] enabling effective handling
of large video data. To ensure reliable complex reasoning, MLLMs require modality robustness
[27] to prevent failures from partial inputs and interpretability through techniques like contrastive
explanation generation [28] for transparency. These advancements collectively propel MLLMs toward
more robust and interpretable complex multimodal reasoning. Complex reasoning challenges extend
beyond vision-language to other Al domains. Benchmarking and evaluation for robust systems are
key, as seen in fake news detection [29]. In autonomous driving, methods like enhanced mean field
games [30], uncertainty-aware navigation [31], and scenario evaluation [32] support robust decision-
making. Robotics also benefits from advanced perception and control for tasks like rebar tying [33].
Furthermore, robust data analysis and causal inference are vital across scientific fields, including
medical research on conditions such as age-related macular degeneration [34], diabetic retinopathy
[35], and vitreous hemorrhage [36]. Related work also explores the impact of natural disasters on
college enrollment and completion [37], the effectiveness of community-based group exercises for
depression prevention [38], and the interplay between medical expenses, uncertainty, and mortgage
applications [39].

3. Method

In this section, we present our proposed Contextualized Diverse Reasoning (CDR) framework,
designed to augment Video Question Answering (VideoQA) models with richer and more robust
reasoning capabilities by leveraging multi-perspective reasoning pathways generated by Multimodal
Large Language Models (MLLMs). CDR addresses the limitations of existing MLLM-based VideoQA
methods, which often suffer from singular reasoning perspectives or the inclusion of flawed logical
steps. Our framework systematically generates, refines, and integrates diverse reasoning trajectories,
providing comprehensive auxiliary supervision to the main VideoQA model.
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Figure 2. Overview of the proposed Contextualized Diverse Reasoning (CDR) framework for VideoQA, which
generates multi-perspective reasoning pathways with an MLLM, refines and semantically annotates them, and
dynamically fuses the resulting reasoning cues with video and question features via a context-aware attention
mechanism to produce the final answer.

3.1. Overall Framework

The core idea behind CDR is to provide the VideoQA main model with a set of diverse, context-
aware reasoning pathways, rather than a single, potentially biased one. The CDR framework operates
in three main stages: Diverse Reasoning Generator (DRG), Reasoning Pathway Refiner and An-
notator (RPRA), and Context-Aware Reasoning Fusion (CARF). Given a video V and a question Q,
the DRG first generates multiple distinct reasoning pathways. These pathways are then processed
by the RPRA to remove explicit answers and annotate key logical steps with semantic types. Finally,
the CARF module, integrated into the main VideoQA model, dynamically fuses these refined and
annotated reasoning pathways with the video and question representations to predict the final answer
A.

Mathematically, the overall process can be summarized as the VideoQA model Gyigeoga Operating
on video features Fyigeo(V), question features Fquestion (Q), and the fused reasoning context provided
by CARE

A= gVideoQA(]:Video(V)/ ]:Question(Q)fCARF(]:Video(V)/ ]:Question(Q)/RPRA(DRG(V/ Q, P)))) (1)

where Fyigeo and FQuestion are feature encoders responsible for extracting rich representations from
the raw video frames and question text, respectively. P denotes a set of diverse prompt templates
used to guide the reasoning generation. Each component is elaborated in the following subsections.

3.2. Diverse Reasoning Generator (DRG)

The Diverse Reasoning Generator (DRG) is responsible for producing multiple, distinct reason-
ing paths for a given video-question pair. Unlike methods that generate a single reasoning sequence,
DRG aims to capture various facets of the video content and question intent by leveraging the versatility
of powerful MLLMs.

Given a video V and a question Q, DRG utilizes a state-of-the-art MLLM, such as InternVL, as its
backbone. This MLLM is capable of processing both visual information from the video and textual
information from the question simultaneously, integrating them into a unified understanding. To
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encourage the generation of diverse reasoning perspectives, we employ a set of predefined viewpoint
prompts P = {p1,p2,..., px}. Each prompt p, € P is meticulously designed to guide the MLLM
to focus on a specific dimension of reasoning pertinent to video understanding, such as "temporal

"o "o

sequence of events," "causal relationship between actions," "object interaction and their roles," or "state
changes of entities over time." These prompts act as explicit instructions, encouraging the MLLM to
explore different logical angles when contemplating the answer.

For each viewpoint prompt py, the DRG generates a raw reasoning pathway R4, k. This process

can be formulated as:
Rraw,k = MLLM(EHCOdeVideo (V)/ EnCOdeQuestion ( Q) /P k) (2)

where Encodey;qeo (V) represents the visual tokens or features extracted by the MLLM’s internal
vision encoder from video V, and Encodeqyestion(Q) represents the textual tokens or embeddings
of question Q processed by the MLLM’s language encoder. The MLLM then generates R,  based
on these multimodal inputs and the specific guidance from pj. The output of DRG is a set of K
raw reasoning pathways, Rraw = {Ryaw 1, Rraw2, - - - » Rraw x }, €ach offering a complementary logical
trajectory towards answering the question.

3.3. Reasoning Pathway Refiner and Annotator (RPRA)

The raw reasoning pathways generated by the DRG may contain undesirable elements, such as
explicit answers or conclusions, or lack structured information that would facilitate effective fusion.
The Reasoning Pathway Refiner and Annotator (RPRA) module addresses these issues by post-
processing Rraw through two key stages.

First, to prevent the main VideoQA model from simply memorizing answers generated by the
MLLM, RPRA meticulously removes any explicit answers or conclusive statements from each raw
reasoning path R, . This is achieved using a combination of keyword matching (e.g., identifying

"o

phrases like "the answer is," "therefore, it is") and semantic filtering techniques (e.g., using a small

language model or classifier to detect statements that directly declare an answer). This ensures that the

main VideoQA model learns from the intermediate logical steps and supporting evidence rather than

/
raw,k

directly from the MLLM’s answer prediction. Let R denote the refined pathway after this answer

removal step.

Second, RPRA introduces a novel type annotation mechanism to enrich the reasoning pathways. For

/
raw,k’

ty,;- These types categorize the nature of the information conveyed by the statement, such as "temporal

each logical step or sentence sy ; within a refined reasoning path R RPRA assigns a semantic type
event" (describing an action or occurrence at a specific point in time), "causal inference” (linking an
action to its consequence), "object action" (describing an object’s behavior), or "state description”
(characterizing the condition of an entity). This annotation is performed using a combination of rule-
based patterns (e.g., grammatical structures, specific verbs) and pre-trained classification modules (e.g.,
a fine-tuned text classifier, such as a BERT-based model, trained on examples of different reasoning
types). This structured representation enhances interpretability and facilitates more targeted fusion in
subsequent stages. The refined and annotated reasoning pathway Ry fineq x is thus represented as a
sequence of typed statements:

Rrefinedr = {(5k1,tk1), (Sk2,tk2), - -+ (Skmy v ) 3 3)

where s ; is the j-th statement in the k-th pathway, #; ; is its corresponding semantic type, and Mj is the
total number of statements in pathway k. The output of RPRA is the set of all refined and annotated

reasoning Pathwa}’sr Rrefined = {Rrefined,lr Rrefined,Z/ ceey Rrefined,l(}'
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3.4. Context-Aware Reasoning Fusion (CARF)

The Context-Aware Reasoning Fusion (CARF) module is the core enhancement integrated into
the main VideoQA model (e.g., a BLIP-FlanT5 architecture). CARF’s primary role is to effectively
combine the video’s visual features, the question’s semantic encoding, and the multiple, refined, and
annotated reasoning pathways to derive a robust and comprehensive context for answer generation.

Let F), € RPV be the extracted visual features from video V), typically a sequence of frame em-
beddings or a globally aggregated representation, and Eg € RPQ be the encoded representation of
question Q obtained from the VideoQA model’s text encoder. For each refined reasoning pathway
Rrefinedp € Rrefined, We first encode its sequence of typed statements into a unified reasoning em-
bedding Eg k. This encoding is performed by a dedicated reasoning encoder GreasoningEncoder, Which
typically involves a text encoder (e.g., the encoder component of FlanT5). Each statement sy ; is
tokenized and its type #; ; is incorporated, for instance, by adding a specific type embedding to the
statement’s token embeddings or by using special tokens to mark the type. The resulting statement
embeddings are then aggregated (e.g., via mean pooling or a self-attention mechanism) to form Eg y:

E Rk = gReasoningEncoder (Rre fined k ) (4)

where Eg ;. € RPR is the vector representation of the k-th reasoning pathway.

To dynamically weigh the importance of each reasoning pathway, CARF employs an attention-
based mechanism that considers the question context and video content. Specifically, an attention
score «j is computed for each reasoning embedding Er i, reflecting its relevance to the current video
and question:

a = softmax(MLP([Eg; Fy; Egrx])) )

_ exp(score(Eg, Fy, Er)) ©)
Z]I-il exp (score(Eg, Fy, Eg j))

where [-; -; -] denotes concatenation of the question embedding, video features, and individual reason-
ing pathway embedding. The score(-) function is typically implemented as a Multi-Layer Perceptron
(MLP) that takes the concatenated vector as input and outputs a single scalar value representing
compatibility or relevance. This MLP might consist of one or more linear layers with non-linear
activation functions. The softmax function normalizes these scores across all K pathways, yielding a
set of attention weights that sum to one.

The weighted reasoning embeddings are then combined to form a single, comprehensive fused
reasoning representation Eggeq R:

K
Efused,R = ) %kERk )
k=1

This weighted sum ensures that pathways more relevant to the given video and question contribute
more significantly to the final reasoning context.

Finally, this fused reasoning representation Eggeq r is combined with the original question em-
bedding Eg and video features Fy to form a final contextualized representation C. This combination
can take various forms, such as simple concatenation followed by a linear projection to match the
decoder’s input dimension, or a more sophisticated transformer-based fusion module that allows for
intricate cross-modal interactions.

C= HCombine (EQ/ FV/ Efused,R) (8)

where Hcompine is the fusion function. This representation C is then fed into the decoder of the main
VideoQA model (e.g., the FlanT5 decoder) to generate the final answer .A. Through CARF, the VideoQA
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model benefits from a richer, multi-dimensional understanding of the required reasoning, adapting to
the specific demands of each question and video.

4. Experiments

In this section, we present a comprehensive evaluation of our proposed Contextualized Diverse
Reasoning (CDR) framework. We detail our experimental setup, compare CDR’s performance against
state-of-the-art Video Question Answering (VideoQA) methods, conduct ablation studies to validate
the contribution of each key component, and provide a human evaluation to assess the quality of
generated reasoning and answers.

4.1. Experimental Setup
4.1.1. Datasets

To ensure a robust evaluation of CDR, we utilize three widely-adopted and challenging VideoQA
datasets, consistent with prior research:

¢ NEXT-QA: This dataset comprises approximately 5.4k videos and 52k question-answer pairs.
It places a significant emphasis on various reasoning types, including Temporal (Tem), Causal
(Cau), and Descriptive (Des) questions, requiring a deep understanding of video dynamics and
underlying logic.

e  STAR: With around 22k videos and 60k questions, STAR challenges models with a broader
spectrum of reasoning types, such as Interaction (Int), Sequence (Seq), Prediction (Pre), and
Feasibility (Fea). This diversity allows for assessing a model’s generalizability across different
reasoning demands.

e IntentQA: This dataset focuses specifically on intent inference tasks, containing approximately
4.3k videos and 16k questions. It requires models to understand the motivations and goals behind
actions observed in videos, pushing the boundaries of high-level semantic reasoning.

4.1.2. Model Architectures

Our CDR framework integrates powerful Multimodal Large Language Models (MLLMs) and
state-of-the-art VideoQA backbones:

e Diverse Reasoning Generator (DRG): For generating diverse reasoning pathways, we employ
InternVL (v1.5, 26B parameters) as our MLLM backbone. InternVL'’s robust multimodal under-
standing capabilities make it an ideal choice for interpreting video content and generating nuanced
reasoning under various viewpoint prompts. We design a set of distinct prompt templates to
guide InternVL in producing multiple, complementary reasoning paths for each video-question
pair, as described in Section 3.2.

*  VideoQA Main Model (VQF): The core VideoQA model, which incorporates our Context-Aware
Reasoning Fusion (CARF) module, is based on the BLIP-FlanT5 architecture. Specifically, we use
a ViT-G visual encoder to extract rich video features and a FlanT5 3B parameters language model
for question encoding and answer generation. We fine-tune this architecture using LoRA (Low-
Rank Adaptation), specifically targeting the modality projection layers and the newly introduced
CARF module for efficient and effective adaptation.

4.1.3. Training Details
Our training process is structured into two main stages:

®  Multi-Perspective Reasoning Process Generation: In the initial stage, we leverage the pre-trained
DRG (InternVL) to generate multiple diverse reasoning pathways for all video-question pairs
within the training splits of NExT-QA, STAR, and IntentQA. This offline generation creates a
comprehensive auxiliary reasoning dataset.

* Reasoning Pathway Refinement and Main Model Training:

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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-  Reasoning Pathway Refinement (RPRA): The generated raw reasoning pathways from DRG
are then processed by the Reasoning Pathway Refiner and Annotator (RPRA) module. As
detailed in Section 3.3, RPRA cleans each reasoning path by removing explicit answers or
conclusive statements and performs semantic type annotation on intermediate logical steps.

- Main Model Training: The VQF (BLIP-FlanT5) model, augmented with the CARF module, is
trained using the refined and annotated reasoning pathways as auxiliary input. We conduct
training on a system equipped with Nvidia H800 GPUs (80GB VRAM). The optimizer used
is AdamW, with an initial learning rate of 3e-5. We employ a batch size of 8 and train for 10
epochs, utilizing a cosine learning rate scheduler for stable convergence.

4.2. Comparison with State-of-the-Art Methods

We compare the performance of our proposed CDR method against several leading VideoQA
models, including both traditional and recent MLLM-based approaches. The results are reported in
terms of accuracy (ACC %) on the test sets of NEXT-QA, STAR, and IntentQA datasets.

As shown in Tables 1 and 2, our proposed CDR method consistently achieves state-of-the-art
performance across all three challenging VideoQA datasets. On NExT-QA, CDR surpasses ReasVQA
by 0.7% overall, with notable improvements in Causal and Temporal reasoning. For STAR, CDR
demonstrates a 0.7% overall gain over ReasVQA, particularly in Prediction and Feasibility tasks. On
IntentQA, CDR maintains its leading position with a 0.8% increase in total accuracy compared to
ReasVQA. These results validate the effectiveness of our multi-perspective, context-aware reasoning
paradigm in enhancing VideoQA models” ability to understand and answer complex visual-language
queries. The improvements are particularly significant in reasoning categories that demand deeper
temporal, causal, and predictive understanding, which are directly targeted by CDR’s diverse reasoning
generation and fusion mechanisms.

Table 1. Performance Comparison (ACC %) on NEXT-QA and STAR Datasets. LLM Arch. refers to the Large
Language Model Architecture used by the VideoQA method.

Model LLM Arch. NExT-QA STAR
Tem. Cau. Desc. Total Int. Seq. Pred. Fea. Total

MotionEpic Vicuna 7B 746 758 833 760 715 726 666 627 710
LLaMA-VQA LLaMA7B 692 727 758 720 662 679 572 527 654
VidF4 FlanT5 3B 696 742 833 741 684 704 609 594 681
ReasVQA InternVL 752 765 840 768 721 73.0 671 635 716
Ours (CDR) InternVL 76.0 772 845 775 728 73.6 678 642 723

Table 2. Performance Comparison (ACC %) on IntentQA Dataset. LLM refers to the Large Language Model used

by the VideoQA method.
Model LLM Why How Temporal Total
LVNet GPT-4o 752 716 608 71.1
CaVIR - 584 655 505 57.6
BlindGPT GPT-3 522 613 434 51.6
ReasVQA InternVL 758 720 615 71.8
Ours (CDR) InternVL 765 728 623 72.6

4.3. Ablation Studies

To investigate the individual contributions of each core component within our CDR framework,
we conducted a series of ablation studies on the NExT-QA dataset. The results, summarized in Table 3,
highlight the importance of diverse reasoning generation, pathway refinement, and context-aware
fusion.
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Table 3. Ablation Study Results (ACC %) on NExT-QA Dataset. DRG: Diverse Reasoning Generator, RPRA:
Reasoning Pathway Refiner and Annotator, CARF: Context-Aware Reasoning Fusion.

Model Variant Description Tem. Cau. Desc. Total
BLIP-FlanT5 (Baseline) Main VideoQA model without CDR 715 720 81.0 735
CDR w/o0 DRG Single-perspective reasoning (general prompt) 748 755 832 759
CDR w/o RPRA Uses raw reasoning paths without refinement 751 759 83.8 76.4
CDRw/o CARF Simple concatenation of reasoning paths 754 763 840 767
Ours (CDR) Full CDR framework 76.0 772 845 775

e  BLIP-FlanT5 (Baseline): As expected, the baseline VideoQA model, without any reasoning assis-
tance from CDR, yields the lowest performance. This underscores the necessity of incorporating
advanced reasoning mechanisms for complex VideoQA tasks.

* CDR w/o DRG (Single-perspective reasoning): When the Diverse Reasoning Generator (DRG)
is replaced by a mechanism that generates only a single reasoning path (using a general prompt
without specific viewpoint hints), the performance drops by 1.6% overall compared to the full
CDR. This confirms that generating multiple, complementary reasoning perspectives is crucial
for capturing the rich and varied information required for accurate video understanding.

¢ CDR w/o RPRA (Raw reasoning paths): Removing the Reasoning Pathway Refiner and An-
notator (RPRA) module, meaning raw reasoning paths (potentially containing explicit answers
or lacking type annotations) are fed to CARF, leads to a 1.1% decrease in overall accuracy. This
highlights the importance of refining reasoning paths to prevent direct answer memorization and
of type annotation in providing structured information for more effective fusion.

¢ CDR w/o CARF (Simple concatenation): When the Context-Aware Reasoning Fusion (CARF)
module is replaced by a simpler fusion mechanism (e.g., direct concatenation or average pooling
of reasoning embeddings), the performance declines by 0.8% overall. This demonstrates the
efficacy of CARF’s attention-based dynamic weighting, which intelligently prioritizes relevant
reasoning paths based on the video and question context.

These ablation results collectively demonstrate that each component of CDR—diverse reasoning
generation, pathway refinement and annotation, and context-aware fusion—plays a significant and
distinct role in the framework’s superior performance, contributing to a more robust and accurate
VideoQA system.

4.4. Human Evaluation

While quantitative metrics provide a critical assessment of model accuracy, human evaluation
offers invaluable insights into the qualitative aspects of reasoning and answer generation. We con-
ducted a human evaluation involving three expert annotators to assess the quality of answers and the
underlying reasoning processes generated by CDR, comparing it against the best baseline, ReasVQA.
We randomly sampled 200 video-question pairs from the NExT-QA test set. Annotators rated each
generated answer and its accompanying reasoning path on a 1-5 Likert scale for several criteria:
Answer Correctness, Reasoning Coherence, Reasoning Completeness, and Overall Helpfulness of
Reasoning.

As presented in Table 4, CDR consistently outperforms ReasVQA across all qualitative metrics.
CDR’s answers were rated significantly higher in Correctness (4.28 vs. 4.05), indicating a better factual
accuracy. More importantly, the reasoning paths generated by CDR demonstrated superior Coherence
(4.10 vs. 3.82) and Completeness (4.02 vs. 3.70), suggesting that the multi-perspective generation and
structured annotation lead to more logical, well-structured, and thorough explanations. The improved
quality of reasoning directly translated into higher scores for Overall Helpfulness (4.15 vs. 3.85),
indicating that CDR’s reasoning processes are more valuable for understanding how the model arrived
at its answer. These human evaluation results corroborate our quantitative findings, affirming that
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CDR not only improves answer accuracy but also enhances the interpretability and trustworthiness of
the VideoQA system through its high-quality, diverse reasoning pathways.

Table 4. Human Evaluation Results (Average Score 1-5) on NExT-QA. Higher scores indicate better quality.

Model Answer Reasoning Reasoning Overall
Correctness Coherence Completeness Helpfulness
ReasVQA 4.05 3.82 3.70 3.85
Ours (CDR) 4.28 4.10 4.02 4.15

4.5. Analysis of Generated Reasoning Pathways

This section delves into the characteristics of the reasoning pathways generated by the Diverse
Reasoning Generator (DRG) and subsequently refined and annotated by the Reasoning Pathway
Refiner and Annotator (RPRA). Understanding these properties provides insight into how CDR
constructs its rich auxiliary supervision.

4.5.1. Pathway Diversity and Length

We quantitatively analyze the output of DRG and RPRA. For each video-question pair, DRG
generates K = 4 distinct reasoning pathways using our predefined viewpoint prompts (Temporal,
Causal, Object Interaction, State Change). Figure 3 summarizes the average number of generated
statements per path and the average number of unique semantic types identified by RPRA within each
path across the NExT-QA dataset.
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Figure 3. Statistics of Generated Reasoning Pathways on NEXT-QA. Avg. Num. Paths represents the average
number of distinct pathways generated per video-question pair. Avg. Path Len. (Stmts) is the average number of
statements in a refined pathway. Avg. Unique Types per Path indicates the average number of distinct semantic
reasoning types present in a pathway.

As shown in Figure 3, each video-question pair consistently receives four distinct reasoning
pathways, demonstrating the DRG’s ability to adhere to the prompt structure. The average path length
of 5.8 to 7.1 statements indicates that the generated reasoning is granular enough to cover multiple
logical steps without being overly verbose. Crucially, each path, on average, contains 2.7 to 3.1 unique
semantic types, confirming that even individual pathways are diverse in their reasoning components,
further enriching the multi-perspective approach.

4.5.2. Distribution of Reasoning Types

The RPRA module assigns semantic types to each statement within a reasoning pathway. Figure
4 presents the overall distribution of these semantic types across all generated reasoning statements
in the NExT-QA dataset. The defined types are: Temporal Event (describing actions/occurrences),
Causal Inference (linking cause-effect), Object Action (object behaviors), and State Description (entity
conditions).
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Figure 4. Distribution of Annotated Reasoning Types (Percentage) on NExT-QA. Tem.: Temporal Event, Cau.:
Causal Inference, Obj. Act.: Object Action, State Desc.: State Description.

The distribution in Figure 4 reveals a healthy mix of reasoning types, reflecting the complex
nature of video understanding. Temporal events and causal inferences collectively account for over
60% of the reasoning steps, which aligns with the typical demands of VideoQA tasks, particularly on
datasets like NEXT-QA that emphasize these aspects. The significant presence of object actions and
state descriptions ensures comprehensive coverage of visual dynamics and entity properties. This
balanced distribution demonstrates RPRA’s effectiveness in providing structured and semantically
rich reasoning cues to the main VideoQA model.

4.6. Effectiveness of Context-Aware Reasoning Fusion

The Context-Aware Reasoning Fusion (CARF) module is pivotal in dynamically integrating
diverse reasoning pathways. This section analyzes how CARF assigns attention weights to different
pathways, demonstrating its ability to adapt to varying question types and contexts. We examine
the average attention weights («y) assigned by CARF to pathways generated by specific prompts,
categorized by the question type from the NExT-QA dataset. The four main prompts used by DRG
are designed to elicit reasoning focused on: (P1) Temporal Sequence, (P2) Causal Relationships, (P3)
Object Interactions, and (P4) State Changes.

As presented in Table 5, CARF exhibits clear context-aware behavior. For Temporal questions,
the pathways generated by the Temporal Sequence prompt (P1) receive the highest average attention
weight (0.32). Similarly, for Causal questions, the pathways focused on Causal Relationships (P2)
are weighted most prominently (0.33). For Descriptive questions, which often involve identifying
objects and their activities, the Object Interactions pathways (P3) are prioritized (0.29). This dynamic
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weighting mechanism demonstrates that CARF effectively identifies and leverages the most relevant
reasoning perspectives for a given question, rather than treating all pathways equally. This adaptive
fusion mechanism is crucial for CDR’s superior performance, allowing the model to focus on the
reasoning aspects most pertinent to answering the specific query. The remaining pathways, while
receiving lower attention, still contribute complementary information, ensuring a comprehensive
understanding.

Table 5. Average Attention Weights («a;) per Pathway Type for NEXT-QA Question Categories. Weights are
normalized across pathways for each video-question pair. Higher weights indicate greater importance assigned
by CARE. P1: Temporal Sequence, P2: Causal Relationships, P3: Object Interactions, P4: State Changes.

Question Type P1 (Temporal) P2 (Causal) P3 (Obj. Int.) P4 (State Chg.)
Temporal (NExT-QA) 0.32 0.25 0.23 0.20
Causal (NExT-QA) 0.26 0.33 0.24 0.17
Descriptive (NExT-QA) 0.27 0.23 0.29 0.21

4.7. Qualitative Analysis and Error Examples

Beyond quantitative metrics, a qualitative examination provides deeper insights into CDR’s
strengths and limitations.

4.7.1. Qualitative Examples

Consider a NExT-QA example: Video: A person pours water from a pitcher into a glass. Question: What
will happen after the person finishes pouring the water?

* CDR Reasoning (Selected Pathways by CARF):

- Temporal Pathway: "The pitcher moves towards the glass. Water flows from the pitcher into
the glass. The glass fills up." (Type: Temporal Event)

-  Causal Pathway: "Pouring causes the glass to become full. A full glass implies the action is
complete.” (Type: Causal Inference)

- State Change Pathway: "The pitcher’s water level decreases. The glass’s water level increases."
(Type: State Description)

¢ CDR Answer: "The glass will be full of water." (Correct)
¢ ReasVQA Answer: "The person will put the pitcher down." (Partially correct, but misses the core
consequence of pouring.)

In this example, CDR leverages diverse pathways to build a complete understanding: temporal
sequence, causal effect, and state changes. CARF likely assigns higher weights to the Causal and State
Change pathways for a "what will happen" (predictive) question, leading to a more precise answer.
ReasVQA, with a single reasoning path, often focuses on the most immediate next action without fully
capturing the implications.

Another example from STAR: Video: A chef is chopping vegetables rapidly. Question: Why is the chef
chopping vegetables quickly?
¢ CDR Reasoning (Selected Pathways by CARF):

—  Object Action Pathway: "The chef uses a knife with rapid motions. Vegetables are cut into
small pieces." (Type: Object Action)
- Causal Pathway: "Chopping quickly suggests efficiency. Efficiency is often needed to prepare
a meal in time." (Type: Causal Inference)
- Temporal Pathway: "Preparations for cooking are ongoing." (Type: Temporal Event)
* CDR Answer: "To prepare the meal efficiently or meet a deadline.” (Correct, infers intent)

e ReasVQA Answer: "Because they want to cook them." (Correct but less specific, doesn’t infer the
"quickly” aspect.)

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.2254.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 January 2026 d0i:10.20944/preprints202512.2254.v1

150f 19

Here, CDR’s causal and object-action pathways help infer the underlying intention behind the action’s
speed, leading to a more nuanced answer compared to ReasVQA.

4.7.2. Error Analysis

Despite its superior performance, CDR is not immune to errors. We categorized common error
patterns by analyzing 100 incorrect predictions from CDR on the NExXT-QA test set and comparing
them to 100 incorrect predictions from ReasVQA.

Table 6 shows that CDR significantly reduces errors related to Missing Causal Relations (MCR),
Ambiguous Temporal Order (AMT), and MLLM Hallucination (MLH) compared to ReasVQA. This
reduction is attributable to DRG’s diverse prompting and RPRA’s refinement, which mitigate single-
perspective flaws and filter erroneous information. However, CDR exhibits a higher percentage of
Over-generalization (OG) errors. These occur when CDR correctly identifies general concepts but fails
to extract very specific details required for the answer, possibly due to the fusion of multiple, sometimes
slightly conflicting, general pathways leading to a "safe’ but less precise answer. Errors in Fine-grained
Perception (FP) and Incorrect Object Interaction (OI) persist for both models, indicating limitations in
the underlying visual features or the MLLM’s ability to precisely interpret subtle visual cues. These
insights guide future improvements, potentially focusing on more granular visual grounding within
reasoning pathways and refining CARF to handle potential conflicts during fusion more effectively.

Table 6. Distribution of Error Types (Percentage of Incorrect Predictions) on NEXT-QA for CDR vs. ReasVQA. FP:
Fine-grained Perception, MLH: MLLM Hallucination, MCR: Missing Causal Relation, AMT: Ambiguous Temporal
Order, OI: Incorrect Object Interaction, OG: Over-generalization.

Model FP (%) MLH (%) MCR (%) AMT (%) OI(%) OG (%)
ReasVQA  15.0 20.0 25.0 18.0 12.0 10.0
Ours (CDR) 12.0 15.0 15.0 10.0 100  38.0

4.8. Computational Efficiency

The introduction of the CDR framework, particularly the DRG and RPRA modules, adds compu-
tational overhead. We analyze the efficiency aspects in terms of training and inference time, and GPU
memory footprint.

As shown in Table 7, the DRG’s reasoning generation and RPRA’s refinement are performed
offline. The DRG using InternVL (26B) takes approximately 0.80 seconds per sample for generating 4
pathways, and RPRA takes a negligible 0.05 seconds. This offline generation approach allows the main
VideoQA model to benefit from diverse reasoning without incurring significant real-time overhead
during inference.

Table 7. Computational Cost Comparison. Training Time per Epoch is reported for the main VideoQA model
training. Inference Time per Sample includes all CDR components for one video-question pair. GPU Memory
Usage is for the main model during training. "N /A’ indicates the component is not applicable to the baseline.

Training Inference
Component Model Time/Epoch (h)  Time/Sample (s) Memory (GB)
VQF (Baseline) BLIP-FlanT5 3B 4.5 0.35 28
DRG (Offline) InternVL 26B N/A 0.80 40
. Rule-based +
RPRA (Offline) Classifier N/A 0.05 8
CDR (Full) VQF + CARF 5.2 0.45 32

For the main VideoQA model (VQF) training with CAREF, the training time per epoch increases
from 4.5 hours (baseline BLIP-FlanT5) to 5.2 hours, primarily due to processing the reasoning embed-
dings and the CARF attention mechanism. This represents a manageable increase given the significant
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performance gains. Similarly, the GPU memory usage for the main model during training increases
slightly from 28 GB to 32 GB.

During online inference, the main CDR model (VQF + CARF) takes 0.45 seconds per sample. This
includes the encoding of the pre-generated and refined reasoning pathways by CARF. This inference
time is only 0.10 seconds slower than the baseline BLIP-FlanT5, which is an acceptable latency for most
VideoQA applications, especially considering the substantial improvements in accuracy and reasoning
quality. The overall design of CDR with offline reasoning generation ensures that the framework
remains computationally practical while delivering state-of-the-art results.

5. Conclusions

The field of Video Question Answering (VideoQA) faces significant challenges, particularly due
to Multimodal Large Language Models’ (MLLMs) tendency to generate single-perspective or flawed
reasoning. To overcome this, we introduced Contextualized Diverse Reasoning (CDR), a novel
and comprehensive framework that provides VideoQA models with a robust, multi-dimensional
understanding. CDR integrates three interdependent modules: the Diverse Reasoning Generator
(DRG), which harnesses MLLMs to produce multiple distinct reasoning pathways; the Reasoning
Pathway Refiner and Annotator (RPRA), ensuring pathway purity and structuredness; and the
Context-Aware Reasoning Fusion (CARF) module, which intelligently combines these diverse cues
with visual and question features using adaptive attention. Our extensive evaluations across NEXT-QA,
STAR, and IntentQA datasets demonstrated CDR’s superior, state-of-the-art performance, particularly
in complex reasoning categories. Ablation studies affirmed the critical contributions of each module.
CDR represents a significant advancement in VideoQA, showcasing the power of orchestrating diverse
MLLM-generated reasoning in a context-aware manner, leading to deeper understanding and more
reliable predictions, and opening promising avenues for future research.
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