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Abstract

Video Question-Answering (VideoQA) remains
challenging in achieving advanced cognitive rea-
soning due to the uncontrollable and opaque rea-
soning processes in existing Multimodal Large
Language Models (MLLMs). To address this is-
sue, we propose a novel Language-centric Tree
Reasoning (LTR) framework that targets on en-
hancing the reasoning ability of models. In detail,
it recursively divides the original question into
logically manageable parts and conquers them
piece by piece, enhancing the reasoning capa-
bilities and interpretability of existing MLLMs.
Specifically, in the first stage, the LTR focuses
on language to recursively generate a language-
centric logical tree, which gradually breaks down
the complex cognitive question into simple per-
ceptual ones and plans the reasoning path through
a RAG-based few-shot approach. In the second
stage, with the aid of video content, the LTR per-
forms bottom-up logical reasoning within the tree
to derive the final answer along with the traceable
reasoning path. Experiments across 11 VideoQA
benchmarks demonstrate that our LTR framework
significantly improves both accuracy and inter-
pretability compared to state-of-the-art MLLMs.
To our knowledge, this is the first work to im-
plement a language-centric logical tree to guide
MLLM reasoning in VideoQA, paving the way
for language-centric video understanding from
perception to cognition.
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1. Introduction

Video Question-Answering (VideoQA) has emerged as a
significant research area with applications in multi-modal
understanding, interactive artificial intelligence and cogni-
tive science (Xiao et al., 2021; Li et al., 2022a; Wu et al.,
2023; Li et al., 2023b; Mangalam et al., 2023; Li et al.,
2024b; Chen et al., 2022; Wang et al., 2025; Chi et al.,
2024a; Li et al., 2025; Chi et al., 2024b). The core chal-
lenge lies in advancing language-centric video understand-
ing from perception to cognition. Specifically, low-level
perception involves understanding the spatiotemporal fea-
tures of videos, such as recognizing objects, actions, and
scenes. High-level cognition, on the other hand, requires
comprehending the underlying logic of both the video con-
tent and the posed questions, enabling the system to perform
reasoning along a logical structure and provide accurate an-
swers. To address these challenges, recent advances extend
Large Language Models (LLMs) to their multimodal vari-
ants (MLLMs), such as Video-LLaMA (Zhang et al., 2023;
Cheng et al., 2024) and Video-LLaVA (Lin et al., 2024) by
integrating visual and textual information.

However, while they can provide certain explanations when
answering questions, how to achieve System-2 reasoning
has not been fully explored. One major limitation is that
the reasoning processes of these models are often uncon-
trollable and lack of transparency. Such opacity makes it
challenging to analyze their reasoning steps, rendering the
results to be less trustworthy. For instance, when address-
ing complex questions involving multiple temporal visual
cues, the models may produce incorrect answers without
revealing the reasoning path that led to those conclusions.
Therefore, as users cannot trace back to pinpoint where the
reasoning have gone astray, they cannot trust the results.

To overcome such issues, we propose a novel training-free,
model-agnostic Language-centric Tree Reasoning (LTR)
framework that enhances model reasoning capabilities while
improving the interpretability and verifiability of reasoning
processes. Our framework utilizes language as the central
driving force for video understanding, starting from the log-
ical structure inherent in the question itself. Initially, by
integrating video content, we recursively generate a com-
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Q: Is it safe for the man not wearing a shirt to sit on the roof of the car?

Stage-1: Divide with Top-down Recursive Checking

| Is it safe for the man not wearing a shirt to sit on the roof of the car |

I |What is the condition of the roof of the car‘.7| | What is the condition of the car? |
Is the roof of the car| |Is the roof of the car| | Is the car moving| |Is the car moving
sturdy? flat? fast? left?

Stage-2: Conquer with Bottom-Up Tree Reasoning

| The roof condition is satisfied, but the car in jolt is still dangerous to sit on the roof. |

L | The roof is both sturdy and flat. | | The car is moving slowly, but the road is jolt. |

Yes, the roof | | Yes, the roof is | |No, the car only moves;
is sturdy. flat. slowly.

Yes, the car moving
towards the left.

Figure 1. The example about the reasoning process of our LTR
framework. In the first stage, LTR recursively divide the question
into language-centric logical tree. In the second stage, LTR con-
quer the main question as bottom-up tree reasoning. Note that due
to the assistance from video content, some flaw in logical tree can
also be fixed during bottom-up tree reasoning.

prehensive language-centric logical tree from the given
question. This tree has two signatures: first, its hierarchical
structure explicitly represents the reasoning logic of the
original question; second, the leaf nodes comprise simple
perceptual questions that enable effective leveraging of ex-
isting MLLMs’ perceptual strengths. To generate such a
logical tree, the MLLM recursively divides the questions
into simpler and logically reasonable sub-questions and de-
cides whether the sub-questions are simple enough to be leaf
perceptual questions. Subsequently, to perform multimodal
System-2 reasoning with the generated language-centric log-
ical tree, we begin by employing MLLMs to answer all leaf
node questions, establishing an evidentiary foundation for
the bottom-up reasoning process. Then, aided by video con-
tent, we perform logical bottom-up reasoning recursively
within the tree, deriving node answers from the responses
of their children while verifying consistency with visual
evidence, ultimately obtaining both the original question’s
solution and a fully traceable reasoning path.

Some previous works have also explored interpretable
VideoQA method, such as VoT (Fei et al., 2024a) and
DSTN (Qian et al., 2022). VoT constructs a cognitive-level
reasoning framework by providing detailed analysis at the
object and action levels, followed by reasoning based on
fine-grained video representations. While VoT enhances
MLLM performance and offers additional reasoning cues, it
still falls short in capturing the logical structure of questions
and fully elucidating the reasoning process. Unlike VoT, our

reasoning framework is designed on the language-centric
logical tree, improving the verifiability and facilitating fur-
ther errors analysis. As another approach, DSTN exploits
Neural Modular Networks (NMNs) to generate a program
and obtains the final answer through program execution.
Although this approach enhances verifiability, it lacks er-
ror tolerance, i.e., any mistake in the program invariably
leads to an unrecoverable incorrect answer. In contrast,
our framework offers a soft reasoning architecture, supple-
menting logical reasoning with video information, ensuring
explainable reasoning while increasing error tolerance.

To validate the effectiveness of our LTR framework, we se-
lect four existing MLLMs, i.e. VideoLLaMA3 (Zhang et al.,
2025), VideoChat2 (Li et al., 2024b), Qwen2-VL (Wang
et al., 2024), and LLaVA-OneVision (Li et al., 2024a) as
baselines for comparison, and conduct experiments on 11
VideoQA benchmarks. Additionally, we perform ablation
studies to analyze the effectiveness of each component
within our framework and provide insights into the strengths
and weaknesses of existing models based on our framework.
Moreover, we provide case studies to demonstrate how our
framework enables more error-tolerant, explainable, and
controllable System-2 reasoning while enhancing prediction
accuracy. Our contribution can be summarized as:

* Motivation: We analyze the two main development
stages of VideoQA, i.e., perception and cognition, to
explore a language-centric tree reasoning framework
that achieves cognitive-level video understanding.

* Framework: We propose a novel training-free, model-
agnostic Language-centric Tree Reasoning (LTR)
framework that utilizes language as the central driving
force for video understanding, enhancing reasoning
ability and interpretability of MLLMs.

* Experiments: Extensive experiments on 11 bench-
marks against 4 baseline MLLMs demonstrate that the
LTR framework improves reasoning accuracy, leading
to a more transparent and verifiable VideoQA system.

2. Related Work

2.1. Video Question-Answering Dataset

By incorporating the temporal dimension, VideoQA natu-
rally extends ImageQA, enabling the ability to answer ques-
tions with dynamic visual content. In recent years, VideoQA
datasets have evolved to encompass more complex tasks
that require advanced reasoning skills, such as temporal
reasoning (Choi et al., 2021), physical reasoning (Yi et al.,
2020), evidence reasoning (Xiao et al., 2021; Wu et al.,
2023), commonsense reasoning (Li et al., 2022a; 2023b),
and long video understanding (Mangalam et al., 2023). To
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enhance ne-grained video understanding, AGQA (Grundeand better computational ef ciency.

(I\e/lcall_lauzgohzllzn) ﬁ:“?;é szoaztilcztean:d oés(sggr?gc?g]%S(?rznmdzlcpespite these advancements, existing MLLMs still provide
o ) b P grap limited explanations for their answering process. To address
t|0_h Genome (Ji et al.,, 2020) to construct Vlde_oQA dataset hese challenges, we propose the LTR framework which ex-

with the_recent advancements of MLLMS in video un- lores language-centric logical tree reasoning in VideoQA,
derstanding, test-only benchmarks such as MVBench (L hereby enhancing the reasoning transparency

et al., 2024b), MMT-Bench (Ying et al., 2024), and Video- '

MME (Fu et al., 2024) have been proposed to comprehenz— 3 Visual R .

sively evaluate MLLM performance. However, the rea-“"" ISual keasoning

soning logic in answer prediction remains under-exploredn the eld of visual reasoning, the effectiveness of divid-
Our framework leverages the zero-shot reasoning ability ofng complex questions into simpler sub-questions has been
MLLMs to generate high-quality ne-grained logical trees observed across various tasks, including ImageQA (Cao

when answering questions, relie ng the constraint causeet al., 2018) and DocumentQA (Yang et al., 2018). In ear-

by the absence of such datasets. lier research, most benchmarks (Hudson & Manning, 2019;
Grunde-McLaughlin et al., 2021) break down questions into
2.2. Video Question-Answering Methodology modular programs de ned within Neural Modular Networks

(NMNSs) (Qian et al., 2022) to generate answers. Among

Prior to the incorporation of Large Language Models i : .
(LLMs) in VideoQA, the architectures of VideoQA meth- theS(_a, AGQA (Grunde-McLaughlin et al., 2021) mtroQuces
spatio-temporal scene graphs to represent reasoning pro-

ods prlmarlly focu;ed_ on ahgmn_g wdc_aos with _quest_lons. rams for VideoQA. However, these reasoning programs
In early studies, this video-question alignment is achlevetig

through the use of cross-modal attention (Li et al., 2019'10M AGQ.A (Grunde'-l\/.chaughIm etal,, 2021) cannot be

. directly utilized by existing VideoQA methods. To address
Gao et al., 2019) or memory networks (Gao et al., 2018; Fart1hiS limitation, AGQA-Decomp (Gandhi et al., 2022) trans-
et al., 2019). Subsequently, graph reasoning (Jiang & Ha ' P y

2020: Park et al., 2021: Liu et al., 2021: Gu et al.. 2021;c‘.)rms each reasoning program into multiple sub-questions

Cherian et al., 2022) and hierarchical reasoning (Le et alf':md a compositional graph to evaluate the compositional

2020; Guo et al., 2021; Xiao et al., 2022a; Peng et al., 2027:0nS1Stency of VideoQA methods. Neural Modular Net

Xiao et al., 2022b) approaches gained popularity. Somg/orks (NMNSs) have been extensively explored in both Im-

research has explored VideoQA from a causality perSIOeé\_geQA (Andreas et al., 2016; Hu et al., 2017; Johnson et al.,
tive. For example, IGV (Li et al., 2022¢), EIGV (Li et al,, 20+/; Mascharka et al,, 2018) and VideoQA (Qian et al.,

2022b), and TIGV (Li et al., 2024d) focus on distinguish-2022) for performing compositional reasoning in visual
; : o o guestion answering. Chen et al. (2024) introduces general
ing causal and environmental clips in video by utilizing a

. N , e and universial meta-points for object represent, which effec-
simple grounding indicator and promoting sensitivity to se-

mantic changes in causal scenes. Furthermore, KPI (Li et aIt|vely facilitate the reasoning on object interaction. These

. : . . etworks convert questions into modular sub-programs and
2023a) investigates front-door interventions as knowledge .

g . assemble these modules to execute the overall reasoning pro-
proxy to mitigate the effects of dataset biases.

cess. Although NMN-based approaches offer interpretabil-
With the advancement of Large Language Models (LLMs),ty, they rely on prede ned modules, limiting the compati-
Video-MLLMs generally comprise a pre-trained visual en-bility with novel modules and reasoning frameworks.

coder (Radford et al., 2021; Caron et al., 2021; Fei et al., .
2024b) that encodes video frames into low-dimensional vi!n the era of MLLMs, VoT (Fei et al., 2024a) endeavors

sual features, a vision-language aligner to ensure that theto establish transparent VideoQA reasoning by offering de-

. i . Tiled analyses of videos at the object and action levels and
visual representations are comprehensible to LLMs, and & . . . .
. . . conducting reasoning based on ne-grained video represen-

language decoder instruction-tuned on multimodal data (Caj_.. L2 .
) ations. However, it still fails to capture the logical structure

etal., 2024; Dubey et al., 2024) that generates text response : ) : )
of questions or fully elucidate the reasoning process. Logic-

based on provided mstrugtmns and V'.de(.) content_. Numer heckGPT (Wu et al., 2024) addresses object hallucination
ous efforts have been dedicated to designing effective visua ; : -
. . . and enhances visual understanding ability of MLLMs by
alignment strategies. For example, Video-ChatGPT (Maaz ) . ; A
. . ._‘checking con ict consistency across multiple interrelated

et al., 2023) employs spatial and temporal pooling to in-

dependently caption information. VideoLLaMA2 (Cheng guestions. However, this method neither explores hierarchi-
etal., 2024) presents the Spatial-'llemporal Convolution Con(Eal question structures spanning cognitive reasoning to per-

nector to more ef ciently capture spatial-temporal feature ceptual processing nor provides traceable reasoning paths.

; : STherel‘ore, we introduce the LTR framework, which rst re-
with a manageable number of visual tokens. Furthermore

Video-LLaVA (Lin et al., 2024) aligns video and image data cursively ggnerates_a Ianguage—.centnc Iog|pal trge and then
: L _ ; . .~ performs visual-assisted reasoning along this logical tree. In
prior to projection, achieving uni ed visual representation

3
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Figure 2.The illustration of Language-centric Tree Reasoning (LTR) framework. In the rst stage, our LTR recursively divides complex
cognitive questions to simpler question until they are perceptual questions. In the second stage, our LTR answers the perceptual leaf
questions and bottom-up reasoning toward the original question alone the language-centric logical tree. Best viewed when zoomed in.

this way, LTR method enhances both reasoning capabilitieable division approaches and ambiguity in determining
and interpretability, advancing towards System-2 reasoningperceptual simplicity. Therefore, we introduce retrieval-
augmented generation (RAG)-assisted question division. In

3. LTR Framework detail, we use the AGQA—Decomp (Gandhi et al., 2022)
dataset as the retrieval database and embed all non-leaf
3.1. Divide with Top-down Recursive Checking guestion-subquestion tuple in it. Speci cally, for each

non-leaf questiog 2 Q (where Q denotes the com-
lete non-leaf question set), we encode it into a 256-
imensional feature vectdr, 2 R?%® using OpenAl's
text-embedding-3-large model, with this vector
%Erving as the retrieval key. During the RAG process, we
trieve the togk most relevant question-subquestion tu-
ples from AGQA-Decomp by computing cosine similarity
between feature vectors. These retrieved tuples then provide
few-shot exemplars for subquestion generation. To facilitate
The Question Division step is motivated by the need to prothis process, we prompt the MLLM with:
gressively divide complex cognitive questions into simpler,
perceptual ones. However, directly dividing such questiong Instruction: Based on the content of the given video,
based solely on textual content proves challenging due t Please help me to divide the given question into multiple
their inherent reliance on comprehensive video understan( more perceptual questions.
ing. To address this dif culty, this step leverages video To| Sample: The similar samples for the question division
address this, the step strategically utilizes visual evidence | are: fretrievalresultsin JSONg.
guide hierarchical division. Speci cally, given a question| Rule: The output should be formed in JSON format,
and its corresponding video input, the MLLM recursively | With SubQ: fsub-questiong as the key and value.
divides the original question into logically structured sub{ Question: foriginal_questiong.
questions that facilitate stepwise reasoning. Through thi| Video: fvideo_tokensg
recursive process, LTR reduces cognitive complexity by
transforming abstract queries into concrete perceptual task§.1 2 RecURSIVE PERCEPTUAL CHECKING

In this stage, our LTR recursively breaks down the cognitive
question into perceptual ones to construct the languag
centric logical tree with two steps. The rst step divides non-
perceptual questions into sub-questions, and the second st
recursively checks whether the sub-questions are perceptu
to determine the stop of question division.

3.1.1. QUESTION DIVISION

However, directly asking the model to perform questionre Recyrsive Perceptual Checking step is used to deter-
division may introduce uncertainty, such as multiple Vi-mine whether a given question can be directly answered

4
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with the perceptual capabilities of MLLMs. However, the 3.2.2. VIDEO-AIDED LOGICAL REASONING
feasibility of directly answering a certain question may vary
as the video content changes. For example, the question “ ) e .
it safe to drive ahead?” can be directly answered if the vide € answer to a parent question within the language-centric

: . : ical tree by utilizing the answers to its sub-questions
i nempty r h ment of safety is straighta' & . . . . e
depicts an empty road, as the assessment of safety s st agW|th the assistance of video information. The motivation

forward. In contrast, if the video contains a complex urbanb hind this step st f 7ina that potential
environment with multiple obstacles and dynamic elements ehind this step stems from recognizing that potential vague
ay occur during the question decomposition process, and

we need to divide the question into several sub-question ) L
focusing on speci ¢ objects and actions. Each sub—questioﬁ.e answers to sub.-quest|ons may a_IsQ c;ontaln inaccura-
would then be individually addressed to collectively form a s Thereforg, relylng solely on Imgwstlc |nformat|qn for
comprehensive answer. Therefore, we input both the quelso-glc"’.lI reasoning might not yield reliable results._ By incor-
tion and the video into the MLLM. The MLLM analyzes the porating video content, we enhance the reasoning process,

combined inputs to judge whether, for the video, the quesE—‘”ow'Bg the MII.L!\{: to ggnsme:jv_l&tjsl cuebs that [[T_1ay noé
tion quali es as a perceptual query that can be answere ave been explicitly addressed In the sub-questions. For
Instance, as illustrated in Figure 1, even though the sub-

directly. The perceptual questions will not be further di- . : L= o
y b P d uestions do not include inquiries about the stability of the

vided. When all leaf questions are determined as perceptuéi )
the top-down recursive checking stops, and the Ianguagéqad’ the MLLM still accounts for road bumps when answer-

centric logical tree is generated accordingly. To facilitatel?]g a_k()jout tt?]e cond|tt|on oft_the ca:j ltr|1n pre:)ctlce, \;\_/e mplljt
this process, we prompt the MLLM with: e video, the parent question, and the sub-questions along

with their answers into MLLM to perform video-aided logi-
cal reasoning. This approach ensures that the reasoning is
grounded in both logic and video, mitigating the impact of
potential errors in logical tree or sub-question answers. To
facilitate this process, we prompt the MLLM with:

he Video-aided Logical Reasoning step is designed to infer

Instruction: Based on the given video, is the given
question perceptible to the video?

Rule: The output should be “Yes/No + Reason”
Question: foriginal_questiong.

Video: fvideo _tokensg

Instruction: Given the video and the logical structurg,
please help me to derive the answer to the main question.
Rule: The output should rst provide explanation from
In the second stage, LTR performs bottom-up tree reaso| both logic and video, and then provide the nal answer.
ing through three steps to recursively derive a logical an¢ Logical Structure: flogical structurein_JSONformag.
visual coherent answer. In the rst step, LTR answers all Video: fvideo_tokensg

perceptual leaf questions based on video content. In the
second and third steps, aided by video content, LTR reasons

along the rst-order logical structures and veri es answers,3-2-3- IN-PROCESS ANSWER VERIFICATION

3.2. Conquer with Bottom-up Tree Reasoning

ensuring visual and logical coherent of answers. The In-process Answer Veri cation step is designed to en-
sure the reliability of intermediate answers during the rea-
3.2.1. PERCEPTUAL QUESTION ANSWERING soning process, which involves logical reasoning across

The Perceptual Question Answering step aims to address tHBUltiple intermediate nodes. Before progressing further,
leaf questions of the language-centric logical tree, therebf S essential to \{erlfy these lntermedlate answers t.o re-
enabling further reasoning along the tree structure. Not&uce the propagation of errors. Speci cally, our veri cation
that these leaf questions are simple enough to be perceptibf@CuSes on two key aspects: (1) whether the answers and
from the video, as depicted in Section 3.1.2. Therefore, th?}easonlng processes of intermediate node questions con-
can be effectively solved by leveraging the strong perceptudior™m to the logical reasoning from sub-questions to parent
capabilities of existing MLLMs. In this step, we adopt questions, and (2) whether the answers to intermediate node
the conventional instruction used in MLLMs for VideoQA. duestions con ict with the video content itself. The rst
Speci cally, we input the question and the video into the @SPect emphasizes cognitive-level veri cation, assessing

MLLM to generate the corresponding answer. To facilitateth® logical consistency and coherence of the reasoning pro-
this operation, we prompt the MLLM with: cess. The second aspect concentrates on perceptual-level

veri cation, evaluating the answers against the basic per-

question using several words or phrase. integrating both cognitive and perceptual validations, we
Question: foriginal_questiong. effectively ensure the accuracy and rationality of the nal
Video: fvideo_tokensg answers. Notably, when this step detects any cognitive or

perceptual con icts in the intermediate node answers, we
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incorporate the con icts as inputs and re-execute the Videoeonsistency, we utilize the DAG from the AGQA-Decomp

aided Logical Reasoning step to re-solve them. To facilitataest set for bottom-up tree reasoning. Regarding accuracy
this veri cation process, we prompt the MLLM with: improvement, we observe more pronounced gains in sub-
guestion compared to main questions. This is attributed to

Instruction: Given the video and the logical structure, the relative simplicity of sub-questions, which facilitates
help me to verify whether the [Reason and Answer] for more effective reasoning. Furthermore, the improvement in
the main question is logical and visual coherent. cF; is much larger than that in accuracy. This improvement
Rule: The output should rst evaluate the logical and is attributed to the Video-aided Logical Reasoning module,
visual coherency, and then judge the correctness. which exploits the logical relationships within the structure,
Logical Structure: flogical structurein_JSONformai. enabeling the QA inforamtion in perceptual questions to
Video: fvideo_tokensg propagate along the tree and help the model answer more

cognitive questions, therefore enhances the compositional
. consistency between main and sub questions.
4. Experiment

4.1. Evaluation Protocols 4.4. Comparisons on Zero-Shot Performance

We evaluate the LTR framework on 11 VideoQA bench-n Tables 2 to 4, we present zero-shot performance compar-
marks, including MSVD-QA (Xu et al., 2016), MSRVTT- isons on three benchmarks: Causal-VidQA, NeXT-QA and

QA (Xu et al., 2016), TGIF-QA (Jang et al., 2017), MVBench,yvith gdditional comparisons on other bench-
ActivityNet-QA (Yu et al., 2019), AGQA-Decomp (Gandhi marl_<s provided in the Appendix. Qverall, ogrfr_amevx_/ork

et al, 2022), NExT-QA (Xiao et al., 2021), Causal-Si9N cantly outp_erfor.m's the. baselines, which is gttrlbuted
VIdQA (Li et al., 2022a), STAR (Wu et al., 2023), Ego- to the collaborative _D|V|de with Top-down Recursive Check-
Schema (Mangalam et al., 2023), Video-MME (Fu et al./ng and Conquer with Bottom-up Tree Reasoning stages.

2024), and MVBench (Li et al., 2024b). For open-endedwhen comparing performance between simple perceptual
settings, we use GPT-3.5 to assess the generated respongg@sunding tasks and complex cognitive reasoning tasks, we
utilizing both accuracy and scoring metrics. For multiple- nd that LTR demonstrates larger improvements on rela-
choice settings, we use the corresponding MLLM to selectively complex cognitive reasoning tasks. For example, Ta-
answers from the provided options based solely on the quebte 3 shows more signi cant improvements on counterfac-
tion and generated response. To illustrate improvements itual and prediction tasks (between 2.4% and 4.2%) than
compositional consistency, we evaluate compositional mebn explanation and description tasks (between 0.9% and
rics (CR, cP, c-F) from VA3 (Liao et al., 2024) on AGQA- 2.1%), as the former require more complex logical reason-
Decomp. Full experiment results are in the Appendix.  ing capabilities that are systematically facilitated by our
language-centric tree reasoning procedure.

4.2. Implementation Details Speci cally, the Divide with Top-down Recursive Check-

In our LTR framework, we utilize four different MLLMs: ing stage guides MLLMs to extract necessary perceptual
VideoLLaMA3 (Zhang et al., 2025), VideoChat2 (Li et al., information for complex reasoning, while the Conquer with
2024b), Qwen2-VL (Wang et al., 2024), and LLaVA- Bottom-Up Tree Reasoning stage gradually aggregates per-
OneVision (Li et al., 2024a). We set the video resolutionceived visual clues through recursive logical reasoning to de-
to 336 336 pixels and uniformly sample 16 frames from duce answers through step-by-step complex reasoning. The
each video. The maximun new generated length is restrictedombination of these two stages (i.e., LTR framework) there-
to 2048 tokens. Other settings follow the recommendedore enhances complex reasoning capabilities of MLLMs
settings of zero-shot generations for each baseline modelwhile maintaining traceable reasoning processes.

) Similar patterns are also observed in MVBench (Table 2)
4.3. Comparisons on AGQA-Decomp and NeXT-QA (Table 4). Speci cally, Table 2 reveals that

In Table 1, we compare the performance of LTR with 9improvements on reasoning-intensive tasks (i.e., counter-
baseline methods on AGQA-Decomp. The columns markedactual inference (Cl), episodic reasoning (ER), and action
with “main” and “sub” represents corresponding metricsPrediction (AP)) are more substantial than those on simple
computed on root question and none-root questions in thBerceptual tasks (i.e., object existence (OE), action count
language-centric trees respectively. The experimental réAC), and ne-grained pose (FP)). Furthermore, Table 4
sults indicate that our framework signi cantly outperforms demonstrates more signi cant improvements on causal and
the baselines in terms of accuracy, score, and composition#mporal questions compared to descriptive questions.

consistency, which can be attributed to the collaborativernese observations collectively con rm that our LTR frame-
compositional reasoning strategy. To evaluate compositional

6
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Method _ Acc. . Score Compositional Consistency
main sub main  sub cP cR ch

Video-LLaVA (Zhang et al., 2023) 57.5 65.0 | 2.7 3.3 58.7 59.6 59.1
LLaMA-VID (Li et al., 2024c) 58.2 63.2 2.8 3.2 56.1 58.8 57.4
Chat-UniVi (Jin et al., 2024a) 60.3 68.1 | 3.0 3.4 63.6 69.9 66.6
VideoChat (Li et al., 2023c) 56.4 63.7 | 2.7 3.3 57.4 56.7 57.1
MiniGPT4-Video (Ataallah et al., 2024) 54.5 61.8 |24 21 55.6 52.8 54.1
VideoChat2 (Li et al., 2024b) 60.5 69.2 3.1 3.5 67.5 66.5 67.0
+LTR 64.3+3.8 75.3+6.1| 3.4+0.3 4.1+0.5| 77.2+9.7 77.7+11.2 77.4+10.4
VideoLLaMA3 (Zhang et al., 2025)  69.2 76.7 3.7 4.1 72.2 69.7 69.4
+LTR 72.7+3.5 82.7+6.0| 4.0+0.3 4.5+0.4| 80.4+8.2 82.1+12.4 81.2+11.8
LLaVA-OneVision (Li et al., 2024a) 64.3 73.2 3.5 3.9 69.1 66.9 68.0
+LTR 67.8+3.5 79.5+6.3| 3.7+0.2 4.3+0.4| 78.3+9.2 80.6+13.7 79.4+11.4
Qwen2-VL (Wang et al., 2024) 65.4 73.8 3.5 4.0 68.2 66.2 67.2
+LTR 69.1+3.7 80.7+6.9| 3.8+0.3 4.4+0.4| 78.6+10.4 80.7+14.5 79.6+12.4

Table 1.Performance on AGQA-Decomp regarding the accuracy, score, and compositional consistency. The columns marked with “main”
and “sub” represents corresponding metrics computed on root question and none-root questions in the language-centric trees respectively.
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 Ol OS MD AL ST AC MC MA SC FP CO EN ER CI
Video-LLaVA (Zhang et al., 2023) 41.0 46.0 42.5 56.5 39.0 53.5 53.0 48.0 41.0 29.0 31.5 82.5 45.0 26.0 53.0 41.5 33.5 41.5 27.5 38.5 31.5
LLaMA-VID (Li et al., 2024c) 41.3 45.5 40.5 58.0 39.5 55.0 53.5 40.0 35.5 18.5 27.5 87.0 41.5 23.0 45.5 41.0 27.0 40.0 345 415 31.5

LLaMA-Adapter (Zhang et al., 2024a) 31.7 23.0 28.0 51.0 30.0 33.0 53.5 32.5 33.5 25.5 21.5 30.5 29.0 22.5 41.5 39.5 25.0 31.5 22.5 28.0 32.0
Video-ChatGPT (Maaz et al., 2023)  32.7 23.5 26.0 62.0 22.5 26.5 54.0 28.0 40.0 23.0 20.0 31.0 30.5 25.5 39.5 48.5 29.0 33.0 29.5 26.0 35.5

VideoChat (Li et al., 2023c) 35.5 33.5 26.5 56.0 33.5 40.5 53.0 40.5 30.0 25.5 27.0 48.5 35.0 20.5 42.5 46.0 26.5 41.0 23.5 23.5 36.0
VideoLLaMA (Zhang et al., 2023) 34.1 27.5 25.5 51.0 29.0 39.0 48.0 40.5 38.0 22.5 22.5 43.0 34.0 22.5 32.5 45.5 32.5 40.0 30.0 21.0 37.0
VideoChat2 (Li et al., 2024b) 60.366.574.085.551.061.585.568.043.548.535.583.538.566.588.050.563.546.536.042.570.5
+L TR 62.469.578.086.052.562.085.573.045.049.5 35.586.040.0 68.5 87.055.0 64.5 47.0 38.049.575.0
VideoLLaMA3 (Zhang et al., 2025) 67.170.572.591.543.585.592.574.542.051.544.592.553.075.092.059.061.576.533.554.0 75.5
+LTR 69.074.077.591.045.085.091.579.043.052.045.094.054.077.592.563.062.0 77.0 35.5 60.5 81.5
LLaVA-OneVision (Li et al., 2024a) 57.373.069.579.046.079.563.576.537.521.540.092.047.046.068.552.055.063.5 34.551.550.0
+L TR 59.979.576.579.046.580.062.082.038.523.541.091.048.048.069.557.556.065.037.059.557.5
Qwen2-VL (Wang et al., 2024) 65.777.080.581.549.575.093.572.539.047.047.593.546.081.594.546.558.568.041.555.066.5
+LTR 67.882.586.582.050.075.592.0 77.5 39.5 46.5 46.5 94.0 48.0 83.0 93.551.0 60.0 69.0 44.0 62.0 73.5

Table 2.Experimental results on MVBench. The results in the white area are copied from the corresponding works or MVBench (Li et al.,
2024b), and the results in the blue area are reproduced by us using their published model weights and instructions.

work enhances cognitive reasoning capabilities of MLLMsIn the Logical Tree Reasoning Stage stage, we examine

more substantially than their perceptual abilities. the effects of answer veri cation (line w/o A.V.), correct
perceptual answers (line w/o P.L.Q.A) and video incorpora-
4.5. Ablation Study tion (line R w/o video) in logical reasoning. Experimental

i ) . results show that answer veri cation signi cantly impacts
In this section, we study the effect of the two reasoning,,mpjex reasoning tasks by effectively identifying logical
stages in Table 5. The experiments are conducted on thg, s \hile video incorporation is crucial since leaf ques-
Causal-VidQA and NeXT-QA with Qwen2-VL as baseline. i5ns alone cannot provide suf cient information for tree

In the Logical Tree Generation Stage, we analyze the syr€asoning. Moreover, the results indicate that relatively pre-
ergistic impacts of integrating RAG (line w/o RAG) and Cise perception is necessary for LTR framework. Although
video content (line w/o video) during hierarchical tree con-video-aided reasoning can provide some missing informa-
struction. Experimental results indicate that incorporatingtion during the process, it may not always be suf ciently
RAG provides essential gudiance on the quality of generate@ccurate for deducing correct main answers. These ndings
language-centric trees. Moreover, the existence of videdighlight the importance of both answer veri cation and
also provides spatiotemporal grounding cues within the LTRvideo incorporation in logical reasoning stage within the
framework; without it, the tree lacks video-speci c logical LTR framework, particularly for complex reasoning tasks.
structures, leading to degraded performance.
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Figure 3. Qualitative examples on MVBench (Li et al., 2024b) generated by VideoChat2 (Li et al., 2024b) with our LTR framework.

5. Qualitative Results in video could possibly be stationary at the beginning, as it

i i i L may move in other parts of the video. Thanks to the visual-
_In th's section, we provide two extra qualitative r_eSU|tSaided logical reasoning step, our framework successfully
in Figure 3. The rst case shows successiul reasoning tha ;s this ogical trap by recognizing that the brown cube is
uses perception results to derive the answer to the origkisionary at the beginning and starts moving later. Finally,

nal question. The second case presents a failure scenang, ihe main question, we conclude that the brown metal
showcasing that although our visual-aided logical reasons pe is stationary when the video begins

ing can correct some errors in reasoning, severe perception

incorrectness can also lead to unrecoverable failure. In the second video, a man shows drink glasses to the camera
twice and shows books to the camera four times sequentially.
In this example, the sub-question int@iis further divided

into three perceptual questions, con rming the existence of
RS A= X the person, the object, and the action “show”. Therefore,
further divide it to inquire about the colors from different we conclude that the person does show something to the
perspectives. Based on the answers o_f,[baﬁd_leajz, Our  camera. Besides, the counting sub-question ifitex di-
framework deduces the answer by nding the intersection of e into counting the different objects appearing in the
these two color sets, resulting in the correct answer brOWQ/ideo The logic trap here is that some perceived objects
a”‘?' plurple”. The sub-question int'éris also'processeld in serve as backgrounds and are not shown to the camera by
a similar manner. However, an object that is not stationarypo man. Therefore, the answer shall not be calculated by

Speci cally, in the rst video, a metal purple cube col-
lides with a metal brown cube at the beginning, while all
other objects are not metal. For sub-question itewe
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