


a video and a multiple-choice question, we generate a state-
ment for each answer candidate that acts as a first-level hy-
pothesis. We decompose each statement iteratively, aiming
to produce sub-statements that can be confidently verified
in the video. The video is itself decomposed into parti-
tions, consisting of sets of frames. Verifying each state-
ment is then a matter of aligning it to a video partition.
A vital benefit of the method is its generalizability to cur-
rent video and image-based VLMs across reasoning types,
including temporal and causal. To demonstrate its video
reasoning ability, we develop an answer-set de-bias proce-
dure supported by an LLM that ensures that VQA bench-
marks [11, 26] are adequate for reasoning in videos without
relying on spurious correlations. Our experiments show that
our video-grounded entailment tree method consistently im-
proves video- and image-based baselines on both the exist-
ing and de-biased benchmarks. Moreover, it performs on
par with, and often better than, state-of-the-art video-based
VLMs while leveraging 257× fewer parameters. Further
ablations show that the method benefits from considering
both textual and video information and that its performance
is especially strong on causal and temporal questions.

2. Related work
Video question answering. Recent research has shown that
while video-based VLMs can achieve state-of-the-art per-
formance, their answers are sensitive to object size, posi-
tioning, and speed [1, 28]. Moreover, when answering tem-
poral and spatial questions, VLMs rely on textual biases
to “guess” answers rather than performing genuine under-
standing and reasoning over visual-text information [32].

To improve the robustness and interpretability of VLMs,
one line of research enriches VLMs with visual grounding
functionality during QA, which enables VLMs to localize
relevant video moments [18, 27, 30] or key frames [15, 22]
to support answers. However, while these methods local-
ize visual evidence, the process by which VLMs use it to
deduce answers remains opaque. Another approach lever-
ages external LLMs as reasoners or agents to enhance in-
terpretability in textual modality. For instance, LLoVi [31]
converts VQA to a text-based QA task via video caption-
ing, then prompts an LLM to provide answers. Similarly,
VideoAgent [21] uses an LLM to recursively determine if
the current frames can answer the given question based on
their textual descriptions. However, these methods heavily
rely on the reasoning capabilities of LLMs. Like VLMs,
the LLM reasoning process remains a black box, and hal-
lucinations are common. Recently, TV-trees [19] attempted
to perform explicit reasoning over both visual and textual
modalities using a neuro-symbolic system. However, their
work assumes video transcripts are explicitly provided to
evaluate answers, thus avoiding the complexity of ground-
ing hypotheses into video content. Instead, we contribute a

general framework for explicit reasoning in commonsense
VQA, fueled by a grounding component that aligns ques-
tion components with video fragments.

Beyond methodology, some works focus on providing
fair and comprehensive VLM evaluations in VQA tasks
by creating new benchmarks [3, 6, 9]. These benchmarks
contain videos with diverse scenarios and durations, with
carefully crafted questions and options designed to prevent
textual shortcuts that VLMs might exploit. Video-specific
questions (e.g., compositional action reasoning) [1], which
require insights beyond textual associations, are included
to test commonsense reasoning in VLMs. Addressing con-
cerns of remaining biases in such benchmarks [6], we con-
tribute an LLM-based answer-set de-biasing procedure to
ensure that VQA benchmarks [11, 26] are adequate to eval-
uate reasoning in videos rather than spurious correlations.
Systematic language reasoning. As LLMs demonstrate
great potential in reasoning, there has been considerable in-
terest in using LLMs to generate systematic explanations
to support their answers. The series of Chain-of-Thought
prompting [2, 23, 29] encourages LLMs to think step-
by-step to perform explicit multi-hop reasoning, provid-
ing free-form reasoning steps before arriving at an answer.
However, such implicit explanations are not grounded in ex-
ternal knowledge or evidence, which may lead to unverifi-
able and unfaithful reasoning. Since the development of En-
tailmentBank [4], research has increasingly focused on con-
structing explanation trees [20, 24] and graphs [8], encour-
aging models to generate step-wise entailment proofs of a
statement using a set of supporting facts. Entailer [20] intro-
duced this systematic explanation framework into language-
based multiple-choice QA, performing explicit reasoning
by generating entailment trees grounded in the model’s in-
ternal beliefs. REFLEX [8] extends the entailment tree to
form a belief graph for QA models, aiming to address con-
sistency issues by intervening in the intermediate reason-
ing steps. Instead of grounding facts in predefined rules or
model beliefs, NELLIE [24] adopts Prolog-based inference
engines and external natural language corpora to build en-
tailment trees as explainable reasoning for multiple-choice
QA tasks. While such techniques for natural language pro-
cessing inspire our framework, we generalize entailment
trees to VQA, contributing a novel grounding method that
aligns entailment trees with video fragments.

3. Video-grounded entailment tree reasoning
This paper devises a novel explainable framework for
grounded commonsense VQA. It derives the answers
through systematic reasoning over video-text information
with entailment trees. Specifically, in the entailment tree
(Fig. 2a), each candidate answer is decomposed into state-
ments that entail the answer, explaining why each answer
could be plausible. These statements are then grounded
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in relevant visual evidence from the video to prove or re-
fute them (Fig. 2b). While entailment trees in natural lan-
guage processing are constructed based on a model’s inter-
nal knowledge or corpora [8, 20, 24], we ground entailment
trees into video fragments. Finally, backtracking through
the entailment tree leads to systematic reasoning over the
statements (Fig. 3). Thus, answers can be deduced by a sys-
tematic structure with explicit reasoning paths and explana-
tions rather than relying on opaque, black-box models.

3.1. Entailment tree construction
Initial statement generation. Given a question and its
answer candidates, we first convert each question-answer
pair into a declarative sentence that preserves the semantic
meaning of the original QA pair. As a result, an N -way
multiple-choice QA problem produces a set of statements,
denoted as D=d1, . . . , dN . For example, the two-way ques-
tion “What did the boy in white do after he first took the bal-
loon? (A) resting on a chair (B) carries it toward the hula
hoop” is transformed into: D : {d1= “The boy in white
resting on a chair after first taking the balloon.”, d2= “The
boy in white carries it toward the hula hoop after first tak-
ing the balloon.” }. Thus, selecting the best answer equals
identifying the correct statement for a given video.
Recursive statement decomposition. For each ini-
tial statement in D, we generate two sub-statements
as proofs that support the statement: Statement ⇐
Sub-statement1, Sub-statement2. The state-
ment is True if and only if both its sub-statements are
proved to be True, i.e., the sub-statements entail the state-
ment. Proving the original statements is thus translated into
proving two simpler sub-statements. This procedure is re-
cursive: the sub-statements can be further decomposed into
further sub-statements that entail them. Therefore, to con-
struct an entailment tree, we recursively decompose these
sub-statements as new statements in the next tree layer until
reaching the maximum depth or meeting the stop criterion.
Fig. 2(a) presents an example of entailment tree generation.

We leverage LLM prompting for both the initial state-
ment generation and the statement decomposition, as these
are linguistic tasks (see implementation details).

3.2. Video-language entailment verification
Given the entailment tree, the framework then verifies lan-
guage statements based on the grounded video content as
evidence. Specifically, each statement in the entailment
tree must be proven or refuted by analyzing the video. A
straightforward solution is to encode the whole video to
collect information that can be used to verify the statement.
However, the critical visual evidence that accurately verifies
a statement tends to exist in a local moment instead of the
whole video. Therefore, we develop a novel video ground-
ing that guides the verification process to the moments with
relevant visual evidence.

Question-aware video captioning. Given a video, we con-
vert its visual information into detailed textual informa-
tion. Specifically, we input video frames into a VLM-based
captioner Cap(·) to obtain a caption ci=Cap(fi) for each
frame. However, captioning frames individually can over-
look essential details or introduce irrelevant information for
VQA. In commonsense VQA, questions often focus on spe-
cific facts already observed in the video. For example, a
typical temporal reasoning question is “What happened be-
fore/after Event-A?” where Event-A refers to a fact state-
ment about an event in the video. The fact referenced by
the question can be leveraged to guide video understanding.
To this end, we first extract the anchor fact indicated by
the question and provide it to Cap(·) as prior knowledge,
encouraging the generation of relevant captions. Moreover,
captions from all previous frames are also provided for each
current frame to ensure Cap(·) captures the temporal con-
text from the past. This process is formulated as:

ci = Cap(fi | F, (c1, · · · , ci−1)), (1)

where F indicates the fact statement.
Video evidence grounding. For commonsense VQA, de-
pending on how the question reasons around the fact state-
ment, the necessary evidence for answers can be gathered
from specific video moments. For instance, in the case of
temporal reasoning (e.g., before or after questions), the an-
swer should be inferred from moments occurring either be-
fore or after the time of the relevant fact. Following this in-
tuition, we design a two-step evidence-grounding strategy
to localize the critical moments for answering.

First, given the frame-wise captions, we retrieve a
keyframe deemed most relevant to the fact statement, which
we refer to as the anchor frame. A straightforward re-
trieval approach would involve comparing each ci with the
fact description using specific metrics to identify the anchor
frame. However, we enhance retrieval accuracy by adopt-
ing a structured semantic retrieval strategy. Specifically, the
textual descriptions of each frame and fact statement are
converted into structured triplets. These triplets capture the
attributes and relationships of objects in each frame through
structured semantics. As shown in Fig. 2(a), rather than di-
rectly comparing raw textual descriptions of frames and fact
statements, we use these triplets for retrieval. Inspired by
the success of using LLMs for retrieval tasks, we prompt
an LLM to conduct anchor frame retrieval using the triplets
of the fact statement as the query. The LLM then identifies
and returns the most relevant frame ID, i.e., its timestamp.

tanchor = Rtv(ci, F ), (2)

where tanchor is the time stamp of the anchor frame, Rtv(·)
denotes the retrieval process. Second, we determine the fi-
nal moment where we should look centered on the tanchor, to
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Direction Navigation
# Look ahead (√), Look behind, look around

Statement
(1st level)

Sub-
statement
(2nd level)

Sub-
Statement
(3rd level)

Sub-
Statement
(4th  level)

Q&A

(a) Entailment Tree

: What did the boy 
do after he took 
the balloon?

(1) A girl and a boy are 
playing in a room.
(2) A boy in white is 
playing with a balloon
           
(T) A boy in white is 
standing in front of a door.

Anchor 
frame

Belief: 0.6

Evidence

Fact statement (   ): 
The boy took the balloon.1. Captioner (      )

2. Retrieval (       )

boy

balloon

play

white

in

(2) 

…

Raw captions Semantic parsing structured semantics

(T) <boy, in white, >, 
       <boy, stand, > 
<boy, in front of, door>

(1) <girl, play, >,
       <boy, play, >,
(2)  <boy, in, white>
     <boy, play, balloon>

…

Query: <boy, take, balloon>

…

3. Ground (       )4. Prover (       )

(b) Video-language Entailment Verification

What did the boy in white do after he took the balloon?
A. Gives it to the girl in brown. 
B. Carries it toward the hula hoop. (√)

B. The boy carries the 
balloon toward hula hoop 
after first taking the ballon. 

The boy carries the 
balloon toward the 
hula hoop. 

A. The boy gives the ballon 
to the girl in brown after 
first taking the balloon.

The boy gives the 
balloon to the girl 
in brown. (Fact statement)

The boy carries 
the balloon.

The balloon is 
toward to the 
hula hoop.

The boy 
gives the balloon.

The boy took 
the balloon.

The girl in brown 
gets the balloon.

The girl in brown.

Girl gets the balloon.

0.6

Video

Figure 2. Overview of our framework. (a) The generation of the entailment tree, where statements are recursively decomposed until the
tree reaches its max depth or meets the stop criterion. (b) The process of video-language entailment verification: the input video is first
converted into textual descriptions. Each caption is then parsed into structured semantics. Given the fact statement as a query, we retrieve
the anchor frame. Then, based on the temporal or causal navigation indicated by questions, the visual evidence moment can be grounded.

incorporate the temporal relations present in the question.
Therefore, based on the anchor frame, the navigation for
the moment is selected from “look ahead, look behind, look
around” by considering the question:

M = Gnd(tanchor|Q), (3)

where Gnd(·) is the grounding process and M denotes the
grounded continuous interval in the video. Then, frames
are resampled from the video within M and used as visual
evidence proving or refuting entailment tree statements.
Visual-text statement prover. Given grounded visual evi-
dence M of the video, statements are estimated to be true
or false. Specifically, we employ a VLM as the statement
prover, denoted as Prv(·), to evaluate each statement within
the tree by probing VLM’s internal belief on this statement.
Each statement will be transformed into a binary QA task,
with possible options being True or False. We then di-
rectly probe the Prv(·) with the binary QA prompt and use
the next token prediction probabilities of the words to elicit
the model’s belief. We normalize the prediction logits of the
two options to get the confidence score of that statement.
The above process is formulated as:

sd = Prv(M, h), s ∈ [0, 1], (4)

0.8 0.8
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Step-1 Step-3Step-2 Step-4 Backtrace

Figure 3. Illustration of dynamic tree generation and backtrace.
In Step-3, when the proof score of the left statement calculated
from its child nodes is less than its direct score (0.63 < 0.8), its
decomposition is pruned and stops.

where M is the grounded moment and h denotes the state-
ment that needs to be verified.

3.3. Dynamic entailment tree expansion
So far, we have performed statement decomposition re-
cursively to construct an entailment tree with pre-defined
depth. However, not all statements need to be verified recur-
sively, especially those easily determined to be true or false
by VLMs. Moreover, as the depth increases, some state-
ment sentences are atomic and directly verifiable. Thus, to
improve the efficiency of the reasoning process, we further
adopt a strategy to expand the entailment tree dynamically.
Specifically, each statement d is tied with two confidence
scores provided by the Prv(·):
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Q. What did the man in checkered 
red shirt do after the man in red 
shirt put down a piece?
(A). pick up pieces from the ground
(B). throw away pieces
(C). keep thinking and still
(D). put pieces on the board
(E). smile to the man in red shirt

Q. What did the man in checkered 
red shirt do after the man in red 
shirt put down a piece?
(A). touch his nose
(B). smile
(C). adjust the machines
(D). put pieces on the board
(E). looks behind

w/o 
video

Original Q&A

Rewritten

(D)

(C) ❌

✅

(D)✅

➕

➕

➕

Figure 4. Illustration of commonsense bias in video question an-
swering. The example is selected from the NExT-QA dataset.

(1) The direct score sd, which indicates the belief of Prv(·)
model in d.

(2) The proof score sp, denoting how confidently the model
can prove d, is calculated by multiplying the scores of its
direct sub-statements.

For a statement d, the goal of decomposition is to establish
a more reliable and convincing proof path than merely eval-
uating whether d is true by VLMs. If the decomposition-
based reasoning can prove d with higher confidence than its
direct score, the overall confidence for statement d should
increase. Otherwise, the decomposition should be disre-
garded. Thus, in the dynamic tree expansion, if decomposi-
tion does not enhance a statement’s score, it is pruned, and
that statement node becomes a leaf in the entailment tree.
Fig. 3 presents a toy example. This criterion ensures that
only beneficial decompositions are retained, significantly
enhancing the tree reasoning process’s efficiency.

3.4. Reasoning over the entailment tree
Finally, we perform a backtrace through the entailment tree
to calculate the confidence score of each top statement.
Specifically, the final score for each statement is produced
by comparing its direct score sd and proof score sp, i.e.,
s=max(sd, sp) during backtrace (as shown in Fig. 3). The
overall framework selects the answer corresponding to the
statement at the top layer with top-scoring proof.

4. De-biasing commonsense VQA answer sets
To demonstrate the reasoning ability of video-grounded en-
tailment trees, it is essential to evaluate using common-
sense VQA benchmarks that enforce model reasoning. Re-
cent work [13, 18, 27] has provided evidence that shortcuts

User: You are presented with a specific question along with its correct 
answer, generate four additional plausible options to create a 
comprehensive multiple-choice QA set. Note that these alternatives should 
have a similar length and complexity to the correct one.  It's crucial that 
the correct answer cannot be easily identified based solely on 
commonsense or by drawing direct correlations between the question and 
options text. Ensure options are plausible and relevant to the question's 
context. Avoid generating options sharing the same semantics as the 
correct one to ensure the question has one and only correct answer.
<Examples>:
# Original QA:
Question: What did the girl in brown do after the girl in blue pointed 
at a direction?
Answer: Swing her arms.
# Rewritten four other options:
1.Nodded her head, 2.Walks towards direction, 
3.Raised her eyebrows curiously, 4.Slape her hands

Figure 5. Prompt used for rewriting answers on NExT-QA.

are present in VQA datasets which enables VLMs to solve
these tasks based on textual associations rather than video-
grounded reasoning. While VQA benchmarks increasingly
focus on commonsense reasoning skills, such as temporal
(e.g. after, before) or causal (how, why, what if ) relation-
ships in video content, reasoning shortcuts affect the valid-
ity of their evaluation. This is illustrated in Fig. 4 (top),
where the correct answer (D) is much more relevant to the
question and also aligns best with real-world expectations.
Consequently, a VLM (VideoLLaVA [14] used in this ex-
ample) can answer this question correctly by leveraging
such associations and without analyzing the video content.
Meanwhile, replacing the answer set distractors with other
commonsensical answer candidates, as illustrated in Fig. 4
(bottom), makes this task challenging for VLMs. Here, a
VLM switches its answer incorrectly to option (C), which
confirms the impact of commonsense associations and the
lack of grounded reasoning by these models.

To this end, we devise a de-biasing procedure that mit-
igates reasoning shortcuts in commonsense VQA answer
sets. Our de-biasing procedure transforms multiple-choice
VQA benchmarks (e.g., NExT-QA) by rewriting their an-
swer distractors while keeping their question and ground-
truth answer intact. We prompt an LLM (LLaMA-3) to im-
plement the rewriting procedure for each original QA set.
Fig. 5 shows the detailed prompt we used for LLaMA-3 on
NExT-QA dataset. This procedure ensures that (1) the an-
swers cannot be easily derived from the QA set associations
and (2) the answer remains consistent with the original QA
pair. Thus, our procedure enables the scalable construction
of de-biased QA sets by leveraging the commonsense asso-
ciations in LLMs. The next section, focusing on experimen-
tal evaluation, analyzes the application of de-biasing to var-
ious datasets and its impact on the performance of VLMs,
with and without entailment tree reasoning.
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5. Experiments
5.1. Experimental setup
Datasets. We test our framework on three VQA bench-
marks: (1) NExT-QA [26], a VQA benchmark for causal
and temporal reasoning. (2) IntentQA [11], which focuses
on video intent reasoning from both causal and temporal
aspects. (3) Video-MME [6], which is a recently proposed
comprehensive evaluation benchmark for video analysis;
we use its “short-term” split (video length < 2 mins) and 4
question types (temporal, spatial, action, and object reason-
ing) highly related to commonsense reasoning are selected.
Evaluation. We report model performances on our rewrit-
ten test set for each dataset and its original test set. We
evaluate our framework on all datasets under the multiple-
choice QA setting, using a standard accuracy metric.
Baselines. Our baselines represent three categories:
• Video-based VLMs: Video-based VLMs are widely

used for VQA tasks, so we include Video-LLaVA [14],
VideoChat2 [12], and VideoLLaMA [33]. To test the ef-
fectiveness of our framework, we integrate these VLMs
by replacing our Prv(·) with specific VLM models.

• Image-based VLMs: We include BLIP-2 [10] and
LLaVA-1.5 [17] as Image-LLM baselines.

• State-of-the-art VQA approaches: Recent works in
VQA, such as VideoTree [22], VideoAgent [21], and
LLoVi [31], are included as strong baselines.

Implementation details. Our entire framework is training-
and human annotation-free. We use LLaMA-3-8B [5] to
handle basic functionalities, including (1) converting orig-
inal QA into declarative statements, (2) statement decom-
position, (3) structured semantic extraction and retrieval,
and (4) guiding evidence grounding. Detailed prompts for
each functionality are provided in the supplementary mate-
rial. For frame-wise captioning across all datasets, we use
LLaVA-1.5 [17] as our default captioner. When compar-
ing with state-of-the-art VQA methods (e.g., VideoAgent),
we follow their setup by replacing the captioner with the
stronger CogAgent [7] model for fair comparison. When in-
tegrating our framework with VLMs, the VLM itself serves
as the Prover, Prv(·). For video-LLMs, frames are uni-
formly sampled from the grounded video moment to meet
their input requirements (VideoChat2: 16 frames; Vide-
oLLaVA & VideoLLaMA: 8 frames). For image-language
models like LLaVA, we sample 8 frames from the grounded
moment and process them individually; the final confidence
score is obtained by averaging scores across frames. During
dynamic tree generation, we also set a max depth of 5 for
the overall entailment tree to improve the efficiency.

5.2. Main results
Benefit for image and video-based VLMs. Tab. 1 sum-
marizes the results of our method compared to baselines.
Integrating entailment tree reasoning brings consistent im-

provement across the video- and image-based VLMs for all
datasets (1-4% on average). This finding includes the re-
cently proposed benchmark VideoMME, which poses much
more challenging videos and questions. The benefits are
particularly regular for temporal reasoning (improvement
in 14 out of 15 cases), which illustrates how our explicit
reasoning process enhances temporal commonsense QA.
Image-based VLMs, which initially lack temporal modeling
capabilities, perform poorly when directly applied to video
QA tasks. However, our framework provides a significant
performance boost for these models up to 8% for LLAVA-
1.5. By reasoning over multiple sub-problems rather than
tackling the entire complex question simultaneously, our
reasoning method makes the task more manageable for both
video- and image-based VLMs.
Results on de-biased QA sets. As shown in Tab. 2, all
models experience considerable performance drops on the
de-biased set of the same VQA dataset, which aligns with
our observation that current VLMs often rely on textual
bias in commonsense reasoning tasks. Notably, video-
based VLMs show an 8%-10% decrease in the de-biased
set even though the question and the correct answer remain
unchanged. In contrast, our proposed framework, which de-
rives answers through an explicit reasoning process based
on specific visual evidence, demonstrates much greater ro-
bustness on the de-biased set. The improvement brought by
our framework on the de-biased set is even higher than on
the original test sets. In turn, our framework compensates
for the performance loss of the VLMs on the de-biased set.
This analysis underscores our framework’s potential to mit-
igate textual bias in commonsense reasoning. Furthermore,
the performance differences between the original and de-
biased QA sets highlight VQA benchmarks’ limitations in
evaluating VLMs’ true reasoning abilities.
Comparison with state-of-the-art. Tab. 3 compares our
framework’s results on the de-biased sets to state-of-the-art
VQA approaches. The table shows that, next to the consis-
tent benefit our framework provides to various VLMs, it is
also competitive with state-of-the-art VQA methods. When
applying an advanced captioner and reasoner that aligns
with VideoAgent and VideoTree, our framework yields new
state-of-the-art results in some cases. In particular, our
framework performs best on temporal reasoning questions
for all three benchmarks and outperforms all methods on
the IntentQA dataset. Importantly, our method reaches such
competitive performance despite using 257× fewer param-
eters for its reasoning compared to state-of-the-art methods.

5.3. Ablation studies
Ablation experiments are conducted using VideoLLaVA’s
baseline with our framework. Results are reported on the
test set of the NExT-QA dataset.
Impact of LLMs for statement decomposition. Entail-
ment generation in our framework relies on prompting an
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Method Model NExT-QA* IntentQA* VideoMME
Reasoner Temporal Causal Temporal Causal Temporal Spatial Action Object

VideoAgent [21] GPT-4 (1.8T) 58.2 66.6 60.4 61.0 - - - -
VideoTree [22] GPT-4 (1.8T) 60.2 66.4 56.7 60.1 55.7 54.3 54.2 52.6
LLoVi [31] GPT-4 (1.8T) 53.1 60.8 58.6 61.8 52.2 55.3 51.8 50.8
Ours VideoLLAVA (7B) 60.8 65.9 61.0 62.6 55.9 53.8 54.0 50.8

Table 3. Comparison with state-of-the-art. Results for NExT-QA and IntentQA are reported under the de-biased set (the results on the
original sets are similar; we provide them in the Appendix). The ‘Reasoner” in these approaches is similar to the “Prover” in our framework.
The captioner for all methods is CogAgent [7]. Despite other methods relying on much stronger reasoning models, our approach yields
competitive performance (four state-of-the-art results) and high parameter efficiency (257× fewer than GPT-4 reasoners).

Model class LLM NExT-QA
Original Rewritten

Open-source
Mistral-7B 60.0 55.6
LLaMA-3-8B 60.5 55.4
LLaMA-3-70B 61.3 55.9

Proprietary Gemini-1.5-Pro 61.1 55.2
GPT-4 61.6 56.1

Table 4. Impact of LLMs for statement decomposition. The open-
source and proprietary models are ordered ascendingly by size.
Larger models, especially GPT-4, are best at decomposition, but
the smaller models (e.g., LlaMa-3-8B) come close.

Components NExT-QA
Fact-conditioned

captioning
Structure-based

retrieval Original Rewritten

56.2 49.6
✓ 59.5 53.3

✓ 58.4 52.7
✓ ✓ 60.5 55.4

Table 5. Ablation on grounding components, showing that both
fact-conditional captioning and structure-guided retrieval enhance
overall performance by improving grounding accuracy.

Acc
(NExT-QA)

Frame number
4 8 16 24 32

Original 57.7 59.3 60.5 60.7 61.0
Rewritten 51.9 53.4 55.4 55.4 55.7

Table 6. Impact of video frame amount. Strong performance re-
quires a sufficiently high frame number (over 16 for NExT-QA).

biased set, where the answer options are more semantically
similar and require more precise, discriminative visual ev-
idence. Using the ground-truth fragment can further boost
our approach, suggesting that enhancing grounding accu-
racy could further improve our framework.
Effectiveness of dynamic tree expansion. The depth of
the entailment tree determines the granularity of reason-
ing (Sec. 3.3). This ablation analyzes how tree depth im-
pacts overall performance and compares a fixed-depth ap-
proach with our dynamic tree generation strategy. Increas-

Video fragment Full Grounded (ours) GT

NExT-QA Original 58.3 60.5 61.8
Rewritten 51.7 55.4 56.9

Table 7. Effectiveness of evidence grounding. Our video-
grounded method yields clear improvement over using the full
video. More precise grounding can further enhance our accuracy.

Strategy
Static (Depth=)

Dynamic2 3 4 5

NExT-QA Original 58.8 59.2 60.2 60.3 60.5
Rewritten 52.0 53.4 55.6 55.3 55.4

Table 8. Effectiveness of dynamic tree expansion. It yields supe-
rior accuracy while increasing reasoning efficiency.

ing the depth of reasoning yields significant improvements,
as complex, long statements are broken down into concise
sub-statements that VLMs can understand more effectively.
However, extending reasoning beyond the 4th layer offers
diminishing returns; for NExT-QA, the original statements’
complexity constrains the task, and some 5th-layer sub-
statements become overly simplistic and less effective for
reasoning. This finding highlights the necessity of our dy-
namic strategy. Applying the dynamic tree expansion strat-
egy, we can see that the performance outperforms the fixed-
depth paradigm. In the meantime, the dynamic strategy in-
creases the reasoning efficiency over the entailment tree,
more details about efficiency comparison can be found in
our supplementary material.

6. Conclusion
This paper proposed the first video-grounded entailment
tree framework for VQA. Moreover, we also contributed a
de-biasing procedure to avoid spurious correlations during
evaluation and applied it to enhance representative bench-
marks. Extensive experiments with five video- and image-
based VLMs demonstrate consistent benefits of our method
on these benchmarks. Besides, our proposed framework
performs on par with state-of-the-art video reasoning meth-
ods despite using 257× fewer parameters. While de-biasing
hurts VLM accuracy, our framework regains the accuracy
losses and is competitive with state-of-the-art VQA meth-
ods.
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