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Abstract

Despite recent advances in video understanding, the capa-
bilities of Large Video Language Models (LVLMs) to per-
form video-based causal reasoning remains underexplored,
largely due to the absence of relevant and dedicated bench-
marks for evaluating causal reasoning in visually grounded
and goal-driven settings. To fill this gap, we introduce a
novel benchmark named Video-based long-form Causal Rea-
soning (VCRBench). We create VCRBench using procedural
videos of simple everyday activities, where the steps are
deliberately shuffled with each clip capturing a key causal
event, to test whether LVLMs can identify, reason about,
and correctly sequence the events needed to accomplish
a specific goal. Moreover, the benchmark is carefully de-
signed to assess the true visual understanding of LVLMs
by preventing them from exploiting linguistic shortcuts, as
in multiple-choice or binary QA formats, while also avoid-
ing the challenges associated with evaluating open-ended
QA. Our evaluation of state-of-the-art LVLMs on VCRBench
suggests that these models struggle with video-based long-
form causal reasoning, primarily due to their difficulty in
modeling long-range causal dependencies directly from vi-
sual observations. As a simple step toward enabling such
capabilities, we propose Recognition-Reasoning Decompo-
sition (RRD), a modular approach that breaks video-based
causal reasoning into two sub-tasks of video recognition and
causal reasoning. Our experiments show that RRD signifi-
cantly boosts accuracy on VCRBench, with gains of 12.6%
to 25.2%. Finally, our thorough analysis reveals interesting
insights into the reasoning capabilities of LVLMs, for in-
stance, that they primarily rely on their language knowledge
even when tackling video-based reasoning tasks.

1. Introduction

Long-form causal reasoning in video involves structured and
goal-directed analysis of sequences of visual events. Such
capabilities are essential for real-world applications such
as household and industrial robotics [34, 55], embodied AI
agents [10, 11, 46], spatial intelligence systems [8, 18, 24],
and assistive technologies [2, 41], all of which rely on rea-
soning about causally dependent visual events. While recent
advances in vision-language modeling [50, 65, 75] have led
to the development of powerful Large Video Language Mod-
els (LVLMs) [4, 5, 12–15, 36, 38, 39, 51, 52, 56, 71, 76, 78],
their ability to perform long-form causal-reasoning based on
visual observations remains largely underexplored. This is in
part due to the lack of benchmarks specifically designed to
evaluate causal reasoning in visually-grounded goal-driven
settings. In this work, we take a step toward filling this gap
by systematically evaluating the video-based causal reason-
ing capabilities of state-of-the-art LVLMs through a new
benchmark. Building on this, we also design a simple modu-
lar approach to enhance LVLM performance on video-based
long-form causal reasoning tasks.

To study the video-based causal reasoning capabilities of
LVLMs, we introduce Video-based long-form Causal Rea-
soning Benchmark (VCRBench) consisting of procedural
videos depicting everyday human activities, such as mak-
ing lemonade or grilling steak (see Figure 1 for an example).
VCRBench is designed to evaluate whether LVLMs can iden-
tify and reason about visual events with long-form causal
dependencies towards a specific goal. Specifically, when pre-
sented with a shuffled sequence of video clips each showing
a key action, the model must first interpret the actions in each
clip and then arrange them in the correct chronological order
based on their causal dependencies to complete the proce-
dure. Unlike prior benchmarks [9, 11, 31, 33], VCRBench

https://pritamsarkar.com/VCRBench
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The given video consists of multiple
clips, each showing a different
segment needed to complete the
task: Make Lemonade. 
These clips are randomly shuffled,
and your job is to arrange them in
the correct order to complete the
task. 
The clip numbers are mentioned at
the beginning of each clip as Clip 1,
Clip 2, and so on. 
In order to solve this task, first, you
should identify the activity that is
performed in each clip, and then use
your reasoning and common sense
to arrange these clips to successfully
complete the task.
The final output should be in this
format:
Correct order: <mention the Clip
numbers separated by a comma>

Clip 1 

Clip 2 

Clip 3 

Clip 4 

Clip 5 

Figure 1. Example question and video. We present an example of video-based long-form causal reasoning task from VCRBench. The
correct order is: Clip 1: Cut lemon into slices, Clip 5: Squeeze lemon into the pitcher, Clip 4: Pour lemon juice and water into the pitcher,
Clip 3: Stir the lemonade mixture, Clip 2: Pour lemonade into a glass.
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Figure 2. Impact of RRD. Qwen2.5-VL-Instruct72B with RRD
outperforms Gemini-1.5-Pro and achieve comparable performance
to other reasoning specialized models.

explicitly tests multi-step causal reasoning and fine-grained
spatio-temporal understanding without allowing linguistic
shortcuts common in multiple-choice or binary QA formats.
For instance, in the lemonade-making example (Figure 1),
the model must first distinguish between fine-grained actions
such as cutting and squeezing a lemon, and subsequently in-
fer that cutting the lemon, squeezing it, and pouring the juice
into a pitcher should occur in the correct causal sequence.
Our evaluation across both open- and closed-source mod-
els shows that current LVLMs struggle with video-based
long-form causal reasoning as most perform at or below
random guess, and even the best models fall short of hu-
man performance by nearly 30%. Further analysis reveals
that while these models can often recognize and localize
individual actions, they frequently fail to establish meaning-
ful connections across a sequence of visual events, lacking
an understanding of causal dependencies based on visual
observations.

To improve the long-form causal reasoning capabilities of
LVLMs we introduce Recognition-Reasoning Decomposi-
tion (RRD), a simple modular approach designed to enhance
the video-based reasoning abilities of LVLMs. RRD breaks
down video-based long-form causal reasoning into two in-
terconnected sub-tasks: (i) video recognition and (ii) causal
reasoning. This decomposition simplifies the overall task
by first directing the model’s focus toward recognizing vi-
sual events, and then reasoning about their relationships to
infer the correct causal order. RRD leads to significant gains,
improving accuracies by up to 25.2% on VCRBench. No-
tably, Qwen2.5-VL72B-Instruct, when equipped with RRD,
surpasses Gemini-1.5-Pro and achieves performance com-
parable to that of the current top-performing, reasoning-
specialized closed-source models (see Figure 2).

In summary, our contributions are as follows:

• We introduce VCRBench, a novel benchmark designed to
evaluate LVLMs on video-based long-form causal reason-
ing. To the best of our knowledge, this is the first video
evaluation benchmark to study multi-step causal reason-
ing. Our analysis on various state-of-the-art LVLMs re-
veals that current LVLMs struggle with long-form causal
reasoning due to their inability to meaningfully connect a
series of visual events toward a goal.

• To improve the performance of open-source LVLMs on
VCRBench, we introduce RRD, which decomposes video-
based causal reasoning into two related sub-tasks video
recognition and causal reasoning. This simple modular
approach allows LVLMs to focus on one type of task at
a time, first recognition, then reasoning, which results in
notable performance gains of up to 25.2%.



2. Background

Large Video Language Models (LVLMs). LVLMs typi-
cally consist of a vision encoder, a Large Language Model
(LLM), and a cross-modal adapter that bridges visual and
textual modalities [4, 5, 12–15, 36, 38, 39, 51, 52, 56, 71,
76, 78]. While this high-level structure is common, recent
work has introduced considerable architectural variations.
These include extending the LLM’s context window for long
sequences [12, 77], dynamic projection techniques that drop
redundant frames based on visual similarity [56, 57], and
query-based projectors that selectively attend to relevant vi-
sual content [36, 37, 59, 65]. In addition to architectural
differences, LVLMs vary in their use of vision encoders,
ranging from single to multi-encoder setups (e.g., video + im-
age) [44], and from vision-only to vision-language pretrained
models [56]. Training strategies also differ, with some mod-
els trained in a single stage, and others using multi-stage
pipelines that separate large-scale pretraining (for modality
alignment) from instruction tuning or reasoning-specialized
post-training [45, 60]. To ensure a comprehensive evalua-
tion of LVLM capabilities across diverse architectural and
pretraining paradigms, we have carefully selected models
that represent a broad spectrum within these categories for
evaluating on VCRBench.

Video evaluation benchmarks. Numerous evaluation
benchmarks exist for video understanding tasks, focus-
ing on areas such as information retrieval-based ques-
tion answering (e.g., ActivityNetQA [74], MSRVTTQA
[70], MSVDQA [70], NextQA [69], TGIFQA [27]), com-
prehensive video understanding (e.g., MVBench [36],
TVBench [17], VideoMME [19]), fine-grained temporal un-
derstanding (e.g., TVBench [17], TempCompass [42], Tem-
poralBench [6]), long-video understanding (e.g., MLVU
[79], LongVideoBench [68]), egocentric video understand-
ing (e.g., Egoschema [47]), and video hallucination (e.g.,
VideoHallucer [66], HallusionBench [21]), among others.
There also exist a few benchmarks focused on video-based
reasoning, such as SOK-Bench [63], MMWorld [23], and
VILMA [29]. However, a significant gap remains in the eval-
uation of video-based causal reasoning tasks. While some
benchmarks address intent (e.g., IntentQA [33]), causal ques-
tion answering (e.g., Causal-VidQA [31]), or goal-oriented
question answering (e.g., EgoPlan-Bench [11], ReXTime
[9]), they do not adequately assess the video-based long-
form or multi-step causal reasoning capabilities of LVLMs.
In this work, we address the critical area of long-form causal
reasoning, which refers to reasoning about visual events with
multiple or interconnected causal dependencies.

Reasoning methods. Chain-of-Thought prompting has
emerged as a powerful technique to improve reasoning in
LLMs and LVLMs by encouraging intermediate step-by-step
derivations rather than direct answer prediction [67]. This

paradigm has been further strengthened by post-training
alignment techniques such as Reinforcement Learning with
Human Feedback (RLHF) [16, 54], which optimize models
to generate more helpful and aligned responses. More recent
methods like DeepSeek’s R1 [22] also build on such align-
ment strategies to enhance reasoning quality. In parallel, a
growing body of work explores inference-time techniques to
boost performance without the necessity of additional train-
ing. These include majority voting or self-consistency sam-
pling [64], which aggregate multiple generated responses
for robustness, best-of-N sampling [48, 58], which selects
the highest-quality sample from multiple candidates, and
decomposed prompting [30], which breaks complex reason-
ing tasks into simpler sub-tasks. Our proposed approach,
RRD, is motivated by decomposed prompting where com-
plex video-based reasoning tasks are systematically divided
into several sub-tasks.

3. Video-based long-form Causal Reasoning
Benchmark (VCRBench)

3.1. Construction of VCRBench

We construct VCRBench by curating a set of everyday pro-
cedures that require no specialized knowledge and are com-
monly encountered in daily life, such as grilling steak, mak-
ing lemonade, or preparing pancakes (see Figure 4 for the
list of all procedures). For each procedure, we source in-
structional videos from the CrossTask dataset [80], which
contains YouTube videos with human-annotated timestamps
of key events. Below, we outline the three-stage process for
preparing videos and questions in VCRBench.
Preparing the videos. Our video construction pipeline (de-
picted in Figure 3) consists of the following steps:

• Step 1. We begin with a complete procedural video and
use the provided human-annotated timestamps to segment it
into short clips, each corresponding to a specific procedural
step (e.g., seasoning steak for the procedure grill steak).

• Step 2. Using WikiHow1 as a reference, we identify the
core steps necessary for the procedure. We group consecu-
tive steps that have no causal dependencies. Moreover, we
remove irrelevant segments that do not contribute to the main
task, ensuring that all selected clips exhibit causal dependen-
cies. At this stage, the resulting set of clips must follow a
meaningful chronological order for successful completion of
the procedure. This step is manually performed by human
annotators to ensure accurate assessment.

• Step 3. The selected clips are then randomly shuffled,
with the constraint that the original order is not retained.
The shuffled clips are concatenated into a single video, with
blank frames inserted between them for visual separation.
The blank frames preceding the clips labeled chronologically

1https://www.wikihow.com/



to clearly distinguish the individual steps. The resulting
video serves as the input to the LVLM, which is tasked with
identifying the correct order of the procedural steps.
Preparing the questions. A key challenge in evaluating
LVLMs is designing a reliable evaluation protocol to cor-
rectly assess their true visual capabilities. Most existing
video benchmarks [11, 17, 19, 21, 27, 33, 36, 42, 47, 66, 68–
70, 74] rely on multiple-choice or binary question-answering
formats, to streamline their automated evaluation. However,
such setups can be exploited through linguistic cues in the
provided response choices, without requiring true visual un-
derstanding. Open-ended question answering offers a more
rigorous probe of visual reasoning, but introduces evaluation
ambiguity which often necessitates the use of an external
LLM (e.g., GPT-4 [1]) as a judge for automated evaluation,
a strategy proven to be unreliable and ambiguous in prior
work [17]. VCRBench addresses these limitations by fram-
ing causal reasoning as a sequence ordering task. This setup
avoids the use of linguistic cues in predefined options, yet
yields deterministic ground truth answers. As a result, it
enables accurate, objective evaluation while still challenging
LVLMs to perform fine-grained visual and causal reasoning.
The default question template is mentioned in Figure S1.
Statistics. VCRBench comprises 365 videos and questions
across 12 categories of procedures covering diverse fine-
grained actions and object interactions. The videos are 30 to
445 seconds long with an average duration of 107 seconds
and a total duration of 10 hours. To keep the difficulty rea-
sonable, we include videos requiring only 3 to 7 causally
dependent steps with an average of 4.2 steps per task. Addi-
tional key statistics are provided in Figure 4.

3.2. Evaluation Metrics

We measure the performance of LVLMs on VCRBench with
two metrics: overall accuracy and step accuracy [7]. Overall
accuracy (also referred to simply as Accuracy) indicates
predictions that exactly match the ground truth, whereas
step accuracy compares predicted and ground truth actions
step by step. Assume, (q, v) ∈ D, where q is a question
related to a video v sampled from a validation set D. Let π
be an LVLM and 1(·) be the indicator function of correct
prediction. The mathematical expressions of our evaluation
metrics are as follows:

Overall Accuracy =

∑
(q,v)∈D 1 (π(q, v))

|D|
and

Step Accuracy =

∑
(q,v)∈D

∑
s 1(π(q,v))

s

|D|
,

where s denotes the total number of steps to a procedure.

4. Benchmarking Results

4.1. Setup

We examine over 20 recent and popular LVLMs, includ-
ing both closed and open-source models. These models
exhibit significant variations in several key aspects: LLM
architectures (LLaMA [20, 61, 62], Mistral [28], and Qwen
[3, 72]) with sizes from 1B to 78B parameters for open-
source LVLMs; cross-modal adapters (QFormer [32], MLP
projector [40], and spatio-temporal compressor [15, 56]);
vision encoders with single or dual configurations (CLIP
[50], SigLIP [75], DINO [49], and UMT [35]); training
methodologies (single-stage or multi-stage) including align-
ment finetuning for improved reasoning ([5, 53]); and visual
frame processing capabilities ranging from 8 (NVILA [43])
to over 500 frames (LongVU [56], Qwen2.5-VL [5]). We
follow the recommended generation configurations, such as
temperature, system prompt, number of frames, and other
key parameters, for each respective LVLM. For reference,
we also benchmark human performance on VCRBench.

4.2. Results and Findings

Here, we discuss our key observations regarding the per-
formance of LVLMs on VCRBench, based on our detailed
quantitative and qualitative analysis.

VCRBench tasks are unambiguous to human evaluators.

As shown in Table 1, human participants achieve an accu-
racy of 96.4% on VCRBench. This high performance indi-
cates that the video-based long-form causal reasoning tasks
are intuitive and unambiguous to humans. Further details on
the human evaluation setup are provided in Appendix C.

LVLMs lack video-based long-form causal reasoning.

As shown in Table 1, most open-source LVLMs per-
form worse than random guessing, with the exception of
InternVL38B, Qwen2.5-VL-Instruct72B, and InternVL78B.
Several open-source LVLMs (e.g., LongVILA, LLaVA-
NeXT-Video, LongVU) exhibit a tendency to output a se-
quence of consecutive numbers, up to their maximum gen-
eration length, as the presumed correct order, see examples
in Figure 5. This suggests that these models have not de-
veloped a robust notion of attempting video-based causal
reasoning tasks in VCRBench, and instead default to token-
level statistical regularities when uncertain. Surprisingly,
even open-source models built for improved reasoning, such
as MiniCPM-o [73], underperform on VCRBench, suggest-
ing limited video-based causal reasoning abilities. Among
open-source models, Qwen2.5-VL-Instruct72B performs best,
though it still lags significantly behind the best closed-source
model, o1. We further conduct experiments with different
prompt templates to rule out the possibility that the observed



talking season steak put steak on grill flip steak talking take steak from grill cut steaktalking

Clip 1  Clip 2 Clip 3  Clip 4  Clip 5 

time

Figure 3. Overview of video construction. Step 1: Given a complete video, key procedural steps are identified based on human-annotated
timestamps. Step 2: We keep the key events and discard those that do not depict visual events directly associated with the goal, such as
talking or narrating in this example of grilling steak. Step 3: Each key event is shuffled across time and assigned a clip number. These clips
are then merged together to form the final test sample.
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Figure 4. Key statistics of our VCRBench.

performance drop arises from instruction misalignment. As
shown in Table 2, our default prompt template yields the
most stable performance. Interestingly, GPT-4o performs
the worst among the closed-source models, achieving a per-
formance similar to Qwen2.5-VL-Instruct72B. Overall, even
the best-performing model, o1, falls substantially short of
human-level performance (66.8% vs. 96.4%). We present
sample responses from top-performing LVLMs in Figure 6.

Recognizing and localizing events are not enough: LVLMs
lack associative understanding of visual events.

To better understand the limitations of current LVLMs,
we conduct additional experiments evaluating their ability to
(i) recognize and (ii) localize intermediate events, both pre-
requisites for long-form causal reasoning. First, we design
an event recognition task where, given a set of intermedi-
ate events, LVLMs are asked to identify the correct actions
from a mixture of correct and incorrect choices (see Fig-
ure 7). Second, we design an event localization task where,

given the entire video (as in the long-form causal reasoning
setup) and an action name, we evaluate whether LVLMs can
correctly locate the corresponding clip for that event (see
Figure 8). Results in Table 3 suggest that while LVLMs
can recognize and localize individual visual events when
provided answer choices, they struggle associating various
visual events meaningfully toward a goal, which is required
to successfully perform multi-step causal reasoning tasks.

5. A Simple Step Towards Improving Video-
based Causal Reasoning

5.1. Recognition-Reasoning Decomposition

Humans excel at reasoning by decomposing complex tasks
into a series of sub-tasks, addressing each in a sequential
manner, and leveraging the intermediate results to arrive
at a final conclusion. Inspired by this cognitive problem-
solving strategy, we propose a modular approach that explic-
itly decomposes video-based causal reasoning tasks into two



Table 1. Results on VCRBench. Most open-source LVLMs per-
form at or below random guess, and even the best LVLM falls
significantly short of human performance. We fade numbers that
fall below the random guess baseline.

Models # Frames Overall Step
Random Guess 7.8 24.1

InternVL2.51B [13] 64 1.4 10.3
InternVL2.52B [13] 64 6.3 16.2
LongVU3B [56] 1fps 0.0 7.0
InternVL2.54B [13] 64 1.6 9.5
VideoChat27B [36] 16 0.3 5.8
InternVL2.58B [13] 64 2.7 11.1
LLaVA-NeXT-Video7B [78] 64 0.0 17.4
MiniCPM-o-V 2.67B [73] 64 2.5 11.0
Qwen2.5-VL-Instruct7B [5] 1fps 7.1 20.9
VideoLLaMA37B [76] 128 1.6 13.1
LongVILA7B [12] 128 0.3 1.1
LongVU7B [56] 1fps 0.0 2.4
NVILA15B [43] 8 0.6 3.6
InternVL2.526B [13] 64 2.7 13.7
InternVL2.538B [13] 64 11.0 27.4
LLaVA-NeXT-Video72B [78] 32 5.2 18.6
Qwen2.5-VL-Instruct72B [5] 1fps 29.0 44.0
InternVL2.578B [13] 64 14.5 34.0
GPT4o [25] 32 29.0 36.6

Gemini-1.5-Pro [51] 1fps 48.2 65.3

Gemini-2.0-Flash-Thinking [51] 1fps 58.0 67.7

o1 [26] 32 66.8 70.2

Human 96.4 98.3

# Response from LongVILA
Correct Order: Clip 1, Clip 2, ..., Clip 14, ...
--------------------------------------------------------------------------
# Response from LongVU
Correct Order: 1, 2, 3, 4, 5, ..., 29, 30, ...
--------------------------------------------------------------------------
# Response from LLaVA-Next-Qwen
Correct Order: Clip 1, Clip 2, Clip 3, Clip 4

Figure 5. Failure examples. Several open-source LVLMs merely
list consecutive numbers as the predicted order, exhibiting inability
to make a meaningful attempt in VCRBench tasks.

Table 2. Exploring various prompt templates. Our default variant
(Template 1) achieves an overall stable performance across models.

Models Template 1 Template 2 Template 3
Qwen2.5-VL-Instruct7B 7.1 8.2 5.8
Qwen2.5-VL-Instruct72B 29.0 19.5 31.5

distinct, yet interdependent, sub-problems: (i) video recog-
nition, which aims to extract salient events from the visual
input, and (ii) causal reasoning, which involves inferring the
causal relationships between these identified events. This de-
composition allows the LVLM to focus on one type of task at
a time. We refer to this approach as Recognition-Reasoning
Decomposition (RRD). The sub-tasks are described below:
• Video recognition. As the first stage of our approach, we
instruct the LVLM to obtain the descriptions of fine-grained
actions/events for each clip of the video using the following
prompt (a simplified version; see the exact in Appendix D) :
Provide a one-sentence description

Clip 1  Clip 2  Clip 3 

Clip 4  Clip 5 

# Response from o1
A straightforward way to see the correct sequence is:
• First, the boards must be cut to size (Clip 2 shows all the table-saw
and miter-saw work).
• Next, the shelf \box" is assembled and finished (Clip 3 shows gluing,
brad-nailing, and staining).
• Finally, the shelf is mounted on the wall (Clip 1 shows drilling holes,
installing anchors/brackets, and sliding the shelf into place).
So the proper order is:
Correct order: 2, 3, 1
-------------------------------------------------------------------------
# Response from Gemini-2.0-Flash-Thinking
Rationale:
To build simple floating shelves, the process generally follows these
steps:
1. Prepare the wood: This involves cutting the wood to the required
sizes and sanding it to create a smooth surface for finishing. Clip 5
shows the sanding process of the wooden components. Although cutting
wood to size isn’t shown as a dedicated clip, it is implied and precedes
assembly. Clip 3 partially shows cutting wood on a table saw and chop
saw.
2. Assemble the shelf structure: Once the wood pieces are prepared,
the next step is to assemble the shelf frame. Clip 3 demonstrates
this step by showing the use of wood glue and a nail gun to join wooden
pieces to form the shelf’s inner support structure.
3. Finish the shelf: After assembly, the shelf is ready for finishing,
such as staining or painting. Clip 4 shows the staining process, where
wood stain is applied to the shelves to enhance their appearance.
4. Install the shelves: With the shelves built and finished, the
next step is to mount them on the wall. Clip 1 clearly shows the
installation process, including marking positions, drilling holes,
inserting wall plugs, attaching wooden supports to the wall, and finally
placing the shelf onto these supports.
5. Showcase the final product: The final step is to display the
completed shelves, often decorated with items. Clip 2 shows the
finished floating shelves installed and decorated, with a person
presenting them, indicating this is the final outcome.
Arranging the clips in this logical order creates a step-by-step guide
on how to build simple floating shelves.
Correct order: Clip 5, Clip 3, Clip 4, Clip 1, Clip 2
-------------------------------------------------------------------------
# Response from Gemini-1.5-Pro
Certainly! Here’s the correct order of clips to build the simple
floating shelves, based on the logical progression of the project:
Correct order: 2, 3, 4, 5, 1
-------------------------------------------------------------------------
# Response from Qwen2.5-VL-Instruct72B
Correct order: Clip 2, Clip 3, Clip 4, Clip 5, Clip 1

Figure 6. Failure examples. We observe that o1 missed several
steps due to its limited capacity to process visual frames. Gemini-
2.0-Flash-Thinking generates a response with a detailed rationale
explaining how it arrives at the final answer, unlike Gemini-1.5-Pro
and Qwen2.5-VL-Instruct, which directly provide the final answer.
Based on its detailed response, Gemini-2.0 correctly interprets
most actions except for Clip 2 (highlighted in red). However, it
entirely fails to arrange the identified events according to their
causal dependencies. Additionally, both Gemini-1.5 and Qwen2.5-
VL72B make the same mistake: they fail to recognize the causal
link between steps 4 and 5, i.e., the shelves must be sanded before
being painted. The correct order is 2, 3, 5, 4, 1.

indicating the key and fine-grained actions

or events for each clip. Please respond in

this format:

Clip 1: <Write one sentence description>

Clip 2: <Write one sentence description>.

This allows the LVLM to strictly focus on the actions
and events without necessarily considering the causal
relationships among clips, enabling explicit focus on and
localized analysis of each clip.
• Causal reasoning. The next stage of RRD involves
arranging the identified events from the video recognition
step based on their causal relationships to complete the



Question: Which caption matches the video better?
Options:
(A)Squeeze lemon into the pitcher.
(B)Pour lemon juice and water into the pitcher, and add sugar to the lemonade.
(C)Cut lemon into slices.

Figure 7. An event recognition task derived from VCRBench.

Clip 1 

Clip 2 

Clip 3 

Clip 4 

Clip 5 

Question: The given video comprises several clips, identify the clip number that depicts the action: 
Cut lemon into slices.
Options: (A) Clip 1 (A) Clip 2 (A) Clip 3 (A) Clip 4 (A) Clip 5

Figure 8. An event localization task derived from VCRBench.

Table 3. Limitations of current LVLMs. LVLMs can recognize
and localize individual events fairly well, but struggle to connect
them meaningfully toward a specific goal, required in multi-step
causal reasoning of VCRBench.

Models Event
Recognition

Event
Localization

Long-form
Causal Reasoning

Random 33.7 23.5 7.8

LLaVA-NeXT-Video7B 84.8 56.7 0.0
InternVL2.58B 64.2 42.3 2.7
Qwen2.5-VL-Instruct7B 59.0 58.1 7.1
LLaVA-NeXT-Video72B 85.8 60.9 5.2
InternVL2.578B 79.0 70.3 14.5
Qwen2.5-VL-Instruct72B 83.1 73.7 29.0

procedure. Note that the clips are shuffled, and thus, so are
the identified events. To this end, we instruct the LVLM
to identify the correct order of the events identified in the
previous stage, using the following prompt (a simplified
version; see the exact in Appendix D) :
The following randomly shuffled steps are

needed to complete the task: {name of the

procedure}.
Use your reasoning and common sense

to arrange these steps to successfully

complete the task.

{clip descriptions}
This process enables the LVLM to leverage its language
capabilities for reasoning tasks.

5.2. Experiments and Results

To test RRD on our proposed VCRBench, we use the top-
performing open-source LVLMs (based on their performance
on VCRBench in Table 1), i.e., InternVL2.5 and Qwen2.5-
VL-Instruct. Specifically, we use both the 7B and 72B vari-
ants of Qwen2.5-VL-Instruct and 38B and 78B variants of
InternVL2.5. We follow the recommended inference setup

Table 4. Impact of RRD. Our proposed task decomposition sig-
nificantly enhances the long-form causal reasoning capabilities of
LVLMs, yielding accuracy boosts between 12.6% and 20.9%.

Models Overall Acc. Step Acc.
Qwen2.5-VL-Instruct7B [5] 7.1 20.9

+ RRD (Ours) 22.5↑15.4 37.3↑16.4
InternVL2.538B [13] 11.0 27.4

+ RRD (Ours) 23.6↑12.6 34.3↑6.9
Qwen2.5-VL-Instruct72B [5] 29.0 43.0

+ RRD (Ours) 49.9↑20.9 63.4↑20.4
InternVL2.578B [13] 14.5 34.0

+ RRD (Ours) 28.2↑13.7 43.5↑9.5

of these LVLMs and use 64 frames for InternVL2.5 and
sample frames at 1 FPS for Qwen2.5-VL-Instruct, similar
to Table 1. Following we provide our findings regarding
the behavior of RRD on VCRBench, along with detailed
experimental results and analysis.

RRD significantly improves video-based long-form causal
reasoning capabilities of LVLMs.

The results in Table 4 demonstrate that our proposed RRD
significantly enhances the video-based causal reasoning ca-
pabilities of LVLMs. The benefits of RRD are consistent
across different model sizes (from 7B to 78B) and across
both weaker to stronger LVLMs. For instance, Qwen2.5-
VL-Instruct7B, which initially performed close to random
guess on VCRBench, achieves a 15.3% accuracy gain when
equipped with RRD. Similarly, the 38B and 78B variants
of InternVL2.5 show improvements of 12.6% and 13.7%,
respectively. Moreover, the top-performing open-source
LVLM Qwen2.5-VL-Instruct72B sees a substantial improve-
ment of 20.8% in accuracy when equipped with RRD. Note
that RRD improves the performance of LVLMs that rely on
a fixed number of visual inputs, such as InternVL2.5, as well
as models that accept a varying number of frames, such as
Qwen2.5-VL-Instruct.

LVLMs mainly depend on their language knowledge for
complex reasoning while including vision may hinder per-
formance.

The results presented in Table 5 suggest that LVLMs
mainly rely on their language abilities when solving com-
plex reasoning tasks. Interestingly, we find that incorporating
videos in addition to the clip descriptions at the causal rea-
soning step degrades the accuracy of LVLMs on VCRBench.
This performance drop may be due to possible conflicts or
misalignment between the visual and linguistic understand-
ing of the model. We also evaluate the effect of varying
the number of input frames on Qwen2.5-VL-Instruct, which
supports longer frame sequences unlike InternVL2.5 (see Ta-
ble 6). By default, Qwen2.5-VL operates at a sampling rate
of 1 fps. Lowering the rate to 0.5 fps leads to a 5− 7% per-
formance drop for both the 7B and 72B variants, due to the



Table 5. The effect of incorporating videos at causal reason-
ing step. The results are based on Qwen2.5-VL-Instruct72B. Here
� refers to videos and � refers to generated video descriptions
from video recognition step. Using videos at reasoning stage de-
grade performance.

Video
Recognition

Causal
Reasoning Overall Acc. Step Acc.

� � 49.9 63.4
� � + � 46.6↓3.3 62.8↓0.6

Table 6. Experimenting with varying number of frames. Both
the variants perform better at the default sampling rate of 1fps.

Model 0.5 fps 1.0 fps 2.0 fps

Qwen2.5-VL-Instruct7B 14.3 21.9 15.9
Qwen2.5-VL-Instruct72B 44.9 49.9 OOM

Table 7. The effect of further decomposition of video recognition
and causal reasoning steps of RRD. Results are based on Qwen2.5-
VL-Instruct72B.

Video
Recognition

Causal
Reasoning Overall Acc. Step Acc.

all-at-once all-at-once 49.9 63.4
all-at-once sequential 47.4 64.1
sequential all-at-once 54.2 65.1
sequential sequential 51.0 66.6

loss of fine-grained temporal information. However, over-
sampling at 2 fps does not yield further gains for Qwen2.5-
VL-Instruct7B. The 72B variant could not be evaluated at
2 fps due to OOM errors, even on a 4×A100 80 GB node.

Sequential recognition improves performance by focusing
on one key event at a time.

We conduct a thorough analysis in the main design of
RRD. First, by examining the effect of performing video
recognition across all clips (referred to as all-at-once) versus
analyzing each clip individually (referred to as sequential).
Intuitively, the sequential approach further simplifies the
video recognition task and allows the LVLM to focus on
localized analysis of one clip at a time. Second, for causal
reasoning, we explore pairwise causal comparisons in a se-
quential manner against determining the correct causal order
all at once. To perform pairwise comparisons, we adopt
a sorting algorithm (i.e., merge sort) that arranges visual
events into a causal chain, where each comparison is based
on the causality between two events as determined by the
LVLM. Upon completion of sorting, the resulting ordered
list of events is used as the final prediction. The detailed
setup for this experiment is provided in Appendix D.

The results are presented in Table 7, which reveal the
following: (i) performing video recognition sequentially
helps LVLMs focus on one key event at a time, leading to
improved accuracy in VCRBench; (ii) for causal reason-
ing, however, the sequential approach does not yield better
results. We conjecture that this is due to the long-range

Table 8. Fine-grained results across different number of causal
steps. Qwen2.5-VL-Instruct72B equipped with RRD outperforms
Gemini-1.5-Pro and achieve a comparable performance to reason-
ing specialized closed-source models Gemini-2.0 and o1.

# causal steps (avg. duration in sec.)
Models 3 (85) 4 (110) 5 (110) 6 (110) 7 (116) All
Qwen2.5-VL-Instruct72B 40.5 37.1 16.2 6.7 4.2 29.0

+ RRD (Ours) 64.3
(↑ 19.8)

73.3
(↑ 36.2)

31.2
(↑ 15.0)

23.3
(↑ 16.6)

33.3
(↑ 29.1)

54.2
(↑ 25.2)

GPT4o 33.3 40.0 20.0 13.3 8.3 29.0
Gemini-1.5-Pro 60.3 50.5 36.2 43.3 20.8 48.2
Gemini-2.0-Flash-Thinking 64.8 66.7 46.2 53.3 29.2 58.0
o1 79.4 71.4 50.0 70.0 33.3 66.8

dependencies among causal events: presenting all events
together allows the LVLM to better capture the global causal
structure, whereas pairwise comparisons provide only local
relations. Although step accuracy, which measures the cor-
rectness of individual steps, shows slight improvement, the
overall reasoning accuracy is lower in the sequential causal
reasoning setup compared to the all-at-once approach.

RRD effectively bridges the gap between current closed-
source and open-source models on VCRBench.

Table 8 shows that the benefits of RRD are consis-
tent across videos with varying number of steps. Notably,
Qwen2.5-VL-Instruct72B equipped with RRD outperforms
Gemini-1.5-Pro by 6% and achieves a performance com-
parable to the reasoning specialized closed-source models
Gemini-2.0-Flash-Thinking and o1. In some setups, it even
surpasses or match them.

6. Discussions

Summary. In this work, we introduce VCRBench, a novel
benchmark designed to evaluate video-based long-form
causal reasoning capabilities of LVLMs. Through a com-
prehensive study of over 20 recent and popular LVLMs, we
find that current models consistently struggle with long-form
causal reasoning based on visual observations, largely due to
a lack of associative understanding of visual events. More-
over, our evaluation using VCRBench highlights a sharp
performance gap between the best open-source and closed-
source models. As an initial step towards enabling such capa-
bilities in open-source models, we introduce RRD, a simple
approach that decomposes video-based causal reasoning into
video recognition and causal reasoning tasks. RRD signifi-
cantly improves multi-step causal reasoning of LVLMs, for
instance, Qwen2.5-VL-Instruct72B with RRD outperforms
Gemini-1.5-Pro and achieves performance comparable to
that of reasoning specialized closed-source models.
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Supplementary Material
A. Release Statement

In compliance with the CVPR 2026 author guidelines, we
are not permitted to include any expandable private or anony-
mous links, even those hosted on anonymous.4open.science
or private Kaggle repositories, for sharing data, code, or
model weights during the review phase. As a result, we
could not provide direct links to the full dataset or source
code. Furthermore, since VCRBench contains videos ex-
ceeding the 200 MB supplementary file limit, the entire
benchmark cannot be added as a supplementary file. Under
these restrictions, we include a subset of VCRBench and the
associated code in the supplementary materials. Post review
phase, we will add the open-source link in the paper to ac-
cess the entire benchmark and accompanying codebase for
transparency, reproducibility, and community accessibility.

B. Limitations and Future Work

While RRD effectively enhances the video-based causal rea-
soning capabilities of LVLMs, the reasoning primarily oc-
curs in the language domain rather than directly in the visual

domain. Future work could focus on developing LVLMs
that perform complex reasoning directly from visual inputs,
thereby improving both their effectiveness and efficiency. In
evaluating performance on VCRBench, we use two metrics:
overall accuracy and step accuracy. While overall accuracy
effectively captures complete success and failure cases, it
does not reflect partial correctness. Our step accuracy metric
provides some indication of partial success by measuring the
longest contiguous matching subsequence between predicted
and ground-truth event sequences. However, it overlooks
scenarios where the model produces correct events with in-
termittent mistakes, or where certain events may carry more
importance than others. Designing metrics that account for
these nuanced cases remains an open question. We believe
that VCRBench offers a strong foundation for further re-
search in this direction.

C. Additional Details of VCRBench

C.1. Instruction Templates

The instruction templates explored in constructing VCR-
Bench are presented in Figures S1 - S3.

The given video consists of multiple short clips, each showing a
different segment needed to complete the task: {name of the procedure}.
These clips are randomly shuffled, and your job is to arrange them in
the correct order to complete the task.
The clip numbers are mentioned at the beginning of each clip as Clip 1,
Clip 2, and so on.
In order to solve this task, first, you should identify the activity
that is performed in each clip, and then use your reasoning and common
sense to arrange these clips to successfully complete the task.
The final output should be in this format:
Correct order: <mention the Clip numbers separated by a comma>

Figure S1. Template 1 (default).

You are given a video composed of multiple short clips, each
representing a different step required to complete the task: {name
of the procedure}.
These clips are randomly shuffled. Your task is to determine the
correct chronological order to complete the task successfully.
Each clip is labeled at the beginning (e.g., Clip 1, Clip 2, etc.).
To solve this task, follow these steps:
1. Carefully examine each clip and describe the main activity or event
it shows.
2. Based on your understanding of how the task goal is typically
performed, reason through how these steps would logically follow one
another.
3. Use common sense and temporal reasoning to identify the correct
sequence.
Finally, provide your answer in this format:
Correct order: <mention the Clip numbers separated by a comma>

Figure S2. Template 2.

You are shown a set of shuffled video clips, each depicting a distinct
step involved in completing a larger task: {name of the procedure}.
Each clip is labeled at the beginning (e.g., Clip 1, Clip 2, etc.).
Your objective is to determine the correct chronological order of the
clips to accurately reconstruct the full task.
To approach this task, proceed as follows:
- First, describe what is happening in each clip and infer what role it
plays in the overall task.
- Then, reason about how these steps are likely connected | which actions
must logically come before or after others.
- Consider real-world knowledge and causality to guide your ordering.
Only after this reasoning, write your final answer in the following
format:
Correct order: <mention the Clip numbers separated by commas>

Figure S3. Template 3.



C.2. Human Evaluation

To obtain human-level performance on VCRBench, we re-
cruit eight volunteers, who are undergraduate or graduate
students. We collect their response on a representative subset
of roughly 40% of the videos and report the overall perfor-
mance. Note that the questions are randomly shuffled to
avoid any potential bias. The user interface to obtain human
performance is shown in Figure S4.

C.3. Licenses of Existing Assets Used

The videos used in constructing VCRBench are sourced
from CrossTask [80] dataset, which is released under BSD-3-
Clause license, available here: https://github.com/
DmZhukov/CrossTask?tab=BSD-3-Clause-1-
ov-file.

C.4. Details of LVLMs

The URLs to access LVLMs studied in this work are pre-
sented in Table S1.

C.5. Additional Results on VCRBench

We present the detailed results of LVLMs across varying
numbers of causal steps in Table S2 and their performance
across different sub-categories of VCRBench in Table S3.

D. Additional Details of RRD

The complete instructions used in various RRD setups are
mentioned in Figures S5 to S8.

https://github.com/DmZhukov/CrossTask?tab=BSD-3-Clause-1-ov-file
https://github.com/DmZhukov/CrossTask?tab=BSD-3-Clause-1-ov-file
https://github.com/DmZhukov/CrossTask?tab=BSD-3-Clause-1-ov-file


Figure S4. Setup used in collecting human-level performance on VCRBench.

# Instruction used in Video Recognition step.
The video contains multiple short clips.
The clip numbers are mentioned at the beginning of each clip as Clip 1,
Clip 2, and so on.
Watch each clip carefully, paying attention to its fine-grained actions
and events.
Note the unique events in each clip compared to the rest of the video.
Respond with a one sentence description indicating the key and
fine-grained actions or events for each clip.
Please respond in this format:
Clip 1: <Write one sentence description>
Clip 2: <Write one sentence description>
...
Your response must not contain anything else.

# Instruction used in Causal Reasoning step.
The following steps are needed to complete the task: {name of the
procedure}.
However, these steps are randomly shuffled, and your job is to arrange
them in the correct order to complete the task.
Use your reasoning and common sense to arrange these steps to
successfully complete the task.
{clip descriptions}
The final output should be in this format:
Correct order: <mention the step numbers separated by a comma>

Figure S5. Instructions used in video recognition (all-at-once) and
causal reasoning (all-at-once) setup of RRD.

# Instruction used in Video Recognition step.
The video contains multiple short clips.
The clip numbers are mentioned at the beginning of each clip as Clip 1,
Clip 2, and so on.
Watch Clip {step} carefully, paying attention to its fine-grained
actions and events.
Note the unique events in Clip {step} compared to the rest of the video.
Respond with a one sentence description indicating the key and
fine-grained actions or events.
Your response must not contain anything else.

# Instruction used in Causal Reasoning step.
The following steps are needed to complete the task: {name of the
procedure}.
However, these steps are randomly shuffled, and your job is to arrange
them in the correct order to complete the task.
Use your reasoning and common sense to arrange these steps to
successfully complete the task.
{clip descriptions}
The final output should be in this format:
Correct order: <mention the step numbers separated by a comma>

Figure S6. Instructions used in video recognition (sequential) and
causal reasoning (all-at-once) setup of RRD.

# Instruction used in Video Recognition step.
The video contains multiple short clips.
The clip numbers are mentioned at the beginning of each clip as Clip 1,
Clip 2, and so on.
Watch each clip carefully, paying attention to its fine-grained actions
and events.
Note the unique events in each clip compared to the rest of the video.
Respond with a one sentence description indicating the key and
fine-grained actions or events for each clip.
Please respond in this format:
Clip 1: <Write one sentence description>
Clip 2: <Write one sentence description>
...
Your response must not contain anything else.

# Instruction used in Causal Reasoning step.
Here are two intermediate steps to achieving {name of the procedure}:
Event A: {description of one clip}
Event B: {description of another clip}
Which event should occur first?
Pay attention to the causality of events.
Respond with A if Event A should happen first.
Respond with B if Event B should happen first.
Do not provide any other response.

Figure S7. Instructions used in video recognition (all-at-once) and
causal reasoning (sequential) setup of RRD.

# Instruction used in Video Recognition step.
The video contains multiple short clips.
The clip numbers are mentioned at the beginning of each clip as Clip 1,
Clip 2, and so on.
Watch Clip {step} carefully, paying attention to its fine-grained
actions and events.
Note the unique events in Clip {step} compared to the rest of the video.
Respond with a one sentence description indicating the key and
fine-grained actions or events.
Your response must not contain anything else.

# Instruction used in Causal Reasoning step.
Here are two intermediate steps to achieving {name of the procedure}:
Event A: {description of one clip}
Event B: {description of another clip}
Which event should occur first?
Pay attention to the causality of events.
Respond with A if Event A should happen first.
Respond with B if Event B should happen first.
Do not provide any other response.

Figure S8. Instructions used in video recognition (sequential) and
causal reasoning (sequential) setup of RRD.



Table S1. Details of LVLMs evaluated on VCRBench.

Models Weights
InternVL2.51B [13] https://huggingface.co/OpenGVLab/InternVL2_5-1B
InternVL2.52B [13] https://huggingface.co/OpenGVLab/InternVL2_5-2B
LongVU3B [56] https://huggingface.co/Vision-CAIR/LongVU_Llama3_2_3B
InternVL2.54B [13] https://huggingface.co/OpenGVLab/InternVL2_5-1B
VideoChat27B [36] https://huggingface.co/OpenGVLab/VideoChat2_stage3_Mistral_7B
InternVL2.58B [13] https://huggingface.co/OpenGVLab/InternVL2_5-1B
LLaVA-NeXT-Video7B [78] https://huggingface.co/LVLMs-lab/LLaVA-Video-7B-Qwen2
MiniCPM-o-V 2.67B [73] https://huggingface.co/openbmb/MiniCPM-o-2_6
Qwen2.5-VL-Instruct7B [5] https://huggingface.co/Qwen/Qwen2.5-VL-7B-Instruct
VideoLLaMA37B [76] https://huggingface.co/DAMO-NLP-SG/VideoLLaMA3-7B
LongVILA7B [12] https://huggingface.co/Efficient-Large-Model/qwen2-7b-longvila-256f
LongVU7B [56] https://huggingface.co/Vision-CAIR/LongVU_Qwen2_7B
NVILA15B [43] https://huggingface.co/Efficient-Large-Model/NVILA-15B
InternVL2.526B [13] https://huggingface.co/OpenGVLab/InternVL2_5-26B
InternVL2.538B [13] https://huggingface.co/OpenGVLab/InternVL2_5-38B
LLaVA-NeXT-Video72B [78] https://huggingface.co/LVLMs-lab/LLaVA-Video-72B-Qwen2
Qwen2.5-VL-Instruct72B [5] https://huggingface.co/Qwen/Qwen2.5-VL-72B-Instruct
InternVL2.578B [13] https://huggingface.co/OpenGVLab/InternVL2_5-78B
GPT4o [25] gpt-4o-2024-11-20
Gemini-1.5-Pro [51] gemini-1.5-pro
Gemini-2.0-Flash-Thinking [51] gemini-2.0-flash-thinking-exp
o1 [26] o1-2024-12-17

Table S2. Performance across videos with varying numbers causal steps. LVLM performance drops sharply as the number of causal steps
increases, highlighting challenges in handling complex video-based long-form causal reasoning tasks.

Models Number of Causal Steps Overall
3 4 5 6 7

InternVL2.538B [13] 15.9 10.5 10.0 3.3 0.0 11.0
InternVL2.578B [13] 18.2 19.1 8.8 6.7 4.2 14.5
Qwen2.5-VL-Instruct72B [5] 40.5 37.1 16.2 6.7 4.2 29.0
GPT4o [25] 33.3 40.0 20.0 13.3 8.3 29.0
Gemini-1.5-Pro [51] 60.3 50.5 36.2 43.3 20.8 48.2
Gemini-2.0-Flash-Thinking [51] 64.8 66.7 46.2 53.3 29.2 58.0
o1 [26] 79.4 71.4 50.0 70.0 33.3 66.8

Table S3. Detailed results across the sub-categories of VCRBench.
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InternVL2.538B [13] 6.5 0.0 8.0 14.3 16.7 16.1 0.0 20.0 16.7 9.4 7.7 15.6 11.0
InternVL2.578B [13] 3.2 6.9 0.0 11.4 33.3 19.4 17.6 10.0 10.0 15.6 11.5 31.2 14.5
Qwen2.5-VL-Instruct72B [5] 16.1 34.5 4.0 22.9 43.3 48.4 20.6 33.3 26.7 40.6 19.2 34.4 29.0
GPT4o [25] 22.6 17.2 4.0 17.1 70.0 32.3 20.6 13.3 43.3 28.1 38.5 40.6 29.0
Gemini-1.5-Pro [51] 12.9 34.5 0.0 45.7 93.3 58.1 47.1 53.3 53.3 62.5 34.6 71.9 48.2
Gemini-2.0-Flash-Thinking [51] 38.7 55.2 12.0 65.7 80.0 61.3 52.9 65.5 66.7 59.4 65.4 65.6 58.0
o1 [26] 35.5 17.2 28.0 68.6 93.3 71.0 70.6 83.3 80.0 84.4 73.1 87.5 66.8
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https://huggingface.co/LVLMs-lab/LLaVA-Video-7B-Qwen2
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https://huggingface.co/Qwen/Qwen2.5-VL-7B-Instruct
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