
Distilling Counterfactual Reasoning from Language to Vision: Causal Graph
Guided Post-Training for Video Understanding

Yuefei Chen1, Jiang Liu2, Xiaodong Lin1, Ruixiang Tang1†

1Rutgers University, 2Advanced Micro Devices
chen.yuefei@rutgers.edu, ruixiang.tang@rutgers.edu

Abstract

Vision Language Models (VLMs) have recently shown sig-
nificant advancements in video understanding, especially
in feature alignment, event reasoning, and instruction-
following tasks. However, their capability for counterfac-
tual reasoning, inferring about alternative outcomes under
hypothetical conditions, remains underexplored. This ca-
pability is essential for robust video understanding, as it
requires identifying underlying causal structures and rea-
soning about unobserved possibilities, rather than merely
recognizing observed patterns. To systematically evalu-
ate this capability, we introduce CounterVQA, a video-
based benchmark featuring three progressive difficulty lev-
els that assess different aspects of counterfactual reason-
ing. Through comprehensive evaluation of both state-of-
the-art open-source and closed-source models, we uncover
a substantial performance gap: while these models achieve
reasonable accuracy on simple counterfactual questions,
performance degrades significantly on complex multi-hop
causal chains. To address these limitations, we develop a
post-training method, CFGPT, that enhances a model’s vi-
sual counterfactual reasoning ability by distilling its coun-
terfactual reasoning capability from the language modal-
ity, yielding consistent improvements across all Counter-
VQA difficulty levels. The project page is available at:
https://github.com/AzhenHETU/CounterVQA.

1. Introduction

Visual language models (VLMs) have recently shown re-
markable progress in the field of video understanding, espe-
cially in tasks such as temporal feature alignment, complex
event reasoning, and instruction following [3, 29, 35, 39,
43]. These achievements create an impression that VLMs
are rapidly approaching deep cognition and high-level rea-
soning capabilities in dynamic worlds. However, a deeper
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sign of intelligence is not only recognizing and describing
events that have occurred, but understanding why events oc-
cured, then reasoning alternative outcomes under different
interventions. This ability, that is also called counterfactual
reasoning, is to envision alternate outcomes based on dif-
ferent choices or events, represents the pinnacle of Pearl’s
Causal Hierarchy [33] and underpins core human cognitive
capacities including decision-making, moral reasoning, and
problem-solving. Reaching counterfactual reasoning abil-
ity is widely considered a prerequisite for building robust,
generalizable AI and moving towards Artificial General In-
telligence [23, 30].

Despite recent progress, several studies suggest that cur-
rent VLMs may not truly reason about causality. Work on
temporal reasoning and hypothetical queries has shown that
VLMs often rely on superficial correlations or linguistic
shortcuts rather than understanding underlying causal re-
lations [5, 26, 45]. These findings imply that VLMs may
also struggle with counterfactual reasoning, however, no ex-
isting research has systematically evaluated this ability in
video settings or investigated how to improve it. Motivated
by this gap, we aim to address two key questions:

How well do VLMs handle counterfactual video reason-
ing? Recent benchmarks have advanced the evaluation of
causal reasoning in VLMs along several dimensions. Some
works [7, 22, 36] evaluate causal structure inference in static
images. Other works [20, 34, 44] assess temporal and com-
positional reasoning through language. The other works
[14, 26, 27] probe physical reasoning and anomaly detec-
tion in videos.

Our work complements these efforts by introducing a
benchmark CounterVQA, the first video benchmark that
systematically generates and verifies counterfactual ques-
tions grounded in explicit causal graphs. Unlike previ-
ous datasets, CounterVQA employs a multi-agent gener-
ation framework that simulates human-like causal reason-
ing. This graph-based and agent-driven design allows pre-
cise control over causal chain complexity, enabling the con-
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The Challenge: Counterfactual Reasoning in VLMs

If C did not adjust the camera,
would The Man B pass the ball to C

still occur? Yes / No

QuestionsVideos 2

Error: Two events are
independent, not causal.

No. The action of reading the
COVID-19 test instruction manual
is crucial for understanding the
correct procedure.

Error: C did not read in
the video.

No. The video shows that the agent
inflates the tire with a pump and

then installs it on the bike; without
this action, the wheel would not be

installed.

Error: The video doesn't
show inflating the tire!

No. if C did not adjust the
camera, it is unlikely that The
Man B would pass the ball to C.

If C did not read the COVID-19
test instruction manual, would C

still open the plastic bag ? Yes / No

Questions

Videos 1

If the agent did not inflate the
tire with a pump, would the wheel

still be installed? Yes / No

Questions

Our Work to Generate a Dataset for Counterfactual Reasoning
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Counterfactual

Inference 

Level 2: Long-Chain
Counterfactual

Inference

Level 3:
Counterfactual
Inference with
Nonexist Events

Evaluate & filter

Level 1: What if C had not happen,
would Y have happened?

Level 2: What if A had not happen,
would E have happened?

Level 3: What if A* had not happen,
would B have happened?

XC E

XA B

Intervention

A* not exist!

Causal depth too short.

All adjacent edges are causal.

All Events are similar.

Rank Videos based on graphs 

Generate Questions

Figure 1. The left panel illustrates typical wrong cases where current VLMs misinterpret causal relations when answering counterfactual
video questions. The right panel presents our dataset generation pipeline: a multi-agent system infers pairwise causal relations to build
causal graphs for each video, ranks videos by causal graph complexity, and generates three levels of counterfactual questions, adjacent,
long-chain, and non-existent event inference, for systematic evaluation.

struction of three progressive difficulty levels questions that
rigorously test reasoning from single-step to complex multi-
hop causal chains.

How to enhance VLM’s counterfactual video reasoning
abilities? Simply scaling up supervision or performing
conventional fine-tuning is insufficient, as it tends to rein-
force overfitting to observed patterns rather than fostering
true causal understanding. What is needed is a causally
informed training paradigm that can teach models to align
video perception with intervention-based reasoning.

To address this challenge, we propose a novel post-
training framework that integrates supervised fine-tuning
(SFT) with reinforcement learning (RL) training [6, 13, 19]
guided by causal graph rewards. The central innovation lies
in introducing a Causal Graph Reward, a structured signal
derived from the explicit causal graphs used in Counter-
VQA’s multi-agent generation process. During training, the
language modality acts as a teacher that excels at logical
abstraction, while the visual modality learns as a student to
perceive and internalize these abstract causal relations from
video evidence. The causal graph reward quantifies consis-
tency between predicted and ground-truth causal structures
and it encourages the model to move beyond pattern recog-
nition and to reason over the underlying causal mechanisms
that govern event transitions. Empirical results demonstrate
that this causally informed post-training improves perfor-
mance across all difficulty levels in CounterVQA. In sum-
mary, our main contributions are as follows.
• We introduce CounterVQA, one of the largest bench-

mark for assessing counterfactual reasoning ability in
VLMs for various situations, designed to evaluate short-
chain causal relation, long-chain counterfactual reason-
ing, and hallucination in counterfactual reasoning.

• We propose a two-stage post-training methodology

CFGPT guided by counterfactual causal graphs, which
improves VLMs’ ability to perform causal and counter-
factual reasoning over video content.

• We benchmark CounterVQA using five state-of-the-art
open- and closed-source models, and demonstrate the ef-
fectiveness of CFGPT, which achieves a 12.5% improve-
ment over the leading 8B-scale VLM across all categories
and difficulty levels.

2. CounterVQA: Benchmark for VLM video
counterfactual reasoning

To evaluate counterfactual reasoning in VLMs, we intro-
duce CounterVQA, a video-based benchmark with 712
videos and 3,987 QA pairs. The benchmark features a two-
tier taxonomy: (1) three levels of counterfactual complexity,
and (2) interaction type (Human-to-Human vs. Human-to-
Object).

2.1. Counterfactual Challenge Levels
Counterfactual reasoning requires models to imagine alter-
native outcomes under hypothetical conditions that deviate
from observed reality. To systematically assess this capabil-
ity, we design a three-level hierarchy as shown in Figure 2.
This hierarchy progressively increases reasoning complex-
ity. Each level targets distinct aspects of causal understand-
ing: from immediate causal effects to long-range temporal
dependencies and resistance to plausible distractors. This
hierarchical design allows us to precisely characterize cur-
rent VLMs’ performance in counterfactual reasoning.

2.1.1. Level 1: Adjacent Counterfactual Inference
Adjacent counterfactual inference evaluates a model’s abil-
ity to reason about how intervening on one action affects its
immediate successor in an event chain. This represents the
most fundamental form of counterfactual reasoning, requir-
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ing two distinct capabilities. First, models must differen-
tiate causal relationships from temporal correlations, since
adjacent events may co-occur without causal dependency.
Second, given a validated causal link, models must predict
how an intervention on the cause propagates to the effect.
By testing adjacent inference, we assess whether VLMs
possess the foundational ability to identify and reason over
local causal dependencies, which is prerequisite for more
complex multi-step reasoning tasks.

Formulation. Let A = {a1, a2, . . . , an} denote a se-
quence of actions observed in the video, where ai causally
precedes ai+1. An adjacent counterfactual question inter-
venes on action ai with an alternative a′i and asks about the
resulting change to the immediate next action:

Query: ai → a′i =⇒ ai+1 → ? (1)

The model must predict the modified outcome a′i+1 under
the counterfactual condition ai → a′i. This requires both
identifying the causal nature of the relationship ai → ai+1

distinguishing it from mere temporal adjacency and rea-
soning about how the intervention propagates through this
causal link while holding other factors constant.

Example. In Figure 2 coffee-making video, we assume
the original action ai is ”pour milk into the cup” leading to
ai+1 = ”add hot water into the coffee mug”, the counter-
factual question asks: ”If pouring milk had not happened
(¬ai), would the agent still add hot water into the coffee
mug?” The model must recognize that these are adjacent but
independent events. That is pouring milk does not causally
affect adding hot water.

2.1.2. Level 2: Long-Chain Counterfactual Inference
Long-chain counterfactual inference examines whether
models can trace the cascading effects of an intervention
across multiple steps in a causal sequence. Unlike adjacent
inference, this level requires reasoning about non-adjacent
actions where the intervention propagates through inter-
mediate events before affecting the target outcome. This
tests VLMs’ capacity for multi-step causal reasoning and
their ability to maintain counterfactual consistency over ex-
tended temporal horizons. These capabilities are essential
for understanding complex real-world scenarios where ac-
tions have delayed or indirect consequences.

Formulation. Given an action sequence A =
{a1, . . . , an} and a causal chain ai → ai+1 → · · · → ai+k

where k ≥ 2, a long-chain counterfactual question inter-
venes on ai and queries about the effect on a non-adjacent
action ai+k:

Query: ai → a′i =⇒ ai+k → ? (2)

Q. In this video, What if opening oven had not happen, would the
agent finish cooking egg?
A. Yes. Since the video shows that oven does not open for
cooking egg.

Level 1: Adjacent Counterfactual Inference

Level 2: Long-Chain Counterfactual Inference

Q. In this video, What if opening drawer had not happen, would
the agent have put the cucumber into the bowl?
A. No. Open drawer -> Take bowl out -> Put the cucumber into
the bowl

Q. In this video, What if pouring milk had not happen, would the
agent have add hot water into the coffee mug?
A. Yes. These events are adjacent but independent.

Level 3: Counterfactual Inference with Non-existent Events

Figure 2. Representative examples from the three difficulty lev-
els of CounterVQA. Level 1: Adjacent counterfactual inference
requires reasoning about direct causal dependencies between con-
secutive events. Level 2: Long-chain counterfactual inference
involves tracing multi-step causal relationships across several ac-
tions. Level 3: Counterfactual inference with non-existent events
demands reasoning about hypothetical scenarios that did not occur
in the observed video.

The model must reason through the intermediate causal
links a′i → a′i+1 → · · · → a′i+k to predict the final
outcome. This requires tracking how changes propagate
through the causal graph over multiple hops.

Example. In Figure 2 cooking preparation video, we as-
sume ai = ”open drawer”, which leads through ai+1 = ”take
bowl out” to ai+2 = ”put the cucumber into the bowl”, the
counterfactual asks: ”If opening drawer had not happened
(¬ai), would the agent have put the cucumber into the bowl
(ai+2)?” The model must trace the multi-step causal chain:
opening drawer → taking bowl out → putting cucumber.
Without the initial action, the entire chain collapses.
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2.1.3. Level 3: Counterfactual Inference with Non-
existent Events

This level evaluates the model’s ability to reason about hy-
pothetical events that never occurred in the observed video.
A critical challenge in counterfactual reasoning is distin-
guishing between what actually happened and what could
have happened but didn’t. VLMs must not only perform
counterfactual inference but also verify whether the premise
of the counterfactual question is grounded in actual visual
observations. This level tests whether models can correctly
identify and reason about actions that are semantically plau-
sible given the video context but factually absent from the
visual evidence. By requiring models to verify event oc-
currence before counterfactual inference, we assess their
ability to maintain factual grounding while engaging in hy-
pothetical reasoning. It is a critical capability for reliable
deployment in real-world applications where distinguishing
observed facts from plausible assumptions is essential.

Formulation. Let Atrue = {a1, . . . , an} denote the
ground-truth action sequence and Adistractor = {ã1, . . . , ãm}
denote a set of plausible but non-existent actions that are
semantically coherent with the video context. A Level 3
question presents a counterfactual scenario involving ãj ∈
Adistractor:

Query: ãj → ã′j =⇒ ak → ? (3)

The correct response is to recognize that ãj never occurred,
thus rendering the counterfactual premise invalid. This tests
the model’s ability to distinguish Atrue from Adistractor under
challenging conditions where semantic plausibility conflicts
with factual accuracy.

Example. In the Figure 2 cooking egg video showing
only an unopened oven with an egg inside, the question
asks: ”If opening oven had not happened (¬ãj , where ãj
is a non-existent event), would the agent finish cooking
egg?” The model must recognize that the oven never ac-
tually opened in the video. Since the oven remained closed
throughout, no cooking occurred.

2.2. Interaction Type
We divide videos into two categories based on agent interac-
tion type, as each requires distinct causal reasoning skills.
Human-to-Human (H2H) interactions involve collabora-
tive activities such as basketball, soccer, or dance, where
reasoning must capture social dynamics and mutual depen-
dencies between agents. Human-to-Object (H2O) inter-
actions focus on tasks where a person manipulates objects,
such as cooking, climbing, or COVID-19 testing, which re-
quires understanding of physical causality and how actions
affect material states. By contrasting H2H and H2O, we

assess whether VLMs comprehend both social and physi-
cal causality, revealing whether their reasoning generalizes
across causal domains.

2.3. Dataset Generation
2.3.1. Dataset Collection
We build our benchmark on Ego-Exo4D [18], a large-scale
multi-view video dataset comprising 5,035 videos that cap-
ture skilled human activities from synchronized egocentric
and exocentric perspectives. The dataset covers diverse sce-
narios including physical activities such as soccer, basket-
ball, and dance, as well as procedural tasks such as cook-
ing and bike repair. To ensure high-quality counterfactual
reasoning evaluation, we develop a three-stage pipeline to
select suitable videos and generate challenging questions
from random 1200 videos. This process filters the original
collections down to around 700 and produces over 3,000
question-answer pairs, as detailed below.

2.3.2. Counterfactual Questions Generations
Generating high-quality counterfactual questions for videos
is challenging: naive LLM-based generation often produces
questions that are either too simple or lack grounding in
the video’s causal structure. To address this, we propose a
three-stage pipeline that progressively refines question qual-
ity. First, we construct explicit causal graphs using multi-
agent systems to capture the key event dependencies in each
video. Second, we design graph-based complexity metrics
to filter videos that are suitable for counterfactual reason-
ing. Finally, we employ LLMs to generate questions and
use paired LLM verification to ensure answer quality. This
approach increases question difficulty substantially: mod-
els’ accuracy drops by 12% compared to questions gener-
ated by baseline LLM-only methods, validating the effec-
tiveness of our pipeline.

Step1: Multi-Agent Causal Graph Construction. For
each video, we employ a multi-agent system to construct
a causal graph G = (V, E), where nodes V represent key
events and edges E capture causal dependencies. Specifi-
cally, we use 4 specialized agents. Observer Agent: We
first generate a set of candidate causal relations and let the
LLM assign each relation a confidence score, representing
the model’s self-estimated likelihood that the relation is cor-
rect. We then rank all candidate relations by these confi-
dence scores and retain only the top 20% for further evalu-
ation by the Verifier Agent and the Critique Agent. Verifier
Agent: Evaluate a single proposed causal link between two
actions based on Commonsense Knowledge. Critic Agent:
The goal is to find flaws in the Verifier’s causal analysis.
Synthesizer Agent: Make a final decision for this causal
relational decision based on confidence scores from Verifier
and Critic Agents. After that, all accepted causal relations
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are aggregated into a causal graph for each video. Human
evaluation indicates that roughly 90% of the extracted rela-
tions align with human judgments of causal correctness, as
detailed in Appendix D.

Step2: Video Filtering via Graph Complexity Metrics.
Not all videos are equally suitable for counterfactual rea-
soning. To ensure our benchmark contains videos with rich
causal structures across all three difficulty levels, we de-
sign three graph-based metrics that directly correspond to
the capabilities tested at each level. These metrics quan-
tify different aspects of causal complexity and enable sys-
tematic filtering of suitable videos. Adjacent Non-Causal
Density (ANCD): To assess whether a video contains suffi-
cient temporal correlations that must be distinguished from
true causality, we compute the ratio of adjacent non-causal
relationships to all adjacent relationships:

ANCD(G) =
# Adjacent Non-causal Relations

# Adjacent Relations
(4)

A higher value indicates more challenging scenarios for
Level 1, as models must carefully differentiate spurious
temporal adjacency from genuine causal links. We retain
videos with ANCD ≥ 0.2 to ensure sufficient difficulty in
identifying true causal dependencies. Causal Depth (CD):
To evaluate a video’s suitability for long-chain counterfac-
tual reasoning, we measure the maximum path length in the
causal graph:

Causal-Depth(G) = max
p∈P (G)

length(p) (5)

where P (G) denotes the set of all simple paths in the causal
graph G, i.e., paths that do not revisit any node. Videos
with greater causal depth contain longer causal chains, en-
abling multi-step reasoning questions. We select videos
with Causal-Depth ≥ 3 to ensure adequate complexity for
Level 2 questions. Contextual CNDA Score: Level 3 ques-
tions require plausible but non-occurring actions as distrac-
tors. We compute the Contextual CNDA score to quantify
semantic diversity within each video: videos with diverse
actions provide richer semantic contexts where additional
plausible alternatives can be naturally conceived. For each
action node v in the graph, we first calculate its outlier score
based on semantic deviation from its task context τ(v):

cτ(v) =
1

|Cτ(v)|
∑

u∈Cτ(v)

e(u) (6)

where Cτ(v) is the set of actions sharing the same task con-
text, and e(u) is the embedding of action u. The outlier
score measures how semantically atypical an action is:

OutlierScore(v) = 1−
e(v) · cτ(v)

∥e(v)∥ · ∥cτ(v)∥
(7)

We then average across all nodes to obtain the video-level
CNDA score:

Avg-CNDA-Score(G) =
1

|V |
∑
v∈V

OutlierScore(v) (8)

A higher CNDA score indicates that the video contains di-
verse actions, making it easier to construct plausible halluci-
nated alternatives. We retain videos with avg-CNDA-score
≥ 0.12 to ensure sufficient semantic diversity for Level 3
distractor generation. These metrics filtering reduces the
candidate set from 1,200 videos to 700+, ensuring that re-
tained videos exhibit rich causal structures necessary for
challenging counterfactual reasoning evaluation.

Step3: Question Generation and Quality Control. For
each filtered video, we use Deepseek-V3 to generate coun-
terfactual questions based on the causal graph. The genera-
tion prompt instructs the LLM to identify a pivotal node in
the graph, hypothesize an alternative outcome at that node,
and reason about downstream effects. To ensure question
quality, we implement a paired verification process. Two
independent text-only LLMs (Qwen 2.5-32B) attempt to
answer each generated question using only the video cap-
tions. We only keep the challenging questions which can be
answered correctly by LLMs with video annotations. This
verification step removes approximately 80% of generated
questions, resulting in a final set of 3,000+ high-quality QA
pairs. To ensure the reliability of causal graph and ques-
tions, we are conducting a validation on the dataset, includ-
ing inter-annotator agreement and relation-type statistics.
The detailed annotation consistency results and question-
type distributions are included in the Appendix C.

3. Counterfactual Graph-based Post-Training
(CFGPT)

Beyond benchmarking, we explore how to systematically
enhance VLMs’ counterfactual reasoning in videos. Our
investigation reveals two key insights into current VLMs’
limitations: 1. Cross-modal reasoning gap: While VLMs
demonstrate strong causal reasoning in text, they cannot
ground these capabilities in video understanding, suggest-
ing difficulties in transferring reasoning patterns from lin-
guistic to visual-temporal domains [32, 41]. 2. Lack of
structural guidance: VLMs frequently produce counter-
factual reasoning that either invents visual content or creates
inconsistent causal chains, indicating insufficient supervi-
sion from both visual evidence and explicit causal struc-
tures. To probe the source of these limitations, we test
whether reasoning improves when explicit temporal and re-
lational cues are provided. We compare two prompting set-
tings on Qwen-2.5-VL 32B: using only raw video versus
using video with structured annotations (V+A). This allows
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Teacher Setting Accuracy (%) Readability Score (5.0)

Video 41.9 3.2
Video+Annotations 46.7 3.5

Table 1. Comparison of outputs under video+annotation (V+A)
and video-only (V) prompting. Readability metric details are in
Appendix E.

us to assess whether adding causal structure yields more co-
herent counterfactual reasoning. As shown in Table 1, V+A
consistently produces higher accuracy and more logically
grounded explanations. These findings indicate that struc-
tured causal cues substantially enhance reasoning quality
and motivate a training paradigm that can transfer these im-
provements to video-only models.

Building on this insight, we propose Counterfactual
Graph-based Post-Training (CFGPT), a two-stage frame-
work for strengthening video-grounded counterfactual rea-
soning (Figure 1). Stage I (Cross-Modal Causal Transfer)
distills textual causal reasoning into video-grounded infer-
ence using structured supervision. Stage II (Visual-Causal
Reinforcement) further refines this skill with rewards from
visual grounding and causal-graph alignment, ensuring both
factual correctness and causal consistency.

3.1. Cross-Modal Causal Transfer Knowledge
The first stage of CFGPT enables the transfer of causal rea-
soning capabilities from text-based understanding to video-
grounded inference. While language models excel at rea-
soning about causal relationships described in text, VLMs
struggle to perform similar reasoning when grounded in dy-
namic visual content. We bridge this gap through carefully
designed supervised fine-tuning that teaches the model to
ground textual causal reasoning patterns in temporal video
understanding. To support this process, We construct train-
ing data that explicitly connects textual causal reasoning
with video content. Starting from videos with rich anno-
tations, we leverage LLMs to generate chain-of-thought ra-
tionales that articulate causal relationships observable in the
video. This produces training instances in the format of
(video, question, CoT reasoning, answer), where the CoT
serves as a bridge connecting visual observations to causal
inference, enabling cross-modal knowledge transfer. Given
the base VLM denoted as fV LM , we fine-tune it on the SFT
data DSFT = {(vi, qi, ci, ai)}Ni=1, where vi represents the
video, qi is the question, ci is the chain-of-thought rationale,
and ai is the answer. The training objective is:

LSFT = −
N∑
i=1

[log p(ci|vi, qi) + log p(ai|vi, qi, ci)] (9)

This objective encourages the model to first generate coher-
ent reasoning chains that capture the causal dependencies,

and then produce accurate answers conditioned on both the
video context and the reasoning process. The explicit CoT
rationales serve as the crucial bridge to connect Textual
and Visual Reasoning in this transfer process. By verbaliz-
ing the reasoning process grounded in visual observations,
the model learns to translate its textual causal understand-
ing into video-specific inference patterns. This enables the
model to identify temporal dependencies, recognize causal
events in motion, and reason about counterfactual scenarios
based on what is actually shown in the video.

3.2. Visual-Causal Alignment Optimization
While the transfer learning stage establishes basic video-
grounded reasoning, the model may still exhibit inconsis-
tencies between its visual understanding and causal infer-
ence. To address this, we employ reinforcement learning
with dual guidance from both visual content and explicit
causal graph structures, ensuring the model’s reasoning is
simultaneously grounded in what it observes and struc-
turally sound in its causal logic. For each training video,
we construct a counterfactual causal graph G = (V, E) that
explicitly represents the causal relationships between events
and entities mentioned in section 2.3 Multi-agent part. The
nodes V correspond to key events in the video, while edges
E encode the causal dependencies. These graphs serve as
structural guidance to evaluate whether the model’s reason-
ing aligns with correct causal pathways. We design a reward
model that assesses the quality of the model’s outputs along
multiple dimensions:

R(o|v, q,G) = αRcausal(o,G) + βRvisual(o, v) (10)

where o represents the model’s output (including both CoT
and answer), Rcausal evaluates alignment with the causal
graph structure, and Rvisual assesses the alignment between
the VLM’s understanding and the actual video content.
The hyperparameters α, β balance these objectives. While
the transfer learning stage establishes basic video-grounded
reasoning, the model may still exhibit inconsistencies be-
tween its visual understanding and causal inference. To
address this, we employ reinforcement learning with dual
guidance from both visual content and explicit causal graph
structures, ensuring the model’s reasoning is simultane-
ously grounded in what it observes and structurally sound in
its causal logic. Following the GRPO framework, we sam-
ple K outputs for each input and optimize through relative
comparison. Through iterative sampling, dual reward eval-
uation, and policy updates, the model learns to consistently
generate reasoning that aligns with both visual observations
and causal structures. This dual supervision helps the model
avoid two common failure modes: semantic related content
not present in videos (Rvisual) and making logically incon-
sistent causal inferences (Rcausal), leading to more reliable
video understanding.
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Figure 3. Overview of the CFGPT framework. Top: Two-stage pipeline from a base VLM to the final CFGPT model. Left (orange):
Cross-modal causal transfer through supervised fine-tuning using V+A generated CoT data. Right (green): Visual-causal reinforcement
via GRPO, where candidate outputs are scored by causal graph consistency and visual grounding rewards to refine counterfactual reasoning.

4. Experiment

4.1. Evaluation Settings and Models
We conduct experiments on the proposed CounterVQA
benchmark to evaluate the counterfactual reasoning ca-
pability of VLMs. CounterVQA consists of three dif-
ficulty levels, Adjacent Counterfactual Inference, Long-
Chain Counterfactual Inference, and Counterfactual Infer-
ence with Non-existent Events. Videos in these dataset
are categorized into H2H and H2O. We evaluate differ-
ent vanilla open-source models, including Qwen2.5-VL-
7B, Qwen2.5-VL-32B [3], and Qwen3-VL-8B [39], and
other closed source LLMs like GPT-4o [31] and Gemini-
2.5 pro [17]. The details of parameters and running envi-
ronments are described in Appendix A.

4.2. Main Result and Analysis
Table 2 presents the performance of all tested VLMs on
CounterVQA, showing accuracy metrics as percentages
across three difficulty levels and two interaction types (H2H
and H2O). The results reveal several critical observations
that validate both the effectiveness of our benchmark and
the superiority of our proposed CFGPT method.

Our benchmark effectively exposes limitations in cur-
rent VLMs. Despite recent advances, most existing
VLMs demonstrate significant limitations in counterfactual
reasoning. ChatGPT-4o, a leading closed-source model,
achieves only 6.2% average accuracy. Even the larger
Qwen-2.5-VL-32B model struggles with an average accu-
racy of 39.4%. These results confirm that counterfactual
reasoning in videos remains a fundamental challenge that

cannot be solved by simply scaling model parameters, val-
idating the necessity and difficulty of our benchmark. Be-
yond overall performance, we further analyze how differ-
ent types of interactions affect model reasoning capabilities.
Comparing the two interaction types, we observe the re-
sults do not show a consistent advantage for either Human-
to-Human or Human-to-Object reasoning across models.
Some models perform better on object-centered interac-
tions, while others handle social interactions more effec-
tively. This variability indicates that current VLMs struggle
to generalize causal reasoning uniformly across different in-
teraction types.

CFGPT significantly improves counterfactual reasoning
capabilities. Our method demonstrates substantial and
consistent improvements across all difficulty levels and in-
teraction types. Qwen-3-VL-8B + SFT alone improves the
vanilla model from 60.1% to 69.3% (+9.2 points), demon-
strating the effectiveness of cross-modal causal transfer
learning. More importantly, adding GRPO further boosts
performance to 72.6% (+12.5 points over vanilla), achiev-
ing the best results across all models. The improvement
is particularly pronounced on harder levels: on Level 3
H2O tasks, our full method achieves 77.4% compared to
66.4% for the vanilla model (+11 points), demonstrating
that visual-causal dual reinforcement is especially effec-
tive for complex counterfactual scenarios. However, the
effectiveness of CFGPT is not uniform across all base
models. Model capacity influences the effectiveness of
CFGPT. CFGPT yields only modest gains on Qwen-2.5-
VL-7B (8.3% → 9.3%) but substantially improves Qwen-3-
VL-8B (60.1% → 72.6%), indicating that a minimum level
of video understanding is required for effective counterfac-
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Human to Human Human to Object Total
Models Level 1 Level 2 Level 3 Avg. Level 1 Level 2 Level 3 Avg. Level 1 Level 2 Level 3 Avg.
Open-source (Vanilla)
Qwen-2.5-VL 7B 13.3 11.5 3.1 9.1 12.1 9.9 2.5 8.1 12.3 10.3 2.7 8.3
Qwen-2.5-VL 32B 28.6 21.4 64.3 36.7 33.5 51.5 41.9 39.7 33.0 46.2 44.0 39.4
Qwen-3-VL 8B 45.1 54.5 52.6 49.1 56.7 63.7 66.4 61.9 54.6 62.1 65.3 60.1

Closed-source (API)
ChatGPT-4o 12.5 15.8 8.3 12.7 9.0 6.5 0.7 3.9 9.6 8.0 1.3 6.2
Gemini-2.5-Pro 57.1 25.0 40.0 43.8 39.3 42.4 42.6 41.3 41.1 40.5 42.4 41.5

Open-source (Finetuned / Ours)
Qwen-2.5-VL 7B + SFT 12.5 15.4 3.6 10.7 12.8 9.9 3.3 8.7 12.7 11.2 3.4 9.1
Qwen-3-VL 8B + SFT 76.3 54.5 73.7 72.0 65.9 71.4 70.6 68.8 68.9 67.9 71.0 69.3
Qwen-2.5-VL 7B + SFT + RL 12.1 15.4 3.5 10.3 12.8 9.9 4.2 9.0 12.7 11.2 4.1 9.3
Qwen-3-VL 8B + SFT + RL 77.4 57.1 63.2 68.8 70.6 73.9 77.4 73.8 70.1 71.6 76.0 72.6

Table 2. Performance of various VLMs on CounterVQA across three difficulty levels and two interaction types. Our finetuned models
(SFT and SFT+RL) achieve the highest accuracy overall.

tual reasoning transfer. Qwen-3-VL-8B’s higher baseline
provides a better foundation for cross-modal transfer and
reinforcement stages.Specialized post-training is more im-
portant than scale. Qwen-3-VL-8B (60.1%) already sur-
passes larger models such as Qwen-2.5-VL-32B (39.4%)
and Gemini-2.5-Pro (41.5%), highlighting that architecture
and training objectives matter more than parameter count.
With CFGPT, Qwen-3-VL-8B reaches 72.6%, outperform-
ing these larger models by over 30 points. It shows that
targeted post-training is essential for strengthening counter-
factual reasoning in videos, whereas simply scaling model
size or relying on general purpose training is insufficient.
Additional ablations study and error analysis are provided
in Appendix B.

5. Related Work

Vision Language Models. Early large-scale VLMs con-
nect pretrained vision encoders with LLMs and learn to
align modalities through lightweight adapters or instruction
tuning. Representative lines include Flamingo, which in-
terleaves image/video tokens with text for few-shot multi-
modal prompting [2]; PaLI/PaLI-X that scale both the vi-
sion and language components jointly [8, 9]; BLIP-2 that
freezes the image encoder and LLM while learning a Query-
ing Transformer as a bridge [25]; and instruction-tuned sys-
tems such as LLaVA that distill multimodal instruction-
following behaviors [28]. Recent open models introduce
dynamic-resolution tokenization and unified image–video
processing, improving long-video comprehension [3, 35].
Counterfactual Reasoning in VLMs. Counterfactual rea-
soning probes whether a model can answer “what if” ques-
tions beyond mere pattern association. Recent datasets
for images (e.g., C-VQA) explicitly inject counterfactual
presuppositions and show that state-of-the-art VLMs still
struggle on counterfactual queries despite strong perceptual
skills [46]. Related benchmarks [1, 42] demonstrate that
models often fail when causal, hypothetical, or distribution-

shift reasoning is required. Contemporary work also ex-
plores counterfactual fine-tuning objectives for VLMs to
improve semantic discrimination and causal robustness, in-
dicating that exposing models to minimally edited pairs can
help disentangle spurious cues [45]. Overall, the gap be-
tween visual recognition and robust counterfactual infer-
ence remains a key challenge.
Benchmarks for Video Understanding and Counterfac-
tual Reasoning. A line of video reasoning benchmarks
stresses temporal/causal structure. CLEVRER introduces
synthetic collision videos with descriptive, explanatory, pre-
dictive, and counterfactual questions, catalyzing research
on causal video QA [40]. CATER focuses on compo-
sitional actions and temporal reasoning [16]. NExT-QA
moves from description to explanation, grouping ques-
tions into causal and temporal categories over real videos
[37]. For physically grounded causal reasoning, the Phys-
ion benchmark evaluates predictions of physical outcomes
from videos [4]. Very recent video QA benchmarks fore-
ground hypothetical/anticipation/counterfactual queries on
real-world scenarios, and consistently report a large hu-
man–model gap [11, 15]. Causal reasoning benchmarks
like CLADDER [21] and CounterBench [10] show LLMs’
weaknesses in multi-step and counterfactual inference. Re-
cent benchmarks such as Causal-VidQA, Black Swan, and
FunQA [12, 24, 38] extend video understanding beyond
recognition. In contrast, CounterVQA focuses specifically
on video-grounded counterfactual reasoning with explicit
causal graphs and progressive difficulty control.

6. Conclusion

We introduce CounterVQA, a benchmark for evaluat-
ing counterfactual reasoning in VLMs. It reveals sub-
stantial gaps in current models and motivates CFGPT, a
post-training framework that aligns reasoning with video-
grounded causal structures. Extensive experiments demon-
strate consistent improvements across models.
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