
CausalStep: A Benchmark for 
Explicit Stepwise Causal Reasoning 

in Videos

AAAI 2026
January 20 – 27, 2026

Singapore

Dr. Shiyu Hu
• Research Fellow in Nanyang Technological 

University (NTU)
• h8ps://huuuuusy.github.io/
• shiyu.hu@ntu.edu.sg

Scan to download 
this slides

WeChat for the 
first author

https://huuuuusy.github.io/
https://huuuuusy.github.io/


Motivation
Most video reasoning benchmarks focus on percep%on or shallow 
understanding, requiring only the iden%fica%on of relevant frames or context.
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For Perception

Implicit Reason

LimitaCon 1: By providing the en0re video as input, 
these benchmarks allow models to exploit global 
informaCon or shortcut strategies, thereby failing 
to assess true causal and stepwise reasoning. 

Limitation 2: The design of distractor 
options in multiple choice questions is 
often unsystematic, lacking systematic 
coverage of common reasoning errors.

Our Solu(on: CasualStep
A novel benchmark for explicit stepwise causal reasoning



Our Method: CausalStep
We introduce CausalStep,which segments videos into causally linked units and 
enforces a strict stepwise QA protocol, enabling rigorous evalua?on of 
sequen?al, causally grounded reasoning in complex video narra?ves.
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Data Contribution: Explicitly Embedding Causal Structure
• Causal Segmentation: Long videos are segmented into causally linked event units, 

rather than arbitrary clips.
• Causal Question Design: Questions are generated around adjacent causal relations, 

instead of simple perception or frame retrieval.
• Taxonomy-based Distractors: Distractor options are systematically designed based 

on common causal and temporal error types, improving diagnostic power.
→ Preventing shallow understanding based on relevant-frame identification.



Our Method: CausalStep
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Evaluation Contribution: Enforcing Step-by-Step Causal Reasoning
• Strict Stepwise QA Protocol: At each step, the model can only access the current 

causal segment, with no future information.
• Chain Dependency and Restart Mechanism: Any incorrect step breaks the causal 

chain, making stepwise reasoning mandatory.
• Process-level Evaluation Metrics: We evaluate whether models can consistently 

maintain causal chains, beyond question-level accuracy.
→ Systematically eliminating shortcuts enabled by global context.

Data defines what causal structure is, while evalua(on ensures 
that stepwise causal reasoning is the only viable strategy.



Details: Annotation Strategy
Stepwise Reasoning Chain Annota%on
• The reasoning chain begins with the 𝑄!"#$ for the 

segment 𝑆%.
• If the current 𝑄&!"#$ is answered correctly, the chain 

will proceed to the 𝑄$'(#') in the segment 𝑆&*%. If any 
answer is incorrect, the reasoning chain is interrupted. 

• At each step with a 𝑄&$'(#'), the model is provided 
with the current segment 𝑆& and its direct preceding 
segment 𝑆&+%, along with its previously correct 
answer.
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Details: Annotation Strategy
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Taxonomy-Based Distractor Genera%on
• For each quesFon, we first define several typical error types. Distractor opFons 

are then systemaFcally generated to cover these categories.
• GPT-4o generates plausible but incorrect alternaFves that are contextually 

relevant and semanFcally similar to the correct answer.
• Human annotators review and edit these distractors, ensuring they are non-

trivial, factually sound, and that each distractor fits its intended error type and 
maintains comparable plausibility.

Temporal Confusion
Causal Misa1ribu3on

Object / Actor Misrecognition
Irrelevant but Plausible

Surface-level Distrac3on
Negation / Polarity Error

Incomplete Reasonin

Correct Answer



Details: Evaluation Mechanism
CausalStep Evalua%on Framework
• Five key metrics: 

– Chain Success Rate (CSR)
– Average Maximum Chain Length (AMCL)
– Maximum Chain Length (MCL)
– Restart Frequency (RF)
– Weighted Score (WS)

• Two supplementary indicators:
– DescripFve Understanding Accuracy (DUA)
– Isolated Causal Reasoning Accuracy (ICRA)
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Details: Data Statistics
• 100 videos (average duraFon 430.5 seconds, ranging from 149 to 994.4 seconds) 
• 6 diverse categories (Cartoons, Movies & TV Shows, Outdoor Sports, Regular Sports)
• An average of 8.76 causal segments (ranging from 2 to 51 segments per video)
• A total of 1,852 mulSple-choice QA pairs, covering descripFve understanding 

quesFons and causal reasoning quesFons
• Each quesFon averages 8 opSons, including 1 correct answer and 7 challenging 

distractors
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Segments Distribution



Main Results
We provide the performance of a diverse set of open-source and proprietary 
models, alongside human baselines.
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Analysis and Discussion

• A substan%al and persistent gap between current MLLMs and human-
level performance across all diagnos?c metrics, underscoring the 
demanding nature of the CausalStep benchmark.

• Current models struggle to perform accurate causal reasoning when 
presented solely with an isolated segment pair, without the benefit of a 
preceding, correctly established reasoning chain.

• Even the most advanced proprietary models remain considerably behind 
human-level performance.

• We believe that CausalStep will serve as a vital tool to inspire and guide 
the community in pushing the boundaries of video reasoning and 
advancing towards human-level causal intelligence in complex, real-
world scenarios.
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Experimental analysis: MLLMs’ Strengths and Limitations in CausalStep
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