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Abstract

Pedestrian anomaly behavior retrieval requires
disambiguating subtle anomalous actions from
routine ones using natural language. Existing
cross-modal alignment methods often struggle
with confounding biases: visual entanglement
(dominant environments overshadowing target
actions) and textual biases (limited stylistic di-
versity). These spurious correlations lead to
erroneous matches among visually similar but
semantically distinct samples. To address this,
we reformulate the task from a causal interven-
tion perspective. We propose a dual genera-
tive framework leveraging Large Multimodal
Models (LMMs) to break environment-action
and style-text confounders. Specifically, we
synthesize causally meaningful hard negatives
to decouple actions from environments, and
augment positive queries with stylistically di-
verse rephrasings to eliminate narrative depen-
dency. Extensive experiments on the Pedestrian
Anomaly Behavior (PAB) benchmark yield
consistent improvements of +1.71% in Re-
call@1 and +1.01% in mAP. Furthermore, zero-
shot evaluation on the out-of-distribution UCC
dataset demonstrates markedly enhanced gener-
alization, achieving +3.23% and +2.46% gains
in Recall@1 and mAP, respectively.The code
is available at https://github.com/issxu/
Causal-Intervention-PAB.

1 Introduction

Pedestrian anomaly behavior retrieval (Li et al.,
2017; Zheng and Zheng, 2024) aims to retrieve
specific pedestrians exhibiting anomalous activi-
ties (e.g., “ falling ” or “ fighting ”) from large-
scale video galleries based on natural language
descriptions. Unlike generic object or person re-
trieval (Philbin et al., 2007, 2008), which primar-
ily matches static attributes such as clothing or
identity, this task requires a fine-grained (Chen

*Corresponding author.

 describe the 
image in details.

Narrative Style Bias

"The image shows... a blue water slide into a pool. One 
child is wearing a pink and blue swimsuit, while the other 
is in a patterned swimsuit. ... standing nearby, watching 

the children. The background .. trees and a fence."

Template

 "[a pink and blue 
swimsuit], 

[patterned swimsuit]  
[a fence]."

"... [turquoise]  One 
child wears [a pink 
top and patterned 
bottoms]... under a 

[cloudy sky]."

"...[young girls],
[arms raised,

[arms outstretched]."

 "[ahead] ,
and one [behind],
 [shirtless adult] "

"... [higher up]... 
while ..[lower, closer 
to the splash zone]...  

[overcast sky]..."

Visual Context Confounder

.. teal water slide into a pool. One child is 
wearing [a green and yellow swimsuit], 

while the other is in a striped swimsuit. An adult 
in a [purple swimsuit and a bowler hat].. 

"The image shows two children [floating 
upside down in mid-air above the 
blue water slide], as if defying gravity. 

One child is wearing a pink and blue...

Action 
Modified:

Person floating

Environment
 Modified:

Person wearing

Same Environment

 Shared Environment (Confusing!)
    Fail to Distinguish Action.

Not Matched

"The two girls are 
sliding down the water 
slide head-first on their 

stomachs."

“One girl jumps from 
the top while another 
sits at the bottom of 

the water slide.”

Annotator fo
llow 

the template

 Fixed Template
   Prone to Overfitting.

Matched

Ours

Existing Challenge

The image shows [Subject] 
[State/Action]. [Specific Details]. 

[Surrounding Elements] are 
[Position/State]. The 

background features [Setting].

Figure 1: Motivation. (Top) Existing methods suffer
from confounding biases: limited narrative diversity
causes textual overfitting, while environmental entan-
glement misleads models into global scene matching
rather than fine-grained action distinction. (Bottom) Our
LMM-based causal intervention tackles this by synthe-
sizing diverse positives to break narrative dependencies,
and counterfactual hard negatives to decouple actions
from environments, prioritizing true behavioral cues
over spurious artifacts.

et al., 2023a) understanding of both visual appear-
ance and dynamic behavioral semantics, disentan-
gling subtle anomalous actions from routine ones
within complex scenes. This capability holds sig-
nificant real-world importance in intelligent pub-
lic safety systems. By enabling rapid, text-guided
localization of anomalous events (e.g., detecting
fights, falls, collisions, or suspicious behaviors in
crowded areas, transportation hubs, or urban envi-
ronments), such retrieval supports timely interven-
tion to prevent crimes, mitigate accidents, enhance
emergency response, and improve overall security
monitoring (Yang et al., 2025b). The recent intro-
duction of the Pedestrian Anomaly Behavior (PAB)
benchmark (Yang et al., 2025b) addresses the criti-
cal need for dedicated large-scale resources in this
domain, providing extensive image-text pairs that
unify routine and anomalous pedestrian actions to
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facilitate robust training and evaluation of cross-
modal retrieval models.

While recent VLMs (Zhang et al., 2024a) excel
on general benchmarks, their reliance on statisti-
cal correlations proves unreliable for high-stakes
anomaly retrieval (Chowdhury et al., 2024). We
identify two critical limitations hindering existing
models. First, standard PAB (Yang et al., 2025b)
annotations suffer from semantic sparsity, intro-
ducing a narrative style bias. As shown in Fig-
ure 1, template-induced rigidity causes models to
overfit specific sentence patterns rather than cap-
turing wording-agnostic, invariant action seman-
tics. Second, severe causal entanglement acts as
a visual context confounder. Since actions fre-
quently co-occur with specific environments (e.g., “
sliding down” and “ water slide” in Figure 1),
models learn spurious correlations. They shortcut
to associate environments directly with anomaly la-
bels, neglecting actual causal behavioral cues. Con-
sequently, the combination of narrative and visual
biases leads to poor generalization, particularly in
Out-Of-Distribution (OOD) scenarios.

To tackle these confounding effects, we shift
from observational likelihood matching to causal
intervention. Rather than modifying complex ar-
chitectures, we propose a data-centric dual gen-
erative causal intervention framework to decon-
found the learning objective (Louizos et al., 2017)
via two strategic mechanisms. First, to eliminate
narrative style bias, we implement Semantic Inter-
vention by constructing causally consistent posi-
tives via Multi-Caption Augmentation. This pre-
vents visual-text alignment from overfitting fixed
templates, enforcing robust and invariant repre-
sentations. Second, to eliminate the visual con-
text confounder, we perform Counterfactual Inter-
vention. Leveraging Large Multimodal Models
(LMMs), we synthesize two types of hard nega-
tives: (i) Action-Specific Counterfactuals, which
alter motion verbs (e.g., changing sliding down
” to jumping ”) within identical contexts to isolate
the Action; and (ii) Environment-Specific Counter-
factuals, which swap visual attributes (e.g., cloth-
ing, background) while preserving actions to break
the spurious Environment-Label link. Contrasting
queries against these causally consistent positives
and counterfactual negatives compels the model to
encourages disentanglement between behavioral
cues and environmental noise. Finally, evalua-
tions on the PAB (Yang et al., 2025b) benchmark
and an unseen OOD test set, UCC (Yang et al.,

2025b) (extracted from UCF-Crime (Sultani et al.,
2018)), demonstrate that our strategy significantly
improves retrieval accuracy and generalization over
observational baselines. To sum up, our main con-
tributions are as follows:

• We analyze fine-grained pedestrian anomaly
retrieval from a causal perspective, identify-
ing two overlooked confounding biases: visual
environment-action entanglement and textual nar-
rative style bias. These biases commonly cause
mismatches among visually similar yet behav-
iorally distinct samples.

• We propose an architecture-agnostic generative
causal intervention framework leveraging LMMs
to synthesize causally decoupled hard negatives
(action-/environment-specific) and stylistically
diverse positives. This forces the model to learn
invariant behavioral cues over spurious correla-
tions.

• Extensive experiments on the PAB bench-
mark (Yang et al., 2025b) and the OOD UCC test
set validate our method’s superiority. It achieves
89.73% R@1 and 94.56% mAP on PAB (with
+1.71% and +1.01% relative gains), and yields
even more pronounced zero-shot improvements
on UCC (+3.23% R@1, +2.46% mAP), exhibit-
ing exceptional generalization and transferability.

2 Related Work

Pedestrian Anomaly Behavior Retrieval. This
task (Chen et al., 2020; Gan et al., 2020; Li et al.,
2020b,a, 2019) aims to locate specific pedestrian
images using natural language queries. Unlike gen-
eral cross-modal retrieval (Duan et al., 2023; Wang
et al., 2020; Yao et al., 2023) targeting broad se-
mantics, it requires capturing subtle visual cues like
clothing, accessories, and crucial motion details.

Existing approaches (Bai et al., 2023; Han et al.,
2021; Jiang and Ye, 2023; Yang et al., 2025b) gen-
erally utilize dual-stream (Mao et al., 2021; Wu
et al., 2024) or single-stream (Khan et al., 2022) ar-
chitectures. While dual-stream methods enable ef-
ficient large-scale retrieval (Chen et al., 2023b) via
independent embedding spaces, they struggle with
fine-grained region-word alignments. Conversely,
single-stream methods mitigate this by modeling
dense token-level interactions, significantly improv-
ing accuracy at the cost of higher computational
complexity.
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Generalizable VLP models (Li et al., 2021; Rad-
ford et al., 2021; Zhang et al., 2024b; Guo et al.,
2023; Luo et al., 2023) are increasingly adapted
to pedestrian retrieval (Yang et al., 2025b), along-
side LLMs (Li et al., 2022, 2023a) and LMMs (Liu
et al., 2023; Achiam et al., 2023; Dai et al., 2023)
synthesizing diverse training data to enrich seman-
tic spaces. However, existing methods (Niu et al.,
2024; Wang et al., 2024; Ramshetty et al., 2023) fo-
cus on static attributes and neglect behavior-context
couplings, struggling to distinguish subtle actions
from backgrounds. In contrast, our framework em-
ploys fine-grained counterfactual mining to explic-
itly deconfound anomaly behaviors from environ-
mental and stylistic biases.
Causal Inference in Vision-Language Learning.
Causal inference (Pearl, 2010, 2009) eliminates
spurious correlations (e.g., associating pools with
falling) that cause out-of-distribution (OOD) fail-
ures. To overcome confounding biases, Structural
Causal Models (SCMs) and the backdoor crite-
rion (Neuberg, 2003) block non-causal paths via
interventions P (Y |do(X)), forcing models to dis-
entangle causal features via counterfactual reason-
ing. Recently, causal interventions have improved
multimodal tasks (Su et al., 2025; Li et al., 2023b),
including VQA (Niu et al., 2021; Salemi et al.,
2023), Scene Graph Generation, and image-text
matching (Liu et al., 2021). Extending this to pedes-
trian anomaly retrieval, we identify narrative style
and background context as key confounders. To
establish robust causal links, we synthesize coun-
terfactuals via generative hard negative mining, al-
tering specific actions or environments. Unlike
prior works, this approach simultaneously miti-
gates stylistic and environmental biases.

3 Methodology

3.1 Problem Formulation & Causal Analysis

Standard Formulation. LetD = {(Ii, Ti)}Ni=1 de-
note a fine-grained anomaly retrieval dataset. The
goal is to learn a mapping function f(I, T ) that
aligns the visual manifestation I with the textual
description T for semantic similarity ranking. How-
ever, in fine-grained scenarios, representation learn-
ing often suffers from poor generalization due to
visual and textual confounding factors.

Structural Causal Model. To diagnose this fail-
ure, we formulate the data generation mechanism
as a Directed Acyclic Graph (DAG) (Figure 2),
with variables defined as follows:

S
Narrative Style

(a) Observational Paradigm Biased (b) Interventional Paradigm (Ours)

E
Environment

A
Anomaly Action

I
Image

S
Narrative Style

T
Text Description

E
Environment

A
Anomaly Action

I
Image

confounding bias Defounding via 
Negatives

Causal Link
via Hard 

Negatives

T
Text Description

Cut Style Bias

Figure 2: The Structural Causal Model for Fine-Grained
Anomaly Retrieval. (a) Observational Paradigm: Vi-
sual context E introduces spurious correlation (E → A),
while narrative style S biases text T (S → T ). (b)
Interventional Paradigm (Ours): We cut the style
bias (S ↛ T ) via Multi-Caption Augmentation and
break the context confounding (E ↛ A) via Counter-
factual Intervention, thereby enforcing the true causal
link (A→ I).

• E (Visual Context Confounder): Environmen-
tal setting dictating I’s background (E → I).

• A (Anomaly Action): Core semantic content
dictating I’s foreground (A→ I).

• I (Image): Governed by both action and environ-
ment (A→ I ← E).

• S (Narrative Style Bias): Annotators’ linguistic
patterns (e.g., fixed templates).

• T (Text): Governed by both image and narrative
style (S → T ← I).

The Observational Paradigm (Biased). As
illustrated in Figure 2(a), the observational data
exhibits a strong confounding bias (E → A). Cer-
tain actions are statistically bound to specific en-
vironments (e.g., “sliding down” predominantly
occurs on a “water slide”). This spurious associa-
tion opens a backdoor path A ← E → I . Conse-
quently, the model exploits environmental cues (E)
as shortcuts for action recognition, confounding
the true behavioral signal (A → I). Simultane-
ously, the textual query T suffers from narrative
style bias (S → T ). Due to annotation sparsity, T
is rigidly governed by I and S. Lacking diverse ex-
pressions, the model overfits to specific linguistic
templates, failing to isolate core action semantics
from surface-level phrasing.

The Interventional Paradigm (Ours). To
achieve robust retrieval, we propose a Generative
Causal Intervention framework (Figure 2(b)) to
eliminate these biases. First, we implement the
intervention do(A) by synthesizing action-specific
counterfactuals (associating context E with a con-
flicting action A′). This effectively severs the con-
founding link E → A and deprives the model of
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Grid

Input Image

Base Caption TPos:
...falling on driveway...

TAct:
...running on driveway...

Image Patches

TEnv:
...falling on concrete...

“..rides scooter 
on driveway.He 
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green t-shirt, 
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background  
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Visual 
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"describe the scene, 
including who is ... 
are doing, clothing,  

background."

"replace... main 
action ...physically 
impossible or ... 
verbs, keeping 

appear.. details."

"modify... visual 
attributes and colors, 

keeping the action 
verbs exactly 
unchanged."

Cross-
Attention

Act Prompt Pos Prompt

Env Prompt

(a) Dual Generative Causal Intervention (b) Cross-Modal Representation Learning (c) Optimization

Figure 3: Overview of our Generative Causal Intervention framework. (a) Dual Generative Causal Intervention:
An LMM synthesizes multi-style positives and counterfactual hard negatives to sever narrative style and context
biases. (b) Cross-Modal Representation Learning: Visual and textual inputs are processed via a dual-stream
encoder and cross-attention fusion. (c) Optimization: Alongside standard objectives, our proposed Lhard optimizes
a disentangled metric space by pulling causally consistent positives toward the image anchor while explicitly
pushing away action and environment confounders.

the environmental prior P (A|E). Thus, the model
is compelled to shift its attention from global scene
statistics to localized motion cues, establishing a
robust causal link A → I . Second, we mitigate
style bias via Multi-Caption Augmentation. By us-
ing LMMs to diversify linguistic patterns in T , we
approximate the marginalization over the latent dis-
tribution of S. This breaks the deterministic depen-
dency S → T , ensuring the visual-text alignment
is driven by invariant action semantics A rather
than template-induced rigidity.

3.2 Semantic Intervention via Multi-Caption
Augmentation

Motivation. As analyzed in the Introduction, the
standard annotations suffer from Narrative Style
Bias (S → T ). The template-induced rigidity
limits the semantic embedding space, causing the
model to overfit to specific sentence patterns rather
than capturing the invariant action semantics. To
cut the link S → T and deconfound the narrative
style, we implement Semantic Intervention.

Multi-Caption Augmentation. We leverage
LMMs to generate a diverse set of captions Tpos =
{T 1, . . . , TK} for each image. To break the fixed
narrative structure of the original dataset, we design
a diverse prompting strategy that varies the instruc-
tional focus while keeping the semantic content
invariant. Specifically, we utilize the core prompt:
“Based strictly on the visual content, generate a con-
cise and accurate caption following this guidance:

‘[template]’. Describe only what is clearly visible.
Do not invent details or repeat information.” To ef-
fectively marginalize the style variable S, we cycle
through four distinct guidance templates to perturb
the narrative perspective:

• Scene-focused: “Describe the scene, including
who is present, what they are doing, their cloth-
ing, and the background.”

• Event-focused: “What is happening? Mention
the location, the people, their actions, attire, and
key background details.”

• Summary-focused: “Summarize the image: envi-
ronment, number of people, their activity, cloth-
ing, and surroundings.”

• Setting-focused: “Give a clear description of the
setting, the individuals, their actions, and visible
background elements.”

By training on this expanded set, we effectively
marginalize over the variable S:

ES [P (T |I, S)] ≈ P (T |I). (1)

This operation computationally severs the depen-
dency S → T , preventing the visual-text alignment
from being trapped in specific narrative patterns.

3.3 Counterfactual Intervention via Hard
Negatives

Motivation. The most critical challenge is the
Visual Context Confounder (E → A). To elimi-
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nate this confounding effect and strengthen the true
Causal Link (A→ I), we perform Counterfactual
Intervention. We achieve this through Generative
Hard Negative Mining based on counterfactuals.

Counterfactual Synthesis. We synthesize two
types of hard negatives to approximate the inter-
vention do(A):
1) Action-Specific Counterfactuals (Cutting
E → A): We synthesize captions describing a
conflicting action A′ within the same visual envi-
ronment E (e.g., altering “sliding down a water
slide” to “jumping on a water slide”). By introduc-
ing instances where E is present but A is absent,
we explicitly break the spurious correlation (e.g.,
that “water slide implies sliding”). This penalizes
the model for relying on environmental shortcuts
and forces it to isolate the true action.
2) Environment-Specific Counterfactuals (Re-
fining A → I): We preserve the same action A
but swap visual attributes (e.g., clothing color or
static background). This intervention breaks the
spurious link between the environment and the la-
bel, ensuring the established causal link A→ I is
robustly grounded in fine-grained behavioral cues
rather than static environmental noise.

By optimizing against these counterfactuals, we
force the model to explicitly disentangle causal
behavioral cues from environmental noise.

3.4 Optimization Objectives

Our framework intervenes purely at the training
data distribution and loss landscape. This design
ensures compatibility with existing VLM pipelines
and scales linearly with dataset size. Without loss
of generality, we adopt a competitive baseline, i.e.,
X2-VLM (Zeng et al., 2024) as our backbone,
which comprises vision, text, and fusion modules
(Figure 3). The training integrates basic multi-
modal objectives with our causal intervention loss.

Base Objectives. Following X2-VLM, the back-
bone is optimized via three standard losses:
1) Image-Text Contrastive (ITC) Loss aligns nor-
malized visual (v) and textual (t) features via sym-
metric cross-entropy with temperature τ :

Litc = −1
2E(I,T )

[
log ev

T t/τ
∑

T ′ ev
T t′/τ + log et

T v/τ
∑

I′ e
tT v′/τ

]
,

(2)
2) Image-Text Matching (ITM) Loss predicts the
matching probability p̂ (with ground-truth y) us-
ing the fusion module, enhanced by in-batch hard

negative mining:

Litm = E(I,T )∼Dhard
[−y log p̂− (1− y) log(1− p̂)] ,

(3)
3) Masked Language Modeling (MLM) Loss
reconstructs randomly masked text tokens (T̂ ) con-
ditioned on the image I:

Lmlm = −E(I,T̂ )

[ ∑

i∈mask

logP (ti|T̂ , I)
]
, (4)

Causal Intervention Loss (Ours). While ITM
uses in-batch negatives, random batch samples
rarely provide the fine-grained counterfactual con-
flicts needed to correct causal biases. To bridge this
gap, we propose a Generative Hard Negative Min-
ing Loss (Lhard). For an image I , we construct
a triplet comprising a positive text Tpos and two
synthesized counterfactuals: the action-specific
(Tact) and environment-specific (Tenv) negatives
(Figure 3). At each training iteration, Tpos is ran-
domly sampled from the augmented set Tpos (Sec-
tion 3.2) to continuously decouple narrative styles.
We optimize the model to discriminate the posi-
tive pair from these semantic confounders using a
categorical cross-entropy loss:

Lhard = − log

(
exp(s(I,Tpos)/τhard)

exp(s(I,Tpos)/τhard)+
∑

k∈{act,env}
exp(s(I,Tk)/τhard)

)

(5)
where τhard (e.g., 0.05) sharpens the decision
boundary. By aggregating scores from both coun-
terfactuals (k ∈ {act, env}) in the denominator,
this loss explicitly penalizes the model for exploit-
ing background context (Tact) or static environment
features (Tenv) as shortcuts when the core action
mismatches.

Causal Interpretation of Lhard. Our causal in-
tervention loss can be formally grounded in the
backdoor adjustment criterion. In the observa-
tional SCM (Figure 2(a)), the target causal link
A→ I is confounded by the backdoor path A←
E → I . Causal identification requires estimat-
ing P (I | do(A)) =

∑
e P (I | A, e)P (e), which

marginalizes over the environment E. Standard
contrastive objectives implicitly optimize P (I |
A,E), retaining environmental shortcuts. In con-
trast, Lhard (Eq. 5) approximates the backdoor
adjustment through structured negative sampling.
By explicitly constructing Tact (holding E fixed,
varying A) and Tenv (holding A fixed, varying E),
the loss creates a localized probability distribution
that penalizes spurious correlations. Optimizing
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Lhard minimizes the conditional mutual informa-
tion I(f(I);E | A) while maximizing I(f(I);A),
effectively driving the encoder toward representa-
tions that satisfy f(I) ⊥ E | A. The temperature
parameter τhard further sharpens the gradient, en-
suring that the model learns the invariant causal
effect P (I | do(A)) rather than the observational
likelihood P (I | A,E). Thus, Lhard serves as
a differentiable proxy for causal deconfounding
within a contrastive learning objective.

Total Objective. The final training objective is
a weighted sum:

Ltotal = Litc + Litm + Lmlm + λLhard. (6)

where λ is the weight of Lhard.

4 Experiments

We conduct comprehensive experiments on the
large-scale PAB benchmark and an unseen (OOD)
test set to evaluate the effectiveness of our approach.
Specifically, our empirical analysis aims to answer
the following 3 research questions:

• RQ1: How does our proposed dual generative
causal intervention framework perform on the
fine-grained PAB retrieval task compared with
state-of-the-art baselines?

• RQ2: How does each component of our method
(i.e., Semantic Intervention via Multi-Caption
and Counterfactual Intervention via Hard Nega-
tives) contribute to the retrieval performance?

• RQ3: How is the generalization and transfer-
ability of our model when facing unseen (OOD)
scenarios?

4.1 Experimental Setup
Datasets. We evaluate our framework on two pub-
licly available benchmarks to assess in-domain per-
formance and out-of-distribution (OOD) general-
ization:

• PAB Benchmark (Yang et al., 2025b): Used for
in-domain evaluation. We train on the 0.1M sub-
set for efficiency and test on the standard 1,978
real-world image-text pairs.

• UCC (OOD Test Set) (Yang et al., 2025b): Com-
prising 5,320 image-text pairs extracted from
UCF-Crime (Sultani et al., 2018). We use UCC
strictly for zero-shot evaluation to rigorously ver-
ify transferability to unseen domains.

Evaluation Metrics. Following standard proto-
cols (Jiang and Ye, 2023; Yang et al., 2025b), we
measure text-to-image retrieval performance using
Recall at K (R@1, R@5, R@10) and mean Aver-
age Precision (mAP).
Implementation Details. We implement our
framework in PyTorch with an X2-VLM (Zeng
et al., 2024) backbone on a single NVIDIA A100
(80GB) GPU. Images are resized to 224 × 224.
Models are trained for 100 epochs using the
AdamW optimizer (Loshchilov and Hutter, 2017)
(weight decay 0.01) with a cosine-decayed learning
rate starting at 1× 10−4. For causal intervention,
each image is expanded with 5 augmented posi-
tives and 2 counterfactual hard negatives (action-
and environment-specific). Causal loss hyperpa-
rameters are set to τhard = 0.05 and λ = 0.7.

4.2 Performance Comparison (RQ1)

Tables 1 and 2 summarize our comparisons on the
PAB and OOD-UCC benchmarks.

Performance on PAB Benchmark (In-Domain).
General VLMs (e.g., CLIP (Radford et al., 2021))
and specialized methods (e.g., IRRA (Jiang and
Ye, 2023), RaSa (Bai et al., 2023)) struggle with
fine-grained anomalies, yielding suboptimal R@1
(Table 1). While the X2-VLM (Zeng et al., 2024)
baseline is competitive, it remains hindered by en-
vironmental confounders.

Conversely, our framework significantly elevates
all metrics, achieving 89.73% R@1 (+1.71%) and
94.56% mAP (+1.01%) over X2-VLM (Zeng et al.,
2024). This confirms that our causal interven-
tion helps the model to prioritize subtle behav-
ioral cues (e.g., "falling" vs. "lying") over spurious
background correlations, ensuring a robust visual-
semantic alignment.

Performance on UCC Benchmark (OOD). To
assess generalization under distribution shifts, we
conduct a zero-shot evaluation on the unseen UCC
dataset (Table 2). While most methods suffer se-
vere performance drops due to overfitting to the
source domain, our framework demonstrates su-
perior transferability, achieving 73.74% R@1 to
outperform the baseline. This firmly confirms
our causal analysis: explicitly mitigating Narrative
Style Bias and deconfounding the Visual Context
Confounder enables the model to capture invariant
causal behavioral cues, ensuring robustness across
diverse datasets.
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Table 1: Performance comparison on the PAB bench-
mark (In-Domain). The best results are highlighted in
bold.

Method R@1 R@5 R@10 mAP

Pure pretraining

MRA (Yang et al., 2025a) 9.91 23.66 31.45 17.15
RaSa (Bai et al., 2023) 21.74 27.30 27.96 24.35
WoRA (Sun et al., 2025) 22.25 45.91 53.54 33.39
APTM (Yang et al., 2023) 22.90 45.80 52.38 33.56
CAMeL (Yu et al., 2025) 24.47 50.00 58.75 36.75
IRRA (Jiang and Ye, 2023) 30.59 59.61 68.91 44.41
CLIP (Radford et al., 2021) 47.57 81.55 89.03 62.73

Pretrain-then-Finetune

MRA (Yang et al., 2025a) 70.53 94.69 97.47 81.59
APTM (Yang et al., 2023) 72.14 95.30 97.17 82.78
CAMeL (Yu et al., 2025) 74.30 96.79 98.84 84.20
WoRA (Sun et al., 2025) 74.47 96.82 98.48 84.60
IRRA (Jiang and Ye, 2023) 76.39 97.62 99.14 86.33
CLIP (Radford et al., 2021) 77.60 98.84 99.75 87.35
RaSa (Bai et al., 2023) 80.79 98.89 99.65 89.20
CMP (Yang et al., 2025b) 82.62 98.58 99.34 90.14
CMP + Ours 86.55 (+3.93) 99.09 (+0.51) 99.34 (+0) 92.48 (+2.34)
X2-VLM (Zeng et al., 2024) 88.02 99.60 99.80 93.55
X2-VLM + Ours 89.73 (+1.71) 99.69 (+0.09) 99.79 (-0.01) 94.56 (+1.01)

Table 2: Generalization performance on the unseen
UCC (UCF-Crime) test set (OOD). The best results
are highlighted in bold.

Method R@1 R@5 R@10 mAP

APTM (Yang et al., 2023) 27.86 40.41 46.77 22.61
IRRA (Jiang and Ye, 2023) 40.28 57.24 65.98 33.53
CLIP (Radford et al., 2021) 51.60 68.31 76.43 43.05
RaSa (Bai et al., 2023) 54.12 70.32 75.96 39.71
CMP (Yang et al., 2025b) 52.01 67.53 73.32 39.65
CMP + Ours 54.62 (+2.61) 67.55 (+0.02) 73.74 (+0.42) 40.63 (+0.98)
X2-VLM (Zeng et al., 2024) 70.51 82.99 87.41 54.17
X2-VLM + Ours 73.74 (+3.23) 85.62 (+2.63) 89.47 (+2.06) 56.63 (+2.46)

4.3 Ablation Studies (RQ2)

To answer RQ2, we conduct a step-by-step abla-
tion study on the PAB dataset (Table 3) to verify
the contributions of Semantic Intervention (Multi-
Caption Augmentation) and Counterfactual Inter-
vention (Hard Negatives).

Effectiveness of Semantic Intervention. Expand-
ing the single caption to 5 augmented captions (M-
Cap, Row 2) boosts R@1 from 88.02% to 88.98%
over the baseline. This confirms that marginalizing
over diverse linguistic styles effectively mitigates
narrative style bias, enabling the model to focus
on invariant semantic content.
Ineffectiveness of Traditional Data Augmenta-
tion. Integrating Easy Data Augmentation (EDA,
Row 3) with M-Cap drops R@1 to 88.82%. Tradi-
tional word-level random modifications (e.g., ran-
dom deletion) often destroy the delicate semantic
structure of anomalous actions. This highlights
the necessity of our Generative Causal Intervention
(Row 6), which carefully manipulates counterfac-
tuals while preserving core logical structures.

Synergy of Counterfactual Interventions. In-
terestingly, partial intervention (adding only Env

Table 3: Ablation study of different components on the
PAB dataset. M-Cap denotes Multi-Caption Augmenta-
tion; EDA denotes Easy Data Augmentation; Env Neg
is Environment-specific Hard Negatives; Act Neg de-
notes Action-specific Hard Negatives.

Components Metrics (%)
M-Cap EDA Env Neg Act Neg R@1 R@5 R@10 mAP

1 - - - - 88.02 99.60 99.80 93.55
2 ✓ - - - 88.98 99.75 99.85 94.14
3 ✓ ✓ - - 88.82 99.75 99.90 94.10

4 ✓ - ✓ - 88.93 99.70 99.90 94.16
5 ✓ - - ✓ 88.32 99.65 99.85 93.76
6 ✓ - ✓ ✓ 89.73 99.69 99.79 94.56

Figure 4: Hyperparameter sensitivity on PAB. mAP
(%) under varying (a) temperature τhard and (b) causal
loss weight λ. Peak performance (94.56%, starred) at
τhard = 0.05 and λ = 0.7 demonstrates the necessity
of a sharp decision boundary and a balanced causal
constraint.

Neg or Act Neg in Rows 4-5) slightly degrades
R@1 compared to M-Cap alone (88.98%). We
attribute this to causal entanglement: since vi-
sual context and action semantics are inextricably
linked, penalizing only one factor causes the model
to over-correct or struggle with the remaining un-
intervened confounders. Thus, a single-sided con-
straint is insufficient to establish a robust causal
link A→ I .

Conversely, applying both interventions simulta-
neously (Row 6) yields peak performance (89.73%
R@1, 94.56% mAP). This strong synergy confirms
that decoupling both potential confounders is vital
for isolating true behavioral cues, making every
framework component indispensable.

4.4 Sensitivity Analysis (RQ3)

To address RQ3, we investigate our framework’s ro-
bustness across varying hyperparameters. Notably,
all configurations consistently outperform the base-
line (93.55% mAP), demonstrating the inherent
stability of our causal intervention.
Impact of Hard Negative Temperature (τhard).
Fixing λ = 0.7, we vary τhard (Figure 4a). Perfor-
mance peaks at 94.56% mAP when τhard = 0.05.
Higher temperatures (> 0.05) drop accuracy below
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Query

Baseline

Ours

Rank1➡ 5

Baseline

Ours

Rank1➡ 5

Query

"The image 
shows a skate 
park scene with 
a person in a 
black t-shirt and 
black pants 
performing a 
trick on a 
skateboard, 
while another 
person in a 
dark shirt with a 
white design 
and black pants 
stands nearby 
holding a 
skateboard."

"A person is 
falling from a 
unicycle to the 
ground on a 
paved path. 
The individual 
is shirtless, 
wearing blue 
jeans and 
sneakers. The 
background 
consists of 
dense green 
foliage with 
some red 
flowers."

Figure 5: Qualitative top-5 retrieval results on PAB. (Left) The baseline is misled by the background context,
retrieving normal riding actions (red boxes), whereas Ours correctly identifies the “falling” anomaly (green boxes).
(Right) The baseline retrieves generic skating within the correct scene but misses the specific “trick”. This confirms
our framework effectively eliminates visual context confounders to capture fine-grained actions.

94.0%, as overly smooth distributions fail to pe-
nalize high-similarity hard negatives. Conversely,
an extremely low temperature (0.01) yields a sub-
optimal ∼ 93.9%, indicating overly aggressive gra-
dients. Thus, τhard = 0.05 strikes the optimal
balance, providing gradients sharp enough to effec-
tively distinguish subtle anomalies.
Impact of Causal Loss Weight (λ). Fixing
τhard = 0.05, we sweep λ (Figure 4b). The model
achieves its global maximum at λ = 0.7 (94.56%
mAP). A small weight (0.1) results in lower per-
formance (∼ 93.8%), as the causal signal is over-
whelmed by base losses. Conversely, pushing λ to
1.0 drops performance to ∼ 94.0%. This indicates
over-regularization, where excessive focus on hard
negatives distorts the general visual-semantic align-
ment. Therefore, λ = 0.7 establishes the optimal
equilibrium.

4.5 Qualitative Analysis

Figure 5 illustrates the top-5 retrieval results for
two challenging queries, providing an intuitive un-
derstanding of how our framework corrects visual-
semantic misalignments.
Case 1: Deconfounding Action from Back-
ground. For the query “falling from a unicycle”
(left), the baseline (Zeng et al., 2024) overfits to
spurious environmental correlations (E → I). It
incorrectly retrieves normal riding actions simply
because they share the dominant green background,
demonstrating a clear vulnerability to visual short-
cuts. Conversely, our model correctly prioritizes
subtle motion cues to retrieve true “falling” anoma-
lies despite the distracting foliage, further validat-

ing the efficacy of Action-Specific Counterfactuals.
Case 2: Distinguishing Fine-grained Attributes.
For the query “performing a trick on a skateboard”
(right), the baseline recognizes the overarching
skate park scene but misses the fine-grained ac-
tion (E → A), retrieving people merely stand-
ing or riding normally without complex dynamic
characteristics. In contrast, our method accurately
retrieves the specific trick (Ranks 1-2) while simul-
taneously matching the correct clothing attributes,
effectively demonstrating our framework’s capacity
to cleanly disentangle subtle behavioral semantics
from coarse environmental contexts.

5 Conclusion

In this paper, we study the generalization failure in
fine-grained pedestrian anomaly behavior retrieval
from a causal perspective. We identify that exist-
ing methods are hindered by Narrative Style Bias
and Visual Context Confounders, leading to models
that rely on spurious correlations rather than true
behavioral semantics. To mitigate these issues, we
propose a plug-and-play dual generative causal in-
tervention framework. Specifically, we implement
Semantic Intervention via Multi-Caption Augmen-
tation to enrich the linguistic embedding space, and
Counterfactual Intervention via LMM-synthesized
Action-Specific and Environment-Specific hard
negatives to explicitly decouple causal behavioral
cues from environmental noise. Extensive experi-
ments on PAB and the unseen OOD dataset (UCC)
validate the effectiveness, superiority, and robust
transferability of our proposed paradigm in distin-
guishing subtle anomalous actions.
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6 Limitations

A primary limitation of our framework lies in its re-
liance on LMMs to synthesize interventional data.
Inherent biases or hallucinations within these foun-
dation models can propagate into the generated cap-
tions. For instance, in complex pedestrian scenes,
the LMM might misinterpret visual details, inadver-
tently producing noisy counterfactuals (e.g., false
negatives) that compromise the causal training ob-
jective. Importantly, this limitation stems from the
visual grounding bottleneck of current off-the-shelf
LMMs, rather than a theoretical flaw in our causal
decoupling mechanism. Additionally, synthesizing
dense multi-caption sets introduces extra compu-
tational overhead during offline data preparation.
Future work will explore automated noise-filtering
mechanisms and leverage evolving LMM architec-
tures to naturally mitigate these biases and further
enhance performance.
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A LMM Prompting Details for
Generative Causal Intervention

To ensure reproducibility, we detail the prompt tem-
plates used for our LMM pipeline. Throughout our
experiments, counterfactual hard negative synthe-
ses are powered by Qwen3-VL-8B. We employ a
multi-turn dialogue strategy to strictly constrain
the LMM’s output, ensuring it decouples causal
links without introducing hallucinated objects. For
brevity, we present the core instructional snippets
below.

A.1 Prompt for Action-Specific
Counterfactuals

To effectively break the causal link between the
visual context confounder and the anomaly action
(E → A), the generated negative action must be a
completely physically impossible or semantically
opposite action given the context, rather than a
mere synonym.

Design Rationale: Absurd vs. Plausible Coun-
terfactuals. An intuitive approach to generating
action negatives would be selecting plausible but
incorrect fine-grained actions (e.g., generating “trip-
ping” instead of “falling”). However, during early
explorations, we found that this strategy severely
harms the contrastive optimization. In fine-grained
anomaly datasets, the visual boundary between
“tripping” and “falling” is highly ambiguous in
static frames. Using such plausible actions often
results in False Negatives—where the generated
negative text actually matches the image visually.
Forcing the model to push away these false nega-
tives confuses the alignment space. Therefore, we
explicitly instruct the LMM to generate actions that
are physically impossible, absurd, or mutually ex-
clusive (e.g., “levitating three feet above the ground”
instead of “falling”). This ensures a definitive True
Negative boundary, providing a clean gradient for
the model to learn that the precise physical pos-
ture of “falling” is completely distinct from the
counterfactual action.

[System]: EXPERT INSTRUCTION FOR CREATING
NEGATIVE SAMPLES. Your task is to generate captions
with actions that are: 1. PHYSICALLY IMPOSSIBLE or
EXTREMELY UNLIKELY in this context. 2. Semantically
OPPOSITE to the original action. 3. Obviously wrong to a
human observer.
CRITICAL RULES: NEVER use synonyms (e.g.,
’holding’→’carrying’). ALWAYS choose actions requiring
a COMPLETELY DIFFERENT PHYSICAL POSTURE.
[...]

[User]: <Image Input> Original caption: {origi-
nal_caption}

[Assistant]: I understand. I will replace the main action
to create a COMPLETELY DIFFERENT SCENE without
using synonyms, while keeping appearance intact. [...]

[User]: FINAL INSTRUCTIONS:
1. Identify the MAIN ACTION and OBJECT(S).
2. Replace ONLY the main action with something PHYSI-
CALLY IMPOSSIBLE or ABSURD, requiring a DIFFER-
ENT body posture.
3. Keep ALL appearance details EXACTLY the same.
OUTPUT RULES: Output ONLY the new caption with
the same grammatical structure. Do NOT add or remove
objects.

A.2 Prompt for Environment-Specific
Counterfactuals

To refine the causal link from action to the image
(A→ I) and prevent the model from using clothing
or colors as shortcuts, we strictly lock the action
verbs while perturbing the environment details.

[System]: You are an expert at modifying captions while
preserving specific elements. Your task is to modify ONLY
the appearance details in the given caption while keeping
all action verbs exactly the same. [...]

[User]: <Image Input> Original caption: {origi-
nal_caption}

[Assistant]: I understand. I will modify only the appear-
ance details while keeping all action verbs intact.

[User]: Create a new caption where the APPEAR-
ANCE DETAILS (clothing colors, object colors, physical
attributes) are changed to something plausible but incorrect.
CRITICAL RULE: Keep the main ACTION/VERB EX-
ACTLY the same as the original caption.
OUTPUT RULES: Output ONLY the new caption, no ex-
planations.

B Qualitative Examples of Generated
Counterfactuals

To provide an intuitive understanding of our Gen-
erative Causal Intervention strategy, we present
qualitative examples from the Pedestrian Anomaly
Behavior (PAB) dataset augmented by our LMM
pipeline in Table 4.

For each image, the baseline dataset provides
a single Original Caption. Through our Multi-
Caption Augmentation, we generate diverse posi-
tive descriptions. More importantly, guided by the
causal prompts detailed in Appendix A, we synthe-
size two types of counterfactual hard negatives:

• Action-Specific Negatives (Act Neg): The
model replaces the core action with a physically
impossible, absurd, or semantically opposite ac-
tion, while keeping all appearance and back-
ground details exactly the same. For example,
replacing “holding a spider web” with “violently
smashing the spider web with a hammer”.
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• Appearance-Specific Negatives (Env Neg): The
model swaps clothing colors, object attributes,
and backgrounds to plausible but incorrect de-
tails, while strictly preserving the main action
verbs. For example, changing a “black punching
bag” to a “pink punching bag with glittery purple
lettering”.

These counterfactual examples compel the re-
trieval model to explicitly deconfound behavioral
cues from the visual context, heavily penalizing
models that rely on superficial keyword matching.

C Data Generation Pipeline: Efficiency,
Quality Control, and Statistics

C.1 Computational Overhead

A common concern regarding Generative Causal
Intervention is the computational bottleneck of uti-
lizing Large Multimodal Models (LMMs). In our
framework, the counterfactual synthesis is treated
entirely as an offline pre-processing step. Gen-
erating the augmented dataset (5 positive multi-
captions and 2 counterfactual hard negatives per
image) for the entire 0.1M PAB training subset re-
quired approximately 72 hours (3 days) on a single
NVIDIA RTX 4090 (24GB) GPU using the Qwen3-
VL-8B model. This indicates that our data-centric
intervention is highly accessible and does not add
any computational overhead to the actual training
or inference phases of the retrieval model.

C.2 Quality Control and Filtering Strategy

While LMMs are powerful, their raw outputs of-
ten contain conversational artifacts (e.g., “Here is
the modified caption:”, or internal thinking pro-
cesses). To ensure the purity of the semantic space,
we deployed a rigorous post-processing filtering
strategy:

1. Rule-based Parsing: We utilize regular ex-
pressions to strip conversational prefixes and
suffixes, strictly extracting the core descriptive
strings. Captions containing refusal phrases
(e.g., “I cannot generate...”) were filtered and
regenerated.

2. Human Evaluation: We randomly sampled
100 generated positive-negative triplets for
manual inspection. The human evaluation
confirmed high quality: the counterfactuals
logically manipulated the target attributes (ac-
tion or appearance) without breaking the over-

all grammatical structure. Even the deliber-
ately “absurd” actions (e.g., levitating) inte-
grated seamlessly into the syntax of the origi-
nal caption, providing an excellent challeng-
ing negative for contrastive learning without
appearing as garbled text.

C.3 Text Token Length Analysis

To further verify the consistency of the filtered
captions, we analyze the text token lengths. As
illustrated in Figure 6, the word count distribu-
tion exhibits a well-balanced normal distribution.
The average length is 58.78 words, and the 99th

percentile reaches 100 words. This distribution
ensures High Information Density (covering com-
plex anomaly details) and Length Consistency
(preventing the model from learning a spurious
“length bias”). Furthermore, a 99th percentile of
100 words guarantees that the vast majority of our
captions fit within the maximum token limit of stan-
dard Vision-Language Models (e.g., X2-VLM),
avoiding severe semantic truncation.

Figure 6: Word count distribution of the generated
captions. The lengths exhibit a normal distribution
with an average of 58.78 words, ensuring consistent
information density without severe truncation issues
during tokenization.

D Extended Analysis on the Synergy of
Counterfactual Interventions

In Section 4.3 (Table 3), we reported a counter-
intuitive phenomenon: applying partial interven-
tion (only Env Neg or only Act Neg) leads to a
slight performance drop compared to using Multi-
Captions alone. We provide a deeper causal expla-
nation for this behavior here.

In the observational PAB dataset, the visual en-
vironment (E) and the anomaly action (A) are
strongly entangled.

• When we introduce only Environment Negatives
(Env Neg), we force the model to become overly
invariant to the background. However, because
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Table 4: Qualitative examples of the generated counterfactual hard negatives. Differences from the original caption
are highlighted in bold red for Action Negatives and bold blue for Environment/Appearance Negatives.

Scene Image Data Type Caption Text

Example 1
Lawn

(Spider Web)

Original Pos. Two girls are in a grassy area. One girl is kneeling on the grass, wearing a light
gray long-sleeve shirt, dark pants, and light-colored shoes. She is holding a large,
intricate spider web. The other girl is standing, wearing a light gray short-sleeve
shirt, black pants, and brown shoes. She is holding a black object, possibly a tool
or a stick. The background includes a wooden structure and a tree.

Action Neg. Two girls are in a grassy area. One girl is kneeling on the grass, wearing a light gray
long-sleeve shirt, dark pants, and light-colored shoes. She is violently smashing
the spider web with a hammer. The other girl is standing, wearing a light gray
short-sleeve shirt, black pants, and brown shoes. She is holding a black object,
possibly a tool or a stick. The background includes a wooden structure and a tree.

Env Neg. Two girls are in a grassy area. One girl is kneeling on the grass, wearing a bright
neon yellow long-sleeve shirt, lime green pants, and neon pink sneakers. She
is holding a large, intricate spider web. The other girl is standing, wearing a royal
blue short-sleeve shirt, glittery silver pants, and mismatched purple and teal
boots. She is holding a rainbow-striped object... The background includes a
brick structure and a palm tree.

Example 2
Gym

(Boxing)

Original Pos. A man is practicing boxing in a gym. He is wearing a black t-shirt, black shorts,
and black boxing gloves. He is standing in front of a large black punching bag
with gold lettering. The gym has large windows showing a parking lot with several
cars.

Action Neg. A man is practicing boxing in a gym. He is wearing a black t-shirt, black shorts,
and black boxing gloves. He is standing in front of a large black punching bag with
gold lettering. The gym has large windows showing a parking lot with several cars.
He is simultaneously levitating three feet above the ground while screaming
in terror at the punching bag, which is now glowing with neon lights and
emitting smoke.

Env Neg. A man is practicing boxing in a gym. He is wearing a red t-shirt, neon green
shorts, and silver boxing gloves. He is standing in front of a large pink punching
bag with glittery purple lettering. The gym has large windows showing a parking
lot with several cars.
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the model still struggles to clearly define the fine-
grained action boundaries (due to the lack of
Act Neg), stripping away the environmental con-
text removes a "shortcut" the model was relying
on. Without a strong signal to learn the action
itself, the model becomes confused, leading to
optimization instability.

• Conversely, when we introduce only Action Neg-
atives (Act Neg), the model is heavily penalized
for confusing actions, but the background re-
mains a reliable constant. The model adopts a
lazy strategy: it memorizes specific background-
action pairings rather than genuinely understand-
ing the action. This over-regularization distorts
the embedding space.

Applying both interventions simultaneously
breaks this "seesaw effect." It forces the model
into a saddle point where it can neither rely solely
on the background nor ignore it entirely. The joint
constraint compels the embedding space to orthog-
onally decouple the action features from the ap-
pearance features, which is why the full framework
achieves a significant performance rebound.

E Comparison with Standard Hard
Negative Mining

A natural question arises as to why we design a spe-
cific Generative Causal Intervention Loss (Lhard)
rather than employing standard hard negative min-
ing techniques, such as the Triplet Margin Loss
widely used in retrieval tasks.

The standard Triplet Loss focuses on pushing a
mined negative Tmined

neg away from the anchor I by
a fixed margin α:

Ltriplet = max(0, s(I, Tmined
neg )− s(I, Tpos) + α)

(7)
In contrast, our proposed objective is formulated

as a localized InfoNCE loss over a specifically con-
structed counterfactual subset:

Lhard = − log

(
exp(s(I,Tpos)/τhard)

exp(s(I,Tpos)/τhard)+
∑

k∈{act,env}
exp(s(I,Tk)/τhard)

)

(8)
Our Lhard exhibits three fundamental advan-

tages over standard methods for fine-grained
anomaly retrieval:

1. Generative vs. In-batch Mined: Standard
methods mine hard negatives from the mini-
batch. In fine-grained tasks, batch nega-
tives are either too easy (completely different

scenes) or inadvertently represent False Nega-
tives (a different image that actually matches
the text). Our negatives are generatively con-
trolled to differ by exactly one causal variable,
ensuring they are definitive True Negatives.

2. Joint Optimization over Confounders:
Triplet loss treats negatives independently and
stops optimizing once the margin α is met.
Our Lhard creates a joint probability distribu-
tion across the specific confounders (action
and environment). This enforces a continu-
ous gradient that simultaneously balances the
push against both confounders, preventing the
"seesaw effect" discussed in Appendix D.

3. Sharpened Boundary via Temperature:
The inclusion of the low temperature parame-
ter τhard (0.05) aggressively sharpens the de-
cision boundary. Unlike a static margin α,
τhard forces the model to penalize even slight
similarities with the counterfactuals, which
is critical for distinguishing highly similar
anomalous actions.

F Impact of Semantic Expansion Scale
(K)

Due to space constraints in the main text, we
provide a more detailed analysis regarding the
optimal density for Semantic Intervention here.
We evaluated our framework with different num-
bers of augmented positive captions per image,
K ∈ {1, 3, 5, 7}, where K = 1 represents the base-
line without expansion. The results are illustrated
in Figure 7.

1 3 5 7

# Positive Captions K

87.0
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88.0

88.5

89.0

89.5

90.0
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Figure 7: Impact of Semantic Expansion Scale K.
The retrieval performance (R@1) peaks at K = 5, bal-
ancing narrative diversity and semantic accuracy.

Performance Trend. We observe a consistent and
monotonic improvement in R@1 as K increases
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from 1 to 5. Specifically, the performance jumps
from 87.92% (K = 1) to a peak of 89.73% at
K = 5. However, further increasing the scale to
K = 7 results in a noticeable performance drop to
88.27%.

Analysis of Improvement (1 → 5). The signif-
icant gain of +1.81% from K = 1 to K = 5
strongly validates our hypothesis regarding Nar-
rative Style Bias. Since original observational an-
notations often follow a rigid template or human
annotators’ habitual phrasing, a single caption is
insufficient to cover the diverse linguistic structures
a user might employ to describe an anomaly in real-
world queries. By expanding each image into 5
distinct captions with varying sentence structures
and synonyms, the model is forced to marginal-
ize over varying linguistic styles. Consequently, it
learns to map diverse texts to the invariant causal
action semantics rather than overfitting to specific
phrasing patterns.

Analysis of Degradation (5 → 7). The perfor-
mance drop at K = 7 indicates a semantic satu-
ration point. We attribute this degradation to two
primary factors:

1. Information Redundancy: Beyond 5 captions,
the generated descriptions for the exact same
visual content inevitably become semantically
repetitive. The lack of new perspective limits
the marginal benefit of adding more positive
samples.

2. LMM Hallucinations: When the LMM is
forced to generate a high volume of distinct
captions (K = 7) for the same visual input, it
may over-extrapolate and introduce subtle hal-
lucinations or noisy details that deviate from
the true visual evidence. This noise can dis-
rupt the delicate visual-semantic alignment
process during contrastive learning.

Thus, K = 5 represents the optimal equilibrium
between linguistic diversity and semantic precision,
maximizing the deconfounding effect without in-
troducing detrimental noise.
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