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Abstract. Text-based person anomaly search (TPAS) refers to the task
of retrieving people exhibiting normal or anomalous behaviors from nat-
ural language descriptions. Existing TPAS models often learn a single
joint embedding where appearance, action, and background information
are entangled, causing over-reliance on identity cues, poor alignment for
action-centric queries, and limited semantic connection between actions
and places where they occur. To address these issues, we propose Se-
mantic Decoupled Alignment (SeDA), a disentangled vision—language
retrieval framework that explicitly factorizes both visual and textual
representations into appearance, action, and background components.
SeDA introduces Semantic Token Projection, which derives three se-
mantic queries from the global [CLS] token, softly aggregates modal-
ity tokens relevant to each factor, and recomposes the resulting factor
tokens into a compact retrieval embedding. To enforce factor-specific se-
mantics, we decompose each caption into appearance/action/background
sub-captions and supervise the corresponding tokens with a Feature De-
coupling Loss, combined with contrastive and image-text matching ob-
jectives. On the Person Anomaly Benchmark (1M pairs), SeDA achieves
86.45% R@1 (+1.52 over SOTA), improves average multi-weather R@Q1
by +2.43, and gains +3.74 RQ1 under out-of-distribution evaluation.
https://github.com/ErgastiAlex/SeDA

1 Introduction

The task of retrieving individuals using text descriptions, namely text-based per-
son search (TBPS) [8], is a recent yet particularly relevant task in the current
landscape of information retrieval applications. Compared to image-based re-
trieval, TBPS removes the requirement for visual input and leverages natural
language, which is more intuitive and practical for deployment in real-world
applications. Nevertheless, existing benchmarks, such as [8], [3], and [30], pre-
dominantly focus on personal appearance (e.g., clothing, hairstyle, accessory),
neglecting other semantically rich factors like actions and environmental context.
The latter plays a fundamental role in disambiguating whenever the generic ap-
pearance clues become too ambiguous across individuals.
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Recently, Yang et al. [23] argued that models trained on appearance-centric
datasets struggle to be applicable in real world scenarios where people appear
similar; thus, searching for specific behaviors or places, rather than focusing
solely on static appearance cues, becomes critical. For this reason, they pro-
posed a new task called text-based person anomaly search (TPAS) paired with a
novel dataset (Pedestrian Anomaly Behavior, PAB) that includes highly detailed
descriptions. More in detail, TPAS requires retrieving individuals performing
both normal and anomalous actions, greatly enhancing the semantic complexity
of standard TBPS. Additionally, they also designed a baseline model (Cross-
Modal Pose-aware, CMP) by integrating pose information and hard negative
mining. Nevertheless, CMP neither provided an explicit mechanism to struc-
turally incorporate action information into the learned representation nor ad-
equately modeled the contextual cues in textual descriptions. As a result, the
learned representations remain highly entangled, mixing appearance, action, and
contextual information within shared feature dimensions, preventing the model
from isolating the semantic factors described in textual queries. Consequently,
cross-modal alignment becomes less discriminative, leading to reduced retrieval
precision and poor generalization in TPAS.

In this paper, we aim to address the entanglement problem by proposing a
novel architecture called SeDA for TPAS. Our method explicitly decouples ap-
pearance, action, and background components within both visual and textual
representations. Specifically, we refer to disentangled semantic components as
feature subspaces associated with distinct semantic factors, which are meant to
encode complementary, non-overlapping information. In this way, each compo-
nent focuses on its assigned concept while reducing interference with the others.
To achieve this, we design a Semantic Token Projection (STP) module. STP first
extracts a set of disentangled semantic components and subsequently recombines
them into a compact and discriminative representation. Doing so preserves se-
mantic specificity while maintaining a unified embedding space suitable for cross-
modal retrieval. To enforce the semantic separation between each component, a
Feature Decoupling Loss (FDL) is introduced. This objective leverages a large
language model (LLM) to extract semantically decomposed captions from the
original descriptions, which are then used during training to promote structured
cross-modal representations. Overall, our contributions can be summarized as:

— Explicit semantic decoupling for TPAS. We propose SeDA, a novel
architecture that explicitly decouples appearance, action, and background
factors in both visual and textual modalities, addressing the representation
entanglement issue in existing TPAS approaches. By structurally separat-
ing and recombining semantic factors, our approach reveals that explicitly
splitting the semantic information into precise semantic categories improves
cross-modal alignment and retrieval robustness in the challenging TPAS set-
ting, particularly for action-centric and anomalous queries.

— Semantic Token Projection (STP). We introduce STP, a module that
produces semantically disentangled components and recombines them through
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similarity-aware projection and aggregation, enhancing semantic consistency
and interaction across textual-visual modalities.

— Feature Decoupling Loss (FDL). We design FDL, a loss that leverages
LLM-based caption decomposition to enforce semantic separation during
training and guide structured modality-specific alignment.

2 Related Work

Text-Based Person Search. Text-based person search (TBPS) was first intro-
duced by Li et al. 8] alongside the CUHK-PEDES dataset. By bridging visual
perception and linguistic understanding, TBPS opened a new research direction
at the intersection of computer vision and natural language processing. Follow-
ing the release of CUHK-PEDES, several additional datasets have been proposed
to further advance research in this area, including ICFG-PEDES |[3| and RST-
PRelD [30]. These datasets aim to address the limitations of earlier benchmarks
by providing more diverse identities, richer textual annotations, and more chal-
lenging visual conditions, thereby promoting the development of more robust and
generalizable TBPS models. In addition to the aforementioned datasets, recent
efforts have introduced large-scale synthetic datasets to further enhance back-
bone pretraining for TBPS. The Multi-Attribute and Language Search (MALS)
dataset [24] is a fully synthetic benchmark in which both person images and
their corresponding textual descriptions are generated. In contrast, LUPerson-
MLLM [15] is constructed from real-world person images, while the associated
captions are automatically generated using Qwen [1]. These synthetic datasets
provide scalable and diverse training data, enabling improved vision—language
representation learning and alleviating the high cost of manual annotation. Early
TBPS architectures [1618}|19}26,[28130] were primarily based on dual-branch
frameworks trained from scratch. In these approaches, visual and textual modal-
ities are processed by separate networks, and cross-modal alignment is achieved
through carefully designed loss functions or other mechanisms. More recently,
Yan et al. |20] were the first to systematically investigate the use of pretrained
vision—language models, specifically CLIP [12|, for the TBPS task. By leverag-
ing CLIP large-scale pretraining on image-text pairs, their work demonstrated
significant improvements in cross-modal representation alignment and retrieval
performance. This paradigm shift has sparked growing interest in CLIP-based
TBPS models, and numerous subsequent works [2,/4./5,9] have explored different
adaptation strategies, architectural modifications, and fine-tuning schemes built
upon CLIP [12], BLIP [6], and ALBEF |[7].

Text-Based Person Anomaly Search. In traditional TBPS settings, pedestrians
typically exhibit very limited action variability, with most individuals performing
similar actions, predominantly walking. This lack of action diversity restricts the
applicability of TBPS models in scenarios where behavioral cues are crucial. To
address this limitation, Text-based Person Anomaly Search (TPAS) has recently
been proposed as a more challenging and practically-relevant task.
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In this context, Yang et al. [23] introduced the Person Anomaly Benchmark
(PAB) dataset, which significantly extends the scope of text-based retrieval to in-
clude anomalous human behaviors. The PAB dataset comprises 1,015,583 image—
text pairs annotated with fine-grained action descriptions. Unlike conventional
TBPS datasets, PAB includes 1,000 distinct normal actions, such as walking and
running, as well as 1,600 anomalous actions, including lying on the ground, be-
ing hit, or falling. By explicitly modeling abnormal behaviors, the PAB dataset
enables the study of text-based retrieval under more realistic surveillance condi-
tions, where identifying unusual or suspicious activities is of primary importance.

Although the introduction of the PAB dataset |23] has substantially broad-
ened text-based retrieval to include fine-grained normal and anomalous behav-
iors, TPAS remains less explored than conventional text-based person retrieval.
Most existing approaches are still built by directly adapting TBPS pipelines and
CLIP-based vision-language models, typically learning a single joint embedding
in which appearance, action, and background cues are implicitly mixed. Such en-
tanglement can encourage shortcut learning (e.g., over-reliance on identity-like
or contextual cues) and weaken alignment for action-centric queries, which are
central to anomaly search. These observations highlight the need for structured
representations that separate and align complementary semantic factors across
modalities, motivating our disentangled formulation in the proposed framework.

3 Methodology

In SeDA, whose architecture is shown in Fig. [1} we propose a method to decou-
ple appearance, action, and background in order to address the entanglement
problem inherent in TPAS. Indeed, current solutions tend to focus dispropor-
tionately on person identity while neglecting other distinctive features present in
both captions and images, such as performed actions and background context.

To address this limitation, we introduce a novel formulation for computing
the [CLS| token called STP (Sec. [3.2)), which is designed to disentangle these
semantic attributes across visual and textual modalities. This design prevents the
model from over-prioritizing identity-related information and encourages a more
balanced representation of complementary factors. Furthermore, we propose a
novel loss called FDL (Sec. that explicitly supervises appearance, action,
and background components via semantically decomposed captions.

3.1 Baseline Architecture.

We start from the CMP framework [23| which is based on X-VLM [27]. The
model consists of three main components: a pose-aware image encoder &y, a text
encoder &p, and a cross-modal encoder £¢. The image encoder is based on a
Swin Transformer (Swin-B) [10] and takes as input an RGB image I together
with its corresponding pose map P. The latter is obtained by rendering a set of
detected body joints into a 2D image. The two inputs are jointly processed to
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Fig. 1: Overall framework of SeDA. Given an input image and its corresponding cap-
tion, the caption is first semantically split into appearance, action, and background
components using Qwen (only required during training). Visual and textual fea-
tures are then extracted by modality-specific encoders. The global [CLS| token is pro-
cessed by the proposed STP module to obtain disentangled semantic tokens. These
tokens are explicitly aligned across modalities through contrastive loss L¢, image-text
matching Lrry and Lrrar—sem, masked language modeling loss L, and the pro-
posed Feature Decoupling Loss Lrp.

produce a sequence of visual embeddings: f; = £;(I, P). The pose map explic-
itly injects structural human-body information into the visual representation to
better capture pose-dependent, action-related appearance features. For textual
processing, we employ a BERT-based architecture. The first six transformer lay-
ers are used as the text encoder &7 to extract textual embeddings from a caption
T, fr = Ep(T), while the remaining six layers act as the cross-modal encoder
Ec, where visual and textual representations interact through cross-attention
mechanisms to refine multimodal alignment.

3.2 Semantic Token Projection

To extract structured and decoupled semantic tokens from both image and text
modalities, we introduce the STP module H(-), illustrated in Fig. [2 Given the

output of a modality encoder €y (where M € {I, T} denotes image or text), we

indicate the sequence of token embeddings as fy; = {xESLS]7x}\/I7 23,1k

where xEELS] € R? is the global [CLS] token, d being the embedding dimension,
and {z%,}L | are the remaining token embeddings. Initially, we generate three
semantic queries corresponding to appearance, action, and background directly

from the global representation:

laat” s aai" anf’) = Split (W), W
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Fig. 2: STP architecture. The global [CLS] token is projected through Wy into three
semantic queries, q = [¢7P, ¢, ¢®9]. These queries are used to compute a similarity
matrix with the embeddings. The resulting similarity scores are used to obtain weighted
sums of the embeddings, which are concatenated with the corresponding queries. The
concatenated representations are then projected through W,, obtaining the semantic
features z4PP, 2zt and z®9. Finally, the updated [CLS] token is obtained via the
projection layer W,,. For the image branch, it is computed from the concatenation of
the three semantic features. For the text branch, it is derived from the concatenation
of the three semantic features and the original [CLS]| token.

where WM € R4%34 ig a learnable linear projection for modality M, and Split(-)
divides the projected feature into three equal parts. Then, for each semantic
factor k € {App, Act, Bg}, we compute a similarity score between each token
embedding {x%,}% | and the corresponding semantic query:

alyy = o (ahy - dhy). 2)

where o(-) denotes the sigmoid function. These scores act as soft attention
weights over the token sequence to emphasize modality-specific features rele-
vant to each semantic factor. The weighted aggregation is computed as:

L
~k ik i
Ine =) (g @), (3)
i=1
Then, each disentangled semantic token is obtained by concatenating the seman-
tic query and its aggregated feature, followed by a modality-specific projection:

2 = [ 128 ] Wi, (4)
where WM € R24%d i5 a learnable projection layer and | denotes concatena-
tion. In this way, we obtain three disentangled tokens (i.e., appearance, action,
and background), which are used to compute a generalized [CLS] representation
without over-prioritizing any single component. Finally, the generalized [CLS]
token is obtained by concatenating the semantic tokens and projecting them:

CLS CLS A A CLS A A
AT = [T e e |, AT = [z Wy, )
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where W € R**4 and W € R3¢ As in [23], we exclude x[ICLS] when
computing zECLS] because, in the Swin-B Transformer backbone used in CMP,

the image [CLS] token is defined as the global pooling of the image embeddings.
In our framework, this global token is further used to generate the semantic
queries that produce z}qp P zfet and zfg . Consequently, its semantic content
is implicitly redistributed into these disentangled components. Concatenating
I[ICLS] again would therefore reintroduce mixed, globally entangled information
that overlaps with the semantic tokens, undermining the intended decoupling.
In contrast, we retain x[TC LS) since, in the BERT-based text encoder, it encodes
complementary sentence-level semantics that are not redundantly reconstructed
by the textual semantic components. Thus, for each modality M € {I,T}, we
obtain the structured token set, composed of a general, fused [CLS] token ZEVC;LS]

and 3 semantically specific tokens:

{ZJ[ELS] s Z]?Jpp7 ZJI?/ICt7 Zﬁ[g} = H(fM) (6)

3.3 Feature Decoupling Loss

Without explicit supervision, there is no guarantee that the network will effec-
tively separate the actual semantic factors into the distinct tokens z4PP, z4¢t and
2B9. Therefore, to enforce disentanglement, we introduce FDL, which explicitly
learns to associate each token with its corresponding semantic attribute.

Caption processing. To structurally disentangle semantic factors in the textual
modality, we decompose each caption T into three separate descriptions corre-
sponding to appearance, action, and background, which will be used as anchors.
We use Qwen3-8B [21] for this purpose. The model is prompted as follows:

Given this caption, divide it into three separate descriptions: 1) appearance de-
scription, 2) action description, and 3) background description. Do not add any
information that is not in the original caption. Provide the output in the fol-
lowing JSON format: "appearance”: "...", "action”: "...", "background”: "...".

This procedure outputs three captions: TAPP, T4 and TB9. These struc-
tured textual components are used to supervise the disentanglement of repre-
sentation in both textual and visual embeddings. Note that this step is only
required during training. At test time, splitting the caption is not required as
the model will learn to disentangle the global [CLS] token.

Loss Formulation. Given a caption T and its decomposed components T“PP,
T4 and TB9, we encode them using the shared text encoder £r:

fr=&r(T), fram =Er(TY),  frae =Er(TAY),  fro, = Er(TP9). (7)
Similarly, the image and pose inputs are encoded as:

fr=&(,P). (8)
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All embeddings are projected through the STP, H(-). Specifically, for the
global text and image features fr and f;, we obtain:

CLS A c CLS A c
(A8 we et B0y = H(fr),  {AT P p PY = H () (9)

Similarly, we apply H(-) to the decomposed caption features frapp, frac:, and
frBg, and for each branch, we retain only the semantic token corresponding to its
factor, yielding {z?ﬁgp, 2525, zg 2, 1. For each semantic factor k € { App, Act, Bg},
we align the image token z’f and the text token z? with the corresponding se-
mantic token zéik from the decomposed caption. FDL is then defined as:

o exp(sim(z’;,zkk)/r) exp(sim(z’%,zkk)/T)
Lrp = ZkE{App,Act,Bg} ( 10g zf’zl exp(sim(z;’;,z;;k)/r) - 10g Zle exp(sim(z%,z;k)/r) ? (10>
with 7 = 0.07. As a result of this loss, each token is encouraged to encode
information specific to its designated factor, i.e., appearance, action, or back-
ground, while minimizing interference from other factors. In particular, when
H(-) is applied to a decomposed caption feature (e.g., fraps), the discriminative
information should be concentrated in the corresponding semantic token (e.g.,
zﬁﬁﬁp), whereas the remaining tokens are implicitly discouraged from capturing
unrelated content.

3.4 Image-Text Matching loss

Given an image-text pair (I,7) with their embeddings and [CLS] tokens, the
cross-modal encoder first processes the text through self-attention and feed-
forward layers, then uses it as the query in cross-attention, while the image
features serve as keys and values. The updated [CLS] token produced by the
cross-modal encoder is then projected to a scalar probability p(I, T'), representing
the predicted likelihood that the image and text are semantically matched. This
is optimized against the ground-truth label p(I,T) using a binary cross-entropy:

Liry = —E[p(I,T)logp(I,T) + (1 — p(I,T)) log(1 — p(1, T))] . (11)

where p(I,T) =1 for positive pairs and 0 for negative pairs.

In our framework, this loss is applied not only to the original pair (I,T) but
also to the semantic-specific pairs (I, T4PP), (I,T4<), and (I,T59). We refer
to this extension as the semantic-aware image-text matching loss, denoted by
LT M-sem, defined as the sum of the ITM losses computed for each component:

ACITM—sem = Z ‘C];TM (12)
ke{App,Act,Bg}

By enforcing matching at the appearance, action, and background levels, it pro-
motes fine-grained cross-modal alignment across disentangled semantic factors.
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Finally, we adopt in-batch hard negative mining by sampling mismatched
image-text pairs based on their similarity scores, encouraging the model to focus
on more challenging examples. For the global pair (I,7T), sampling probabilities
are computed from the similarity between normalized zI®ZS! representations,
making harder negatives more likely to be selected. We further extend this strat-
egy to the semantic-specific pairs (I, T4PP), (I, T4), and (I,T59), enabling
factor-level hard negative selection and enhancing discriminative learning.

3.5 Cross-modal Objectives

To align structured visual and textual representations, we adopt a set of cross-
modal objectives that promote both global and semantic-specific consistency

between modalities. Specifically, we employ a contrastive loss L& between z[TC LS)
and ZBCLS}, a masked language modeling loss Ly/ra [5], and the identity-based

hard negative mining |23]. The final loss is then composed as:

L=Lrp+ Lo+ Lirm + Lrrv—sem + Lyvnm (13)

4 Experiments

Training Details. We train SeDA on 4 NVIDIA L40S GPUs, using a mini batch
size of 22 on each GPU for 30 epochs with a learning rate of 1e—4, which linearly
decreases until le— 5, and AdamW [11] as optimizer with a weight decay of 0.01.
We started from the weights of X-VLM |27]. All loss terms have equal weights.

Evaluation metrics. We evaluate our model using standard retrieval metrics.
Specifically, we report Rank@K, which is reported as R@1, R@5, R@Q10, and
measures the fraction of queries for which at least one relevant result appears
among the top-K retrieved items. In addition, we report the mean Average
Precision (mAP) to capture the overall ranking quality of the retrieved items.

Datasets. We trained our model on the PAB dataset |23] and evaluated it on
its test set. We also tested the model trained on PAB in a multi-weather set-
ting [17}23] and on an out-of-distribution (OOD) set on the UCC dataset [23]. In
the multi-weather setting the PAB test set is augmented to include 10 different
environmental conditions (e.g. wind, rain, snow, etc.) that simulate a realistic
smart city scenario. For the OOD evaluation, 5,320 image-text pairs are ex-
tracted from UCF-Crime [13], showcasing both normal and anomalous events.

4.1 Quantitative Results

In Table [I} we compare our model with state-of-the-art methods in TBPS and
TPAS. Notably, our model outperforms all TBPS and TPAS baselines even
when trained with only a small fraction of the available data (0.1M samples).
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Method | Data | R@1  R@5 R@10 mAP

MRA [22] | 0.IM | 70.53 94.69 97.47  81.59
APTM [24] | 0.1M | 7214 9530  97.17  82.78
CAMeL [25] | 0.IM | 7430 9679 98.84  84.20
WoRA [I14] | 0.IM | 74.47 9682 9848  84.60

IRRA [5[ | 0.IM | 76.39 9762 99.14  86.33

CLIP f12] | 0.1IM | 77.60 98.84  99.75  87.35

RaSa [2] | 0.IM | 80.79 98.80  99.65  89.20
X-VLM [27] | 0.1M | 81.95 9884 99.19  89.86

CMP 23] | 0.1M | 83.06 98.89  99.49  90.41

CMP 23] | 1M | 84.93 99.09 99.75  91.66
Ours 0.1M | 85.14 99.24 99.80  91.83
Ours IM | 86.45 99.44 99.85 92.59

Table 1: Comparison with state-of-the-arts models on PAB dataset. Previous results
are taken from [23|. Best results in bold, second best underlined.

Furthermore, when trained on the full dataset, SeDA achieves an R@1 of 86.45%,
corresponding to a +1.52 improvement over the previous state of the art.

We further analyze the efficiency of SeDA compared with CMP. Although
SeDA introduces only a small increase in parameters (+4.0%), it incurs higher
training cost (+16% time and +19.4% memory). However, it requires only 1/10
of the training data to surpass CMP. Moreover, since split captions are used
only during training, SeDA and CMP have the same inference speed and nearly
identical memory usage.

In Table 2] we report the performance of our model under multi-weather
conditions. Compared with CMP, our model achieves the best results across all
weather settings, improving RQ1 by +2.43, mAP by +1.90, and demonstrating
stronger robustness and reliability in this challenging setting.

Method ‘ Metric | Normal ~ Wind Rain Snow R+S Dark D+W D+R D+S  OverExp ‘ Mean
CMP

RO1 84.93 81.24 60.06 63.40 54.85 80.89 77.20 39.03 53.49 76.09 67.12
Ours 86.45 83.42 61.78 66.18 55.46 83.82 80.49 41.15 57.69 79.02 69.55
CMP mAP 91.66 89.34 72.53 75.74 67.31 89.00  86.55 50.58 66.12 85.56 77.44
Ours 92.59 90.72 73.88 78.17 68.02 90.97 88.69 52.42 70.45 87.46 79.34

Table 2: Multi-weather comparison between CMP and Ours. Best results in bold.
R+8S: Rain+Snow, D+W: Dark+Wind, D+R: Dark+Rain, D+S: Dark-+Snow.

In Table [3] we report the comparison between CMP and our model on the
person retrieval task calculated on PAB, instead of the anomaly person retrieval
setting. Our model outperforms the baseline in this task as well, showing that em-
phasizing fine-grained semantic details does not hinder person retrieval, where
appearance cues are primarily important, but in fact enhances retrieval per-
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formance. Importantly, person retrieval on PAB appears near-saturated (both
methods already achieve very high performance), leaving limited headroom for
gains driven purely by appearance. Therefore, the larger improvements observed
in the TPAS setting are best interpreted as stemming from better alignment of
action and contextual /background cues, which are the key discriminative factors
for anomalous behaviors.

Method| R@1 R@5 R@10 mAP

CMP ]94.34 99.39 99.85 88.01
Ours |94.69 99.70 99.90 88.08

Table 3: Comparison between CMP and SeDA in Identity Search Retrieval on PAB.

In Table [4] we evaluate our model in an out-of-distribution (OOD) setting.
Compared with prior TBPS and TPAS methods, SeDA achieves the best perfor-
mance in all the metrics. Notably, our model surpasses the previous state of the
art (CMP) by a substantial margin of +3.74 in RQ1, highlighting a significant
improvement in top-ranked retrieval under distribution shifts. This experiment
validates the generalization capabilities of the proposed model.

Method| R@1 R@5 R@10 mAP

APTM |27.86 40.41 46.77 22.61
IRRA |40.28 57.24 65.98 33.53
CLIP |[51.60 68.31 76.43 43.05
X-VLM|52.33 66.73 72.54 40.87
RaSa |54.12 70.32 75.96 39.71
CMP |55.23 71.67 77.99 44.35

Ours |58.97 73.37 79.08 44.57

Table 4: Comparison with state-of-the-art methods in OOD setting on UCC dataset.
All models trained on 1M images. Best results in bold, second best underlined.

4.2 Qualitative Results

To further analyze the effectiveness of our approach, we visualize the similar-

ity matrix produced within the STP module, computed between the projected

semantic queries (¢4PP, ¢4, ¢B9) derived from the [CLS| token and the corre-

sponding token embeddings of Eq. [2] As shown in Fig. [3] each semantic query

exhibits focused similarity responses over modality-specific semantic regions. For
App . .. . .

example, g;"* shows higher similarity scores for words related to appearance,
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Fig. 3: Visualization of the similarity matrix calculated in both the Image Encoder and
the Text Encoder. On the left, there are four examples (first two on PAB and last two on

UCC) of the similarity matrix between q?pp, q**,qP? and the image embeddings. On

the right, there is the similarity matrix between g5*?, g2, ¢5¢ and the text embeddings
(captions are capped at 56 words consistently with SOTA methods). As it can be seen,
the similarity matrix focuses on the corresponding embeddings, demonstrating the

utility of both STP and Lrp. Better zoomed in.

while q}qp P concentrates on image patches corresponding to appearance cues.
Similar behavior is observed for the action and background queries, confirming
that the semantic token projection combined with Lrp effectively disentangles
modality-specific attributes.

Finally, in Fig. 4] we present four examples of anomaly retrieval comparing
our model with CMP. In both cases, CMP fails to retrieve the correct image in
the first position, while our model successfully identifies the correct image. In
detail, on the left, our model is able to better discriminate the action; on the
right, it identifies the correct identity, showing the capability to focus on each
part of the caption.

4.3 Ablation

To validate the design of SeDA, we performed several ablation studies. In Table[5]
we analyze the contribution of different variants of the STP module, as well as
the roles of Lrp and Li7ar-sem- These ablation experiments are conducted on
a reduced subset (0.1M samples) of the PAB dataset.

We first compare three variants of the STP module, all trained with the
proposed Lrp: (I) replacing the sigmoid with softmax, (IT) introducing a cross-
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The image shows three individuals in a casual setting possibly a bar or a restaurant ~ The image shows a person in a black shirt and beige pants attempting to perform a
one person is wearing a patterned shirt and bright shorts while the other is shirtless skateboard trick. The skateboard is in motion in the foreground, and the person is
they appear to be in motion the background includes a man with white t shirt who ~ in a dynamic pose, suggesting that he may have made a mistake and are falling off
is watching them the skateboard. The setting appears to be an indoor park e with concrete

walls and a concrete floor.

CMP

Ours

the image shows a street scene with a cyclist wearing a helmet and a dark outfit 'he image 5}‘0""? a laundry room with two individuals one person 1s wearing a
riding a bicycle on the road there is a car on the right side of the road and another  light colored shirt and dark pants standing near a washing machine the other
person is dressed in a dark uniform possibly a security guard or employee and is

MP

Ours

Rank 5 Rank 1

Fig.4: Comparison of ranking results between CMP and our model on PAB (first
row) and UCC (second row). Correct image is highlighted in green, correct identity
but wrong action is highlighted in orange, wrong identity in red.

attention module that relies on softmax-based attention, and (III) the proposed
STP design. Variants (I) and (II) both underperform compared to (IIT). We at-
tribute this to the softmax normalization, which, although producing sum-to-one
weights, introduces exponential inter-token competition and enforces a winner-
take-most behavior. In contrast, the proposed STP module enables cooperative
aggregation, allowing multiple relevant regions or words to contribute jointly,
thereby improving performance.

Then, in (IV), we remove Lz p. The resulting performance drop demonstrates
that this loss is crucial for enforcing modality disentanglement. Indeed, without
it, the STP module fails to learn properly decoupled representations, and results
fall back to being similar to those of the CMP baseline.

Finally, in (V), we add the semantic-specific ITM loss L1 -sem, which fur-
ther improves the results w.r.t. (III).

Finally, Table [] reports the performance of different combinations of se-
mantic components. First, each individual component already achieves strong
performance, indicating that appearance, action, and background cues are all
individually informative. However, combining components consistently improves
the results, confirming that these cues provide complementary information. In
particular, pairwise combinations outperform single components across all met-
rics. The full combination (STP module) achieves the best overall performance.
This demonstrates that our proposed aggregation strategy effectively leverages
complementary semantic cues, leading to more discriminative and robust repre-
sentations.
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Exp. | Method | R@1 R@5 R@10 mAP
(0) | CMP (baseline) | 83.06 98.89 99.49 90.41

(1) STP.oftmas | 83.82 99.04 99.65 90.95

(Im) STPca 83.92 98.94 99.44 90.92

(111) STP 84.78 99.04 99.59 91.54

(IV)| STP w/o Lrp |83.15 99.09 99.39 90.52

(V) |STP + Lira—sem |85.14 99.24 99.80 91.83
Table 5: Ablation study with different versions of the proposed STP module and loss
combinations.

Method ‘ Appearance  Action  Background | R@1 R@5 R@10 mAP

©) X X 83.67  98.43  98.69  90.64
(1) X X 83.92 9742  97.92  90.39
(I11) X X 8210  97.07  97.52  89.33
(1v) X 84.50  98.94  99.34 9141
(V) X 84.38  99.19  99.77  91.40
(VD) X 84.88  98.94 9949 9155
STP | | 85.14 99.24 99.80 91.83

Table 6: Performance comparison in terms of R@Q1, R@5, R@Q10, and mAP of different
combinations of semantic components calculated on PAB dataset.

5 Conclusion

In this paper, we introduced SeDA, a disentangled vision—language framework
for text-based person anomaly search (TPAS) that tackles the key limitations
of existing methods: semantic entanglement between appearance, action, and
background, which weakens action-centric alignment and hurts generalization.
SeDA combines a Semantic Token Projection (STP) module, designed to produce
factor-specific components and then recombine them into a compact retrieval
embedding, with a Feature Decoupling Loss (FDL) that leverages LLM-based
caption decomposition to supervise each factor with the appropriate textual
signal. Extensive experiments on the Person Anomaly Benchmark (PAB) show
that SeDA achieves 86.45% R@1 (+1.52 R@1 gain over CMP) when trained on
the full data, outperforming prior approaches, while also improving robustness
under challenging multi-weather conditions (average +2.43 RQ1 over CMP) and
under out-of-distribution evaluation on UCC (+3.74 RQ1 gain over CMP).
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