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Abstract

Text-based Person Retrieval (TPR) aims to retrieve relevant
images of specific pedestrians based on the given textual
query. The mainstream approaches primarily leverage pre-
trained deep neural networks to learn the mapping of visual
and textual modalities into a common latent space for cross-
modality matching. Despite their remarkable achievements,
existing efforts mainly focus on learning the statistical cross-
modality correlation found in training data, other than the in-
trinsic causal correlation. As a result, they often struggle to
retrieve accurately in the face of environmental changes such
as illumination, pose, and occlusion, or when encountering
images with similar attributes. In this regard, we pioneer the
observation of TPR from a causal view. Specifically, we as-
sume that each image is composed of a mixture of causal
factors (which are semantically consistent with text descrip-
tions) and non-causal factors (retrieval-irrelevant, e.g., back-
ground), and only the former can lead to reliable retrieval
judgments. Our goal is to extract text-critical robust visual
representation (i.e., causal factors) and establish domain in-
variant cross-modality correlations for accurate and reliable
retrieval. However, causal/non-causal factors are unobserved,
so we emphasize that ideal causal factors that can simulate
causal scenes should satisfy two basic principles: 1) Inde-
pendence: being independent of non-causal factors, and 2)
Sufficiency: being causally sufficient for TPR across differ-
ent environments. Building on that, we propose an Invariant
Representation Learning method for TPR (IRLT), that en-
forces the visual representations to satisfy the two afore-
mentioned critical properties. Extensive experiments on three
datasets clearly demonstrate the advantages of IRLT over
leading baselines in terms of accuracy and generalization.

Introduction
Text-based Person Retrieval (TPR) (Li et al. 2017) aims to
retrieve images of a target person with high semantic rele-
vance to a given linguistic description from a gallery of im-
ages. In recent years, there has been a growing interest in
TPR (Ding et al. 2021; Suo et al. 2022; Jiang and Ye 2023)
since the textual query can provide more natural and com-
prehensive descriptions of pedestrians in practical applica-
tions such as crime search and missing person search. This
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Figure 1: A toy example of the TPR task on the RST-
PReid dataset. Matched/Mismatched images are marked by
green/red rectangles. “C” denotes the causal cues.

task is important but also challenging as it requires accu-
rately modeling of the visual-linguistic alignments.

Towards this end, many TPR models have emerged (Zhu
et al. 2021; Suo et al. 2022; Chen et al. 2022; Jiang and
Ye 2023). They usually employ the identical structural de-
sign of “image/text backbone + feature embedding”. This
design involves first extracting image/text features using
the image/text backbone, and then using feature embedding
(method-specific) to embed the extracted image and text fea-
tures into a joint space that enables cross-modal alignment.
Most recent methods usually utilize unimodal pre-trained
networks (e.g., ResNet (He et al. 2016) and ViT (Dosovit-
skiy et al. 2021), BERT (Devlin et al. 2018)) to initialize the
image/text backbone. In addition, recent studies (Yan et al.
2022; Jiang and Ye 2023) show that Contrastive Language-
Image Pre-training (CLIP) model, as a representative work
in visual-language pre-training (VLP), has successfully been
adopted for the TPR task. These methods leverage the abun-
dant multi-modal correspondence information provided by
CLIP, resulting in superior performance compared to uni-
modal pre-training methods. In summary, recent achieve-
ments of TPR should be mainly attributed to the strong abil-
ity of pre-trained deep networks in representation learning.

Despite the remarkable achievement in retrieval accuracy,
the typical learning objective of recent efforts usually relies
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on the empirical risk minimization (ERM), and thus tends to
over-exploit the spurious correlations between textual query
and person images due to the inherent dataset bias while
easily ignoring the intrinsic cross-modality causal correla-
tion. As a result, existing efforts may easily suffer from un-
reliable person retrieval. For instance, as depicted in Fig.1,
we find that the first two images in Ground-Truth cannot be
retrieved correctly, since they have significant illumination
and pose variations from the other three images. Most ERM-
based works are usually unable to make correct judgments
due to the change of non-causal factors. In addition, we
also observe that most of the incorrect results in Fig.1 have
the attribute “white” which is similar to Ground-Truth. We
know that deep feature learning follows a low-level to high-
level paradigm. ERM-based statistical models typically stop
learning when they learn “simple” features (e.g., “white”)
at low layers that are sufficient to minimize the loss, los-
ing critical information (e.g., “hands in the pockets” and
“blue jeans”) at high layers to distinguish similar pedestri-
ans. How to develop a robust text-based person retrieval
method that can effectively capture the causally invariant
visual-linguistic correlations is the critical research ques-
tion, but receiving less attention so far.

In this paper, taking a causal look at TPR (Pearl, Glymour,
and Jewell 2016), we split the visual scenes into two parts:
1) the causal factors, which contains the text-critical cues
(e.g., “white coat”, “blue jeans”, and “sneakers”), and 2) the
non-causal components, which is retrieval-irrelevant (e.g.,
“illumination style”, “pose”, and “occlusion”). Our goal is
to extract semantically consistent causal factors with text de-
scriptions from raw input images as the visual representation
of pedestrians. Unfortunately, the absence of annotations for
causal/non-causal factors makes causal reasoning particu-
larly challenging. To uncover the stable causal relationship
between text descriptions and person images, we empha-
size that the causal factors should satisfy two properties: 1)
Independence: being independent from the non-causal fac-
tors, i.e., being robust to the change of domain-specific fac-
tors (e.g., background and illumination), and 2) Sufficiency:
capturing causally sufficient information for stable retrieval.
Drawing inspiration from causal inference (Krueger et al.
2021), we propose an Invariant Representation Learning for
TPR (IRLT) method to enforce the model to learn robust
person representation that satisfies the two properties. IRLT
equips the existing TPR backbone model with two additional
modules: a style intervener and a scene simulator. Specif-
ically, the style intervener simulates the variation of non-
causal components by modeling the uncertainty of features,
forcing the model to learn causally independent representa-
tion. In addition, the scene simulator places pedestrian im-
ages in similar and dissimilar environments, ensuring the
sufficiency of retrieval by discovering subtle but discrimi-
native causal factors. Note that our IRLT is model-agnostic
and can be compatible with existing TPR methods flexibly.

Our technical contributions are briefly summarized as:

• We investigate the TPR task from the causal view, which
aims to learn causally-invariant person representation for
not only accurate but also reliable cross-modal retrieval.

I

RCE

T

RC

T

Intervention

Figure 2: A causal graph of TPR.

• We propose a novel and model-agnostic IRLT method
that enforces the visual representations to satisfy the In-
dependence and Sufficiency properties. It shows good
compatibility with existing TPR methods.

• We demonstrate the superiority of IRLT by extensive ex-
periments and analysis on three benchmark datasets.

TPR from the Causal View
Problem Formulation: Given a textual query and gallery
person images, our task is to learn the cross-modal similarity
for retrieval. Formally, the cross-modal datasetD consists of
N image-text pairs, denoted as D = {xi, ti}Ni=1. Each pair
includes a pedestrian image xi captured by a specific surveil-
lance camera and its corresponding text description query ti.
In addition, the M pedestrians in the dataset all correspond
to M specific identity labels, marked as Y = {yi}Ni=1 with
yi ∈ {1, · · · ,M}. The TPR backbone usually includes an
image encoder and a text encoder, which can output image
global representation Ig ∈ Rd and text global representa-
tion Tg ∈ Rd, respectively. Since the pre-trained language
models for text representation have achieved great progress
in recent years, the main goal of this work is to effectively
learn robust visual representation of person images.

During training, the basic learning objective of TPR mod-
els is to minimize the cross-modal matching loss based
on the constructed positive/negative image-text pairs in the
training set. During inference, we rank candidate images
based on the estimated similarity scores between Ig and Tg .
Causal Look at TPR: Here, we believe that disclosing
“which part of the image is crucial for being retrieved by this
text?” is the key to clearly presenting visual-linguistic align-
ment. To this end, we re-examine the TPR methods from
the perspective of causal theory (Pearl 2009), then formalize
it into a Structural Causal Model (SCM) (Pearl, Glymour,
and Jewell 2016) by studying the causal relationships among
five variables: input image I , text T , causal factor C, non-
causal factorE, ground-truth retrievalR. Fig 2 illustrates the
causal graph, where each link notes the causality between
two nodes: cause→effect:
• C ← I → E. Image I can be divided into two parts: 1)

the causal factor C, which is consistent with the seman-
tics of text T , and 2) the non-causal part E, e.g., back-
ground, which is sensitive to the environmental change.

• C → R ← T . The retrieval R is determined by T and
C, reflecting visual-linguistic alignments. The example
in Fig.1 demonstrates the critical visual cues (i.e., C) for
retrieval, which can lead to the true causal effect.

Looking closely at the causal graph, we find that non-causal
factor E and ground truth retrieval R can be spuriously cor-
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Figure 3: Overview of our proposed IRLT method. It mainly aims to learn causally-invariant person representation, which can
satisfy two critical properties: Independence and Sufficiency. It can also be flexibly integrated into existing TPR framework.

related by E ← I → C → R ← T . Even though there is
no direct causal path from E to R. This spurious association
is known as a backdoor path (Goldberg 2019) and is usually
ignored by traditional methods. Due to the existence of the
backdoor path, statistical correlation-based models blindly
capture the causal correlation between E and R. Therefore,
determining causal factor C is the key to addressing these
limitations and then improving the model’s reliability.

Methodology
In order to determine causal factor C, inspired by the In-
dependent Causal Mechanisms (ICM) Principle (Scholkopf
et al. 2021) and invariant learning (Arjovsky et al. 2019), we
argue that causal factors required for simulating the causal
scene must adhere to the principles of Independence and
Sufficiency. Therefore, we propose Invariant Representation
Learning for TPR (IRLT). As shown in Fig.3, IRLT adds a
style intervener and a scene simulator to TPR backbone for
learning the independence and sufficiency of causal factors.

Style Intervener for Independence
As discussed before, causal factor C and non-causal factor
E are often intertwined, and we first aim to separateC andE
through causal intervention. Although the explicit form ofC
is usually unknown to the image encoder FI , based on prior
knowledge, we know that C should remain invariant to the
intervention of E change, i.e., P (C|do(E)) = P (C|E). In
this work, here we assume that the person image consists of
two components: one is semantic content, corresponding to
causal factor C, and the rest part is style information, which
is content-unrelated and corresponds to non-causal factor
E, such as background. Therefore, the task of determining
causal factor C is transformed as learning style-invariant se-
mantic content representation of person image.

It can be captured by domain generalization and invari-
ant learning techniques (Li et al. 2022b; Lv et al. 2022).
For example, DSU (Li et al. 2022a) makes the model pay

more attention to the content of the image by simulating the
uncertainty of domain changes, to learn more invariant fea-
tures. Inspired by this, we argue that non-causal sceneE rep-
resents different domain-specific style information. There-
fore, we can obtain more invariant information by inter-
fering with the style information (i.e., E). Specifically, let
x ∈ RB×C×H×W denotes the encoded features in the inter-
mediate layers of the FI , the channel-wise mean µ ∈ RB×C

and standard deviation σ ∈ RB×C of each feature map in a
mini-batch as the original style information.

To simulate potential style changes, we assume that the
distribution of each feature statistic follows a multi-variate
Gaussian distribution. The mean and standard deviation of
the feature statistic followN (µ,Σ2

µ) andN (σ,Σ2
σ), respec-

tively. We estimate the uncertainty of feature mean µ and
standard deviation σ, using the variance of the feature statis-
tics. This represents the potential range of style changes
(non-causal scene changes) and is denoted by Σµ ∈ RC and
Σσ ∈ RC . After obtaining uncertainty estimates for each
feature channel, new feature statistics can be sampled ran-
domly from the corresponding distribution:

β(x) = µ(x) + εµΣµ(x), εµ ∼ N (0,1), (1)

γ(x) = σ(x) + εσΣσ(x), εσ ∼ N (0,1), (2)

where β(x) and γ(x) represent the mean and standard de-
viation of the random style statistics, respectively. εµ and εσ
both follow the standard Gaussian distribution. Referring to
AdaIN (Huang and Belongie 2017), we replace the original
style information with randomly generated style statistics:

x+ = γ(x)

(
x− µ(x)

σ(x)

)
+ β(x). (3)

Eq. (1) and (2) can be viewed as a type of do-operation,
do(E), which modifies the original style information. Eq.
(3) is a type of causal intervention that augments the origi-
nal image in the feature-level. We change the image encoder
FI to two branches: original data branch fo and style inter-
vener branch fs. The difference between fs and fo is that fs
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adds the style intervener. The style intervener is placed af-
ter all the top-four ConvBlocks, respectively, in ResNet-50
and before the first transformer encoder in ViT. The global-
level image features extracted by the two branches are re-
spectively as: vg = fo(x) ∈ Rd and v+

g = fs(x
+) ∈ Rd.

The text T = {ti}qi=1 with word length q is fed into the
text encoder FT to obtain text features tg ∈ Rd. We employ
InfoNCE (Oord, Li, and Vinyals 2018) to make vg indepen-
dent by learning the consistency between vg and v+

g :

Lcon = − log
exp(vT

g v
+
g )

exp(vT
g v

+
g ) +

∑n
i=1 exp(vT

g v
−
g )
, (4)

where the intervener of other images constitutes n negatives
v−
g . Therefore, we can obtain independent (i.e., C⊥E ) vi-

sual representations vg by minimizing the loss in Eq. (4).

Scene Simulator for Sufficiency
Even though the style intervener gives independence to the
image feature vg , however, due to the complex alignment
relationship between heterogeneous data, statistical models
still tend to utilize simple alignment between image feature
vg and text feature tg , losing tiny but discriminative fea-
tures. As shown in Fig.1, the text word “white” is associated
with the “white” attribute in the images of other pedestrians,
ignoring its own small but distinctive features (e.g., hands in
the pockets, blue jeans, and sneakers). This phenomenon is
known as shortcut bias in causal inference (Pearl 2009). Re-
cently, Invariant Risk Minimization (IRM) (Arjovsky et al.
2019; Krueger et al. 2021) cuts this spurious association
by learning invariance across environments. Specifically,
REx (Krueger et al. 2021) splits the training data into mul-
tiple environments e ∈ E and minimizes the variance of the
risk across environments as regularization to find robust fea-
tures. Inspired by this, we use environment-invariant learn-
ing to learn features that are sufficient (i.e., C → R ← T )
for accurate and reliable retrieval across different scenes.

However, traditional IRM requires annotation of the en-
vironment, which is often not achievable in practice. To this
end, we first propose a scene simulator that automatically
builds the environment E . As depicted in Fig.3, we regard
each ID as an anchor environment mode, and divide the im-
ages of the remaining IDs into two groups: whether they are
similar to the corresponding query of the anchor ID. Specif-
ically, for each anchor ID that contains l images, Scene#1
regards these l samples as positives, and “similar” samples
from other IDs as negative; Scene#2 contains the same pos-
itive samples, while “dissimilar” samples from other IDs
are negative. Cosine function S(·, ·) is used to calculate the
similarity S ∈ Rm×n between the m text representation
tid ∈ Rm×d of the anchor ID and n images representation
vo ∈ Rn×d sampled from other IDs. Then, we average the
similarity matrix S along the axis of anchor ID to obtain s+.
After ranking s+, we can easily construct two scenes: the
“similar” samples grouped in Scene#1 (the high half value
in s+) and the “dissimilar” samples grouped in Scene#2
(the lower half value in s+). We introduce an ID-wise IRM
learning objective, Linv, to learn causally sufficient features.
Specifically, we respectively compute the triplet-loss of veg
and teg in each environment e ∈ Ek, and make the training

risk in different environments (i.e., Scene#1 and Scene#2) as
consistent as possible. Formally, the learning objective is :

`(e ∈ Ek) = max(α− S(vp, tp) + S(vp, tn), 0)

+ max(α− S(vp, tp) + S(vn, tp), 0),
(5)

Linv =
∑M

k=1
(λ1Var({`(1), ..., `(e)}) + λ2

∑
e∈Ek

`(e)), (6)

where vp and tp are drawn from a matching image-text pair.
tn and vn denote the hardest negative text for vp and the
hardest negative image for tp in e, respectively. Var stands
for variance. So far, we have obtained text representation
Tg ∈ Rd and causally invariant person representations Ig ∈
Rd, so the cross-modal similarity is calculated as the cosine
similarity Sg = ITg Tg/(‖Ig‖ ‖Tg‖):

Learning
To this end, we aim to integrate the Lcon loss in Eq. (4) and
the Linv loss in Eq. (6) with the learning objective of exist-
ing methods to further improve the accuracy and reliability
of TPR in a plug-and-play manner. The loss functions used
by existing methods usually consist of Lid (Suo et al. 2022),
Lcr (Ding et al. 2021), and Lsdm (Jiang and Ye 2023). Lid
is the cross-entropy loss, which classifies images or texts
into different groups based on their IDs. Lcr is the Com-
pound Ranking (CR) loss which overcomes the problem of
large intra-class variance in the text descriptions. Lsdm is the
Similarity Distribution Matching (SDM) loss. It strengthens
the correlation between matched pairs. We collectively refer
to their various combinations in existing methods as Lbase.
Thus, the overall loss LTotal is denoted as:

LTotal = Lbase + Linv + λ3Lcon︸ ︷︷ ︸
Key components in IRLT

(7)

Summary: we have introduced two key components in
IRLT. One is the Style Intervener in the Sec. 3.1 that aims
to learn style-invariant visual representation by minimizing
the Lcon loss. The other one is the Scene Simulator in the
Sec. 3.2 that aims to learn environment-invariant visual rep-
resentation by minimizing the Linv loss. The two parts can
well complement each other, thus easily achieving our goal
of learning causally invariant visual representation for TPR.

Experiments
This section conducts experiments to answer the following
questions. RQ1: How effective is IRLT in improving the ac-
curacy, cross-domain generalization, and robustness of ex-
isting SOTA TPR works?RQ2: How does the style inter-
vener and scene simulator affect the performance? RQ3:
What are the learning patterns and insights of IRLT?

Settings
Datasets. CUHK-PEDES(Li et al. 2017) is a pioneering
dataset specifically designed for text-to-image person re-
trieval. It includes a total of 40,206 images and 80,412
text descriptions, covering 13,003 distinct identities. ICFG-
PEDES (Ding et al. 2021) consists of a total of 54,522 im-
ages representing 4,102 distinct identities. Each image is
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Methods Ref CUHK-PEDES ICFG-PEDES RSTPReid
Rank-1 Rank-5 Rank-10 Rank-1 Rank-5 Rank-10 Rank-1 Rank-5 Rank-10

NAFS arXiv21 59.36 79.13 86.00 - - - - - -
DSSL MM21 59.98 80.41 87.56 - - - 39.05 62.60 73.95
LBUL MM22 64.04 82.66 87.22 - - - 45.55 68.20 77.85
TIPCB Neuro22 64.26 83.19 89.10 54.96 74.72 81.89 - - -
CAIBC MM22 64.43 82.87 88.37 - - - 47.35 69.55 79.00
LGUR MM22 65.25 83.12 89.00 59.02 75.32 81.56 - - -
IVT ECCVW22 65.59 83.11 89.21 56.04 73.60 80.22 46.70 70.00 78.80
CFine arXiv22 69.57 85.93 91.15 60.83 76.55 82.42 50.55 72.50 81.60
Baseline - 58.47 78.69 85.32 52.27 71.83 79.13 40.54 66.48 78.31

+ IRLT (Ours) - 60.53 80.11 87.23 54.64 73.76 80.47 44.56 71.18 81.98
Baseline-CLIP - 70.49 87.63 92.08 61.04 78.21 83.99 58.68 80.72 87.13

+ IRLT (Ours) - 73.13 89.07 93.31 62.76 80.01 85.37 59.81 81.79 88.56
SSAN arXiv21 61.37 80.15 86.73 54.23 72.63 79.53 43.50 67.80 77.15

+ IRLT (Ours) - 62.64 81.13 87.02 55.31 73.15 80.59 46.14 68.93 78.79
SRCF ECCV22 64.04 82.99 88.81 57.18 75.01 81.49 45.05 70.50 80.25

+ IRLT (Ours) - 66.05 83.52 89.54 58.32 75.82 82.20 47.14 72.21 81.01
IRRA CVPR23 73.38 89.83 93.71 63.46 80.25 85.82 60.20 81.30 88.20

+ IRLT (Ours) - 74.46 90.19 94.01 64.72 81.35 86.31 61.49 82.26 89.23

Table 1: Performance comparisons with SOTA methods on the CUHK-PEDES, ICFG-PEDES and RSTPReid datasets.

associated with a single text description. RSTPReid (Zhu
et al. 2021) comprises 20,505 images depicting 4,101 unique
identities captured by 15 cameras. Each identity is associ-
ated with five images captured by distinct cameras, and each
image is annotated with two text descriptions. For all three
datasets, we follow their official data splits for experiments
and utilize the Rank-k metrics (with k values of 1, 5, and 10)
as the principal evaluation metrics.
Baselines. We verify the effectiveness of IRLT on two
types of TPR backbone networks: 1) non-CLIP-driven:
NAFS (Gao et al. 2021), DSSL (Zhu et al. 2021),
SCAN (Lee et al. 2018), SSAN (Ding et al. 2021),
LBUL (Wang et al. 2022b), TIPCB (Chen et al. 2022),
CAIBC (Wang et al. 2022a), LGUR (Shao et al. 2022),
SRCF (Suo et al. 2022); 2) CLIP-driven: IVT (Shu et al.
2022), CFine (Yan et al. 2022), IRRA (Jiang and Ye 2023).
To fully investigate the effectiveness of IRLT in boosting the
TPR performance, we first build two simple TPR baseline
methods, termed Baseline and Baseline-CLIP, and also use
three existing SOTA TPR methods as our baselines: SSAN,
SRCF and IRRA. Our IRLT is compatible with the five
baselines. The experimental results are shown in Table 1.
Implementation Details. The same settings of Baseline and
Baseline-CLIP: 1) The input image is resized to 384 × 128.
2) Adam (Kingma and Ba 2014) is used as the optimizer
to train for 60 epochs and set the batchsize to 64. 3) The
hyper-parameters λ2 and λ3 are fixed as 1 and 0.1, respec-
tively. The different settings of Baseline and Baseline-CLIP:
1) Baseline follows SRCF (Suo et al. 2022), using ResNet-
50 as the image encoder and BETR as the text encoder.
Baseline-CLIP follows IRRA (Jiang and Ye 2023), using
CLIP-ViT as the image encoder and CLIP-Xformer as the
text encoder. 2) The text length is set to 64 and 77, respec-
tively. 3) The dimension d of the representation is 1024
and 512, respectively. 4) The initial learning rate is 5e-4
and 1e-5, respectively. 5) The learning rate decay strate-

gies are fixed-step decay (0.1 times decay every 10 epochs)
and cosine learning rate decay, respectively. 6) The hyper-
parameter λ1 is 0.5 and 0.1, respectively. The two baselines
are simple and efficient which use independent image/text
encoder to extract the image/text representation and perform
cosine similarity computation in a common space for fast
retrieval. Furthermore, when IRLT is combined with SSAN,
SRCF, and IRRA, the original experimental settings of these
methods remain unaltered. We conduct our experiments us-
ing a single RTX 3090 GPU with 24GB of memory.

Main Result (RQ1)
Comparisons with SOTA Methods. Table 1 presents the
comparison between our approach and the SOTAs on three
benchmark datasets.We have the following observations:1)
On all three benchmark datasets, the proposed IRLT clearly
outperforms the Baseline and Baseline-CLIP with a signif-
icant advantage (+1.13%∼4.02%) on Rank-1. The retrieval
results are more effective than some methods (e.g., DSSL,
CFine) using complex cross-modal alignment. Moreover,
IRLT also achieves a stable improvement (+1.08%∼1.29%)
on Rank-1 over SOTA (IRRA). This consistent performance
demonstrates the overall effectiveness of applying invariant
representation learning to TPR and supports the theoretical
soundness of the invariance principle. 2) Narrowing down
the analysis to each of the three existing SOTA TPR meth-
ods, IRLT demonstrates model-agnostic property by deliver-
ing significant gains (+1.08%∼2.64%) on Rank-1 for each
backbone model across all benchmark datasets. We observe
that the improvements on SRCF and SSAN are more sig-
nificant compared to those on IRRA. This is mainly be-
cause IRRA is finetuned based on CLIP, allowing the trans-
fer of semantic alignment knowledge obtained from large-
scale cross-modal datasets to downstream tasks. This, in
turn, partially explains the contributions of IRLT. 3) Com-
paring the average improvements on Rank-1 across differ-
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Methods Rank-1 Rank-5 Rank-10

C
→

I
SCAN 21.27 39.26 48.83
SSAN 29.24 49.00 58.53
LGUR 34.25 52.58 60.85
SRCF 33.47 52.63 61.05
SRCF+IRLT 35.26 54.08 62.73
IRRA 42.21 61.92 70.13
IRRA+IRLT 43.46 62.53 71.26

I→
C

SCAN 13.63 28.61 37.05
SSAN 21.07 38.94 48.54
LGUR 25.44 44.48 54.39
SRCF 25.13 43.96 54.68
SRCF+IRLT 26.79 45.62 54.89
IRRA 36.89 58.02 67.46
IRRA+IRLT 38.03 59.14 68.51

Table 2: Cross-dataset generalization of IRLT. “C” denotes
CUHK-PEDES, while “I” represents ICFG-PEDES.

ent benchmarks, we observe that IRLT achieves the best im-
provement on RSTPReid (+1.13%∼4.02%), while obtain-
ing relatively moderate improvements on CUHK-PEDES
(+1.08%∼2.64%) and ICFG-PEDES (1.08%∼2.37%). The
reason for this discrepancy is that RSTPReid has a rela-
tively smaller size, which limits the inference capability of
the backbone model. However, this limitation aligns with the
focus of IRLT, enabling it to perform better in a less gener-
alized situation, thus leading to more favorable growth.
Cross-dataset generalization of IRLT. Our LRLT effec-
tively reduces spurious associations between text and visual
features, and it is natural to assume that the model general-
izes well to other domains. Therefore, we test the effect of
IRLT on the cross-dataset generalization task. Specifically,
we employ a model trained on the source domain to assess
its performance on the target domain. We utilize CUHK-
PEDES and ICFG-PEDES as the source domain and the
target domain in turn. As shown in Table 2, comparisons
with SRCF and IRRA, which are the best performers in
the cross-dataset generalization task, IRLT (“+IRLT”) still
achieves a notable improvement (+1.14%∼1.79%) on Rank-
1. This is mainly because IRLT can uncover the intrinsic
cross-modality causal correlation for better generalization.
Robustness of IRLT. We verify the robustness and reliabil-
ity of IRLT by applying different types of perturbations to
the images. As shown in Table 3, when IRLT is combined
with SRCF and IRRA, IRLT (“+IRLT”) can progressively
improve the anti-jamming ability (i.e., the percentage drop
under all variations) of both models. This suggests that our
emphasis on the independence and sufficiency that visual
representations should have can effectively improve the ro-
bustness and reliability of the models.

In-Depth Study (RQ2)
What is the impact of the IRLT component? To fully
understand the inference mechanism of LRLT, we care-
fully analyze its structure. Specifically, we explore the ef-
fectiveness of the proposed invariant learning by analyzing
the performance of the style intervener and scene simula-

Methods R H V R C
NAFS 59.94 55.52 54.84 49.90 54.89
SSAN 61.37 57.91 56.24 50.80 58.11
SRCF 64.04 61.89 60.33 59.23 61.50
SRCF+IRLT 66.05 64.30 63.04 62.10 63.84
IRRA 73.38 71.05 69.26 68.11 70.77
IRRA+IRLT 74.46 72.63 70.79 69.81 72.32

Table 3: Robustness of IRLT. The 2nd column is examples of
original images from CUHK-PEDES. Columns 3-6, repre-
sent the four disruption settings we implemented, including
random horizontal translation, random vertical translation,
random rotating, and random cropping.

tor with different backbones on three benchmarks. We re-
port the performance in Table 4 and summarize our findings
as follows: 1) The Effect of the Style Intervener. We first
demonstrate the efficacy of the style intervener (i.e.,Lcon)
by comparing its permanence (“+Intervener”) to SRCF and
IRRA. The style intervener can force the model to learn
the independence between causal and non-causal factors.
This can obtain style-invariant visual representation, which
provides significant gains (+0.56%∼1.41%) on Rank-1 for
each backbone model across all benchmark datasets. 2) The
Effect of the Scene Simulator. We validate the substan-
tial efficacy of the scene simulator (i.e.,Linv) by investigat-
ing its performance (“+Simulator”). IRLT consistently im-
proves Rank-1 (+0.51%∼1.66%) on all benchmark datasets
for each model, suggesting that emphasizing the sufficiency
of causal factors can enhance visual-linguistic alignment.

Ablation CUHK-PEDES ICFG-PEDES RSTPReid
SRCF 64.04 57.18 45.05
+ Intervener 65.23 58.15 46.46
+ Simulator 65.46 57.91 46.71
+IRLT 66.05 58.32 47.14
IRRA 73.38 63.46 60.20
+ Intervener 73.94 64.26 61.13
+ Simulator 73.89 63.81 60.74
+IRLT 74.46 64.72 61.49

Table 4: Evaluation on the effectiveness of sub-modules.

What are the effects of hyper-parameters? λ1 and λ2 in
Eq. (6) denote the strength of environment-invariant, while
λ3 in Eq. (7) controls the strength of the disentanglement
for the causal/non-causal features. To explore their impacts,
we conduct experiments on CUHK-PEDES by combining
IRLT with SRCF and IRRA. We fix two coefficients as 1
and change the other one in{0.05, 0.1, 0.5, 1, 2}. The peaks
of λ1 are 0.5 and 0.1 in Fig.4 (a) and Fig.4 (b), respectively.
This is consistent with our finding that baselines with weak
feature extraction require greater strength of environmental-
invariant supervision. λ2 and λ3 achieve the best results in
the region of 1 and 0.1, respectively. Overall, the change
in hyper-parameters does not bring significant performance
degradation, which validates the stability of our method.
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Figure 4: Study of the three hyper-parameters, λ1, λ2 and λ3
using two baselines: SRCF (a) and IRRA (b).

Quantitative Study (RQ3)
Looking closely at Fig. 5 (a), we find that IRLT can improve
the retrieval accuracy of Baseline-CLIP when facing images
of one pedestrian with various environments and postures.
This is thanks to the Style Intervener focuses on learning the
characteristics of the pedestrians themselves. In addition, as
displayed in Fig. 5 (b), when “yellow shirt” appears in the
query, Baseline-CLIP indiscriminately retrieves other pedes-
trian images with the attribute of “yellow”, whereas IRLT
captures sufficient causal factors to perform correct similar
pedestrian retrieval. In conclusion, by exploiting the inde-
pendence and sufficiency of the visual representation, accu-
rate and reliable retrieval can be accomplished.

Related Work
Text-based person retrieval (TPR) is a cross-modal re-
trieval task (Li et al. 2017; Chang et al. 2023). It is differ-
ent from classic person re-identification task (Yang et al.
2017; Yang, Wang, and Tao 2018; Yang, Zhou, and Wang
2018). The primary challenge lies in fine-grained align-
ment of visual scenes and text descriptions. Existing ap-
proaches can be broadly classified into two categories: 1)
focusing on cross-modal alignment strategies (Suo et al.
2022; Chen et al. 2022) and 2) focusing on powerful rep-
resentation learning (Jiang and Ye 2023; Yan et al. 2022).
For cross-modal alignment, methods usually design unique
modules or strategies. For example, (Suo et al. 2022) de-
signs denoising filters and dictionary filters to extract criti-
cal features. (Shu et al. 2022) proposes multi-level alignment
(MLA) and bidirectional mask modeling (BMM) to obtain
fine-grained alignment. For representation learning, some
approaches enhanced the model’s feature representation ca-
pabilities by incorporating multiple auxiliary tasks. These
tasks included attribute alignment (Wang et al. 2020), fore-
ground segmentation (Zhu et al. 2021), image-to-text gen-
eration (Zeng et al. 2021), etc. Recently, Contrastive Lan-
guage Image Pre-training (CLIP) (Radford et al. 2021) as
the most representative work of visual-language pre-training
(VLP), has achieved significant success, due to its rich
multi-modal representation. Therefore, many works (Yan
et al. 2022; Jiang and Ye 2023) have introduced CLIP into
TPR to enhance cross-modal understanding and matching.
Different from the above methods, we do not design com-
plex cross-modal alignment strategies or introduce a new

Rank-1 Rank-5

Query: The pedestrian has 
dark, brown hair. She wears a 
darkly coloured outfit with a 
short sleeve shirt and bottoms.

Query: A very slender man 
wearing a yellow shirt with a 
red emblem, dark pants and 
dark shoes, also has short hair.

Rank-1 Rank-5

B
-C

B
-C

+I
R

L
T

B
-C

B
-C

+I
R

L
T

(a) (b)

Figure 5: Top-5 retrieval results on two examples in CUHK-
PEDES. The “B-C” row and the “B-C+IRLT” row show the
results of Baseline-CLIP and IRLT (“+IRLT”), respectively.
Matched/Mismatched images are marked in green/red.

powerful backbone network. Instead, we eliminate the spuri-
ous associations between cross-modal representations from
the causal view.
Causal Inference. Multi-modal datasets inevitably intro-
duce undesired correlations between inputs and ground truth
annotations during the collection process. Consequently,
causal inference (Pearl, Glymour, and Jewell 2016) has
attracted increasing attention as a tool for removing bias
from domain-specific datasets in information retrieval and
multimedia, such as video moment retrieval (Yang et al.
2021), video question answering (Li et al. 2022b), video
relation detection (Li et al. 2021), and visual dialog (Qi
et al. 2020), etc. To overcome inherent bias in datasets,
IRM (Arjovsky et al. 2019) advances causal inference by
proposing environment-invariant priors and reducing cross-
environment variance, thus revealing the underlying causal
patterns. However, conventional IRM usually lacks environ-
ment annotations. Different from the above methods, we
learn visual-linguistic alignment by intervening in the distri-
bution of non-causal variables and relaxing the constraints
on the required environmental annotations. To the best of
our knowledge, IRLT is the first work that introduces causal
inference as a model-agnostic framework for TPR.

Conclusion
In this paper, we pointed out that existing TPR methods are
easily susceptible to the unstable statistical correlations be-
tween textual query and the non-causal factors in person
images, thus leading to unreliable retrieval results. We pro-
pose a causality-inspired and model-agnostic IRLT method
to learn causally invariant representation for TPR. Extensive
experimental results clearly validated the effectiveness and
reliability of IRLT across diverse experimental settings. In
the future, we will try to explicitly disentangle the causal
factors from the natural person images for more rigorous
causal inference and also extend our effort to other cross-
modal visual reasoning tasks (Yang et al. 2020, 2022; Zhou
et al. 2023a,b; Dong et al. 2021; Yang et al. 2023).
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