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Abstract

Incomplete cross-modal retrieval ICMR) requires models to
recover missing modalities and robustly align heterogeneous
ones for effective retrieval. Existing methods, however, fall
short in both aspects. They often rely on limited semantic
cues, such as single samples or coarse category prototypes,
which compromises reconstruction quality. Moreover, these
approaches are vulnerable to learning spurious cross-modal
correlations, thereby impairing accurate alignment and hin-
dering retrieval performance. To address these challenges, we
propose Causality-Aligned Semantic Recovery (CASR), a
novel method designed to both comprehensively restore miss-
ing modalities and mitigate spurious associations between vi-
sion and language. Our CASR involves two essential compo-
nents: i) the Missing Modality Imagination (MMI) module,
which combines category semantic priors with relevant con-
textual information to achieve high-quality semantic recon-
struction; ii) the Explicit Causal Alignment (ECA) module,
which explicitly learns environment-invariant attention, ef-
fectively eliminating the interference of spurious correlations
and improving retrieval performance. Furthermore, we ex-
tend CASR to the challenging task of Partially Aligned Cross-
Modal Retrieval, where we treat unlabeled unpaired data as a
form of incomplete data. By leveraging MMI and ECA mod-
ules, we are able to learn robust representations in this setting.
Extensive experiments on benchmark datasets under various
missing rates demonstrate that CASR achieves superior ro-
bustness and retrieval performance.

1 Introduction

Cross-modal retrieval (CMR) is a fundamental task in mul-
timodal learning, aiming to bridge heterogeneous data for
applications like visual matching (Yang et al. 2024a) and
audio-video understanding (Shvetsova et al. 2022). Exist-
ing CMR methods predominantly rely on fully paired data,
an assumption that is often violated in real-world scenar-
ios due to sensor failures, data collection costs, or privacy
constraints. This data incompleteness severely degrades per-
formance. Thus, Incomplete Cross-Modal Retrieval (ICMR)
has become a critical and rapidly growing research area.
Within the ICMR paradigm, training data comprises par-
tially paired visual-textual instances as well as samples con-
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Figure 1: Limitations of existing ICMR methods.

taining only a single modality. Achieving robust ICMR
hinges on two critical requirements: 1) the comprehensive
semantic reconstruction of missing modalities, and 2) the ac-
curate alignment of heterogeneous modalities. Recent stud-
ies (Jing et al. 2020; Zeng et al. 2021; Shi et al. 2024) have
explored solutions from both perspectives. For semantic re-
covery of missing modalities, existing ICMR methods typi-
cally follow three strategies (see Fig.1(a)): latent distribution
modeling, category prototypes, or direct imputation from a
single available modality. For instance, DAVAE (Jing et al.
2020) uses a Variational Auto-Encoder (VAE) (Kingma and
Welling 2013) to generate missing modalities by modeling
latent distributions. Methods like PAN (Zeng et al. 2021),
SPAL (Wang et al. 2024b), and OTPAL (Wang et al. 2024a)
learn category prototypes that serve as a bridge the missing
and available modalities, facilitating cross-modal alignment.
DCT (Shi et al. 2024) directly fills in the missing modality
from its available counterpart. Despite some progress, ex-



isting methods still struggle to adequately reconstruct the
semantic information of missing modalities. This is be-
cause latent distribution models can introduce noise, while
prototype-based and single-sample methods capture only
partial semantic information, leading to impoverished repre-
sentations. Beyond reconstruction, a major challenge lies in
robust cross-modal alignment. Existing methods commonly
adopt Empirical Risk Minimization (ERM) (Arjovsky et al.
2019) for training, which is susceptible to dataset biases and
prone to learning spurious correlations between visual and
textual modalities. As illustrated in Fig.1(b), due to the fre-
quent co-occurrence of “person” and “bottle” in the train-
ing data, a model might erroneously retrieve images of a
“person” when the query text only mentions “bottle”. This
demonstrates how spurious correlations can severely impair
retrieval performance. These limitations highlight a funda-
mental research challenge: “How can we fully recover the
semantic content of missing modalities while simultaneously
eliminating spurious cross-modal correlations to achieve ro-
bust ICMR?”

To answer this question, we propose Causality-Aligned
Semantic Recovery (CASR), a robust ICMR method com-
prising two key components: the Missing Modality Imag-
ination (MMI) module and the Explicit Causal Alignment
(ECA) module. The design of our MMI module is in-
spired by the human cognitive ability to infer missing in-
formation using category knowledge and contextual cues.
Specifically, MMI fuses rich category semantic features
generated by a large language model with fine-grained
contextual information from similar samples to approxi-
mate the reconstruction of the missing modality represen-
tation. This approach allows for the reconstruction of miss-
ing modality representations that preserve global semantics
while incorporating local details, thereby achieving high se-
mantic completeness and representational fidelity. To mit-
igate spurious cross-modal correlations, the ECA module
learns environment-invariant representations. It re-weights
training samples to simulate diverse environments and ex-
tracts causal features that are consistent across them. This
causal learning paradigm enables robust and reliable cross-
modal alignment, free from dataset biases. Furthermore, we
demonstrate the versatility of our CASR by extending it to
the challenging task of Partially Aligned Cross-Modal Re-
trieval. In this setting, we treat each unpaired sample as two
types of modality-missing scenarios: images without corre-
sponding texts, and texts without corresponding images. We
employ the MMI module for modality recovery and the ECA
module for robust cross-modal matching. Our main contri-
butions are summarized as follows:

* We propose a Causal-Aligned Semantic Recovery frame-
work that enhances retrieval robustness under incomplete
data by achieving fully semantic recovery of missing
modalities and precise cross-modal alignment.

To restore the missing semantics, the MMI module sim-
ulates human cognition by integrating the category se-
mantic prior and the contextual prior of similar samples
to guide the reasonable reconstruction.

* To enhance cross-modal semantic alignment, the ECA
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module suppresses spurious correlations by explic-
itly learning environment-invariant embedding based on
causal inference.

* We demonstrate the effectiveness and robustness of
CASR with different missing rates on five benchmark
datasets through extensive experiments.

2 Related Work

Incomplete Cross-Modal Retrieval (ICMR) differs from
traditional cross-modal retrieval (Liu et al. 2024, 2025a,b) in
that it focuses on achieving robust retrieval when modalities
are partially damaged or missing. Existing [CMR methods
typically follow a two-step paradigm: recovering the miss-
ing modality semantics and performing cross-modal align-
ment. For instance, DAVAE (Jing et al. 2020) employs vari-
ational autoencoders to model latent distributions for gener-
ating missing modalities. PAN (Zeng et al. 2021) introduces
semantic category prototypes to learn cross-modal invariant
representations. DCT (Shi et al. 2024) leverages adjacent se-
mantic correlations for retrieval, while SPAL (Wang et al.
2024b) and OTPAL (Wang et al. 2024a) construct shared se-
mantic prototypes to associate data across modalities. De-
spite their progress, these approaches often rely on indi-
vidual sample information or coarse prototypes that capture
only partial semantics, leading to incomplete modality re-
covery. Moreover, they are vulnerable to biases in the train-
ing data and prone to learning spurious cross-modal correla-
tions. In contrast, our CASR achieves more comprehensive
semantic recovery of missing modalities while eliminating
spurious correlations from a causal perspective, thereby sig-
nificantly improving retrieval accuracy and robustness.
Causal Inference. Traditional multimodal methods often
rely heavily on Empirical Risk Minimization (ERM), em-
phasizing statistical correlations among variables while
overlooking the underlying causal relationships, which
weakens model interpretability and robustness. To address
this limitation, Causal Inference (Pearl, Glymour, and Jew-
ell 2016) has recently been introduced into multimodal re-
search as an effective debiasing mechanism that uncovers la-
tent causal structures in data. It has shown promise in tasks
such as self-supervised learning (Wang et al. 2021), video
moment retrieval (Yang et al. 2021), medical image segmen-
tation (Song et al. 2025a,b), and person re-identification (Liu
et al. 2024). In contrast to existing ERM-based approaches
for ICMR, our CASR explicitly learns cross-environment
invariant embedding guided by causal inference. This strat-
egy helps eliminate spurious correlations between visual and
textual modalities, enabling the model to more accurately
capture true cross-modal relationships and significantly en-
hancing its interpretability and robustness.

3 Method
Problem Formulation
Our CASR aims to solve the common incomplete cross-
modal retrieval problem in real-world scenarios, where
some data lack corresponding other modalities (as shown in
Fig.2(a)). We define the training dataset as D = {Df, D™}.
Here, D/ = {(x¥,x!,y;)}., denotes complete instances,



where x7, X§, y; and ny are visual embedding, text em-
bedding, class label of the i-th instance and total number
of complete instances, respectively. D™ = {(x¥, —,v;) V
(—,xt, y;) } i is a modality-incomplete subset, where “—”
indicates a missing modality and n,, is the number of in-
complete instances. In addition, we also studied partially
aligned cross-modal retrieval, as shown in Fig.2(b), in which
there is a portion of unlabeled unpaired data. We treat these
samples as modality-incomplete data and apply CASR to
learn robust retrieval representations.
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Figure 2: Two types of incomplete data addressed by CASR.

Our Proposed Method: CASR

Missing Modality Imagination

As noted in Sec. 1, existing methods often fail to fully re-
cover missing modality semantics, impairing cross-modal
alignment. Thus, we propose a Missing Modality Imagina-
tion (MMI) module that reconstructs the missing modality
using semantic cues from related content. As shown in Fig.3,
MMI contains prior retriever, prior fusion and noise filter.
(1) Prior Retriever. When humans attempt to infer missing
modality information, they typically rely on two key cues:
category-level knowledge and contextual similarity seman-
tics. Inspired by this cognitive mechanism, we design our
retrieval model to mimic such “reasoning” by constructing
two prior memories: a category prior embedding memory
B, and a context prior embedding memory B.. Specifically,
for each category, we first prompt GPT-40 (Hurst et al. 2024)
with “Please generate an attribute-rich description for [class
name]”, obtaining a detailed textual description. We then
feed these descriptions into a frozen large language model
(LLM) to extract the category prior embedding B,,. Lever-
aging the LLM’s strengths in semantic understanding and
contextual modeling, B, effectively captures the underlying
semantic structure and fine-grained distinctions between cat-
egories, offering high-quality semantic prior support for sub-
sequent modality recovery and cross-modal alignment. Ad-
ditionally, we leverage the complete instances from the cur-
rent batch to build B.. We exploit available modality to re-
trieve valuable information from B, and B... Take text miss-
ing as an example, we first use the image representation x;
as a query to retrieve the most similar category prototype
p;, € R*4 from B,, where d = 1024 is the feature di-
mension. Then, we use x} to compute the cosine similarity
with the elements in B, to identify the top-K similar visual
representations S¢ = {s¥}X | and their corresponding tex-
tual representations S! = {s!}/ . The top-K retrieved in-
stances offer auxiliary contextual cues to facilitate the recov-
ery of the missing modality.
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(2) Prior Fusion and Noise Filter. To ensure the integrity
of semantic restoration, MMI module optimizes content
restoration by integrating multi-source auxiliary informa-
tion. Specifically, we employ a cross-attention block to es-
tablish interactions among p,, S;, and Sf, constructing the
text-level representation t; € R'*4 as:

FE @) SHT
Nz

where f2 (), fX(-), £ (-) denote the query, key, and value
functions for the text modality. In addition, considering the
potential noise in the text representation t;, we introduce
Fast Fourier Transform to filter the noise in the frequency
domain, which can be defined as:

t;=F (fo F(t)), 2

where F(-) and F~1(-) denote the Fourier transform and
its inverse, respectively, and © represents the element-wise
(Hadamard) product. f acts as a learnable filter. In addition,
when the image modality is missing, the above process can
be used to obtain the corresponding visual embedding v;.

t; = Softmax ( ) f7shH,

Explicit Causal Alignment

After the MMI module recovers the missing modality,
ICMR task learns the correspondence between visual modal-
ity V and textual modality L and infers retrieval result R
accordingly. This process can be formulated as:

P(R|V, L). (©)

To maximize probability P(R|V, L), we encourage cross-
modal representations of the same instance to be as similar
as possible. To achieve this, we introduce a consistency loss:

> ; “4)

where v; and t; are the common representations of the iy
sample. However, existing methods directly learning P(R |
V,T) inevitably capture spurious correlations (c.f., Sec.1).
As Fig.3 illustrates, we employ a Structural Causal Model
(SCM) (Pearl, Glymour, and Jewell 2016) to analyze dataset
bias. This reveals a confounder Z obscuring the true causal
pathways V' — R and L — R, inducing spurious correla-
tions V' < Z — L. To mitigate this confounding influence,
we propose an Explicit Causal Alignment (ECA) module.
While collecting data uniformly across diverse environ-
ments would eliminate the confounding effect of Z, it is
often costly and impractical (Arjovsky et al. 2019). Fortu-
nately, by implementing causal intervention through the do
calculus do(-), we can learn P* = P(R | do(V'),do(L))
by blocking the confounding paths 7 — V and Z — L,
thereby eliminating Z as a confounder (see Fig.3). Thus, we
stratify Z into Z = {z, 2, ..., 21}, where each z; repre-
sents a distinct contextual environment. Given an instance
(v, t;), the de-confounded model is formulated as follows:

P* =Y [P(z)P(BIf (vi), f'(t))], ©)

ZjEZ

2

=1

vit;

r 1) = ETEEETRERTIRTY
con(Vi; ;) vl - [ta]]
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Figure 3: Overview of the proposed CASR framework, which integrates two key modules: MMI for recovering missing modality
semantics and ECA for reinforcing causal cross-modal alignment, jointly enhancing retrieval robustness.

where fV(-) and f!(-) represent the functions that produce
the final visual and text embedding under dataset contextual
environment z;, respectively. By adopting the cross-modal
consistency loss L., , maximizing the probability of P*
P(R|do(V'),do(L)) is equivalent to minimizing Loy

ﬁbd = Z Z »Ccon(fv(vi),ft(ti))'

Zj€Z (viti)€xz;

(6

Eq.(6) poses two challenges: 1) how to obtain environments
z; with different biases; and 2) how to learn visual embed-
ding function f¥(-) and text embedding function f!(-).

To address challenge 1), we re-weight training samples
to simulate environments with different distribution biases.
As each sample carries unique contextual cues, this re-
weighting effectively shifts the dataset’s contextual distri-
bution (Deng and Zhang 2022). The loss in environment z;
in Eq.(6) can thus be expressed as:

‘Cenv(zj) - Z Wyj * Econ(fv(vi)v ft(tz))y (7)

(visti,wij)€z;

where w;; is the weight of instance (v;,t;) in environment
zj. We set the sum of weights for a instance across all k en-
vironments to 1: Z?Zl w;; = 1. Causal alignment should
avoid spurious correlations and remain invariant across dif-
ferent environments. To this end, inspired by Invariant Risk
Minimization (Arjovsky et al. 2019), we extend Eq.(6) by
adding a constraint that there exists an optimal classifier that
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is invariant and effective across environments:

ﬁznv((vzatz)) - Z [ﬁenv(zjva(vi)aft(ti))

z2;€Z
+a * va|w=1-0£env(2ja fv(vi)a ft(tz))”Q] >

where « is the trade-off hyper-parameter and w = 1.0 is a
“dummy” classifier to calculate the gradient penalty term.

Next we need to address challenge 2), which is to de-
sign fY(-) and f*(-) to learn the final embedding of vi-
sion and text, respectively. Since causal embedding lacks
explicit annotations, we introduce a Graph Attention Net-
work (GAT) (Velickovi¢ et al. 2017) for each modality to
mine latent causal embedding and effectively filter out ir-
relevant information that can easily lead to spurious correla-
tions. In this process, samples from each modality are treated
as graph nodes, with adjacency relations used to identify rel-
ative neighbors and construct local graphs. Thus, the feature
learning process is formulated as:

fO(vi;09), & = f1(t;0"), 9

where 0 and 0 represent the learnable parameters of f*(-)
and f*(-), respectively. To effectively learn causal embed-
ding, attention should be environment invariant, as its goal is
to learn causal embedding that are not disturbed by environ-
mental changes. This goal can be achieved by penalizing the
differences in attention parameters under different environ-
ments. Integrating the visual and textual attention modules

®)

v, =



and the environment invariance constraint into Eq.(8) yields:

Ecausal(vhfi) = Z [‘Cenv(zjaviafi)

zj €4
+o va|w:1.0£env(zjavivfi)Hz (10)
~ 112 112
+8+ (||or —6v| + )9§.—9t\ )],

where [ is the balance coefficient. 6* and 0" denote the av-
erage attention parameters learned across different environ-
ments. During inference, each modality uses a single atten-
tion net with parameters fixed to 6° and 6, respectively. Fi-
nally, we address the problem of generating diverse envi-
ronments (i.e., sampling weights w;;). ECA module learns
environments that the current embedding is not optimal by:

arg max Z IVwlw=1.0Lenv (25, Vi, €)% (11)
Z]‘GZ

We update the environments every e epochs.

Partially Aligned Cross-modal Retrieval

CASR is extended to address partially aligned cross-modal
retrieval, which involves training data with semantically un-
paired image-text pairs (see Fig.2(b)). Diverging from meth-
ods that leverage category prototypes (e.g., SPAL (Wang
et al. 2024b) and OTPAL (Wang et al. 2024a)), CASR
reinterprets unpaired data as a modality-missing problem.
For example, when the instance (xV,x!) exhibits a seman-
tic mismatch, we regard X; as missing its corresponding
text modality, and x! as missing its corresponding image
modality. The missing modality is recovered using the MMI
module, while the ECA module further refines cross-modal
alignment. This strategy mitigates the reliance on category
prototypes that capture only partial semantics, thereby en-
hancing the model’s robustness to noisy data.

Learning Strategies
To achieve robust ICMR, we design a unified learning ob-
jective that combines two losses: 1) We use the classification
loss L5 to preserve category-level semantics:

‘Ccls

1 n
== (i +log() +vi log(3)) . (12)
=1

where ¢ and ¢! are predicted values by the two MLP clas-
sifier layers. Note that for unlabeled data in partially aligned
cross-modal retrieval, we follow SPAL (Wang et al. 2024b)
to generate pseudo-labels ¢;. 2) We also adopt the proposed
L cqusal to promote cross-modal alignment as described in
Sec. 3. The total loss is given by:

£total = Ecausal + A% »Cclsa (13)

where A\ denotes the balance coefficient. The CASR process
is summarized in Algorithm 1.

4 Experiments and Results
In this section, we conduct extensive experiments to an-
swer the following research questions: RQ1: To what ex-
tent does the proposed CASR framework alleviate the issue
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Algorithm 1: CASR

Input: Data D, Visual Attention f?, Text Attention f*
for i = 1 to IV epochs do
Missing modality recovery by MMI
if i%e == 0 then
for j =1to M do
Update sample weights (environments)
end for
end if
Update the model parameters by minimizing L; ¢4
end for

1:
2
3
4
5:
6
7
8
9:

of incomplete data? RQ2: For the different components in
CASR, what are their roles and impacts on performance?
RQ3: What are the learning patterns and insights of CASR?

Experimental Settings

Datasets and Data Splitting. We conduct experiments on
four image-text retrieval datasets: Wikipedia (Rasiwasia
et al. 2010), Pascal-Sentence (Rashtchian et al. 2010), NUS-
WIDE-10K (Chua et al. 2009), and XmediaNet (Peng, Qi,
and Yuan 2018), along with one video-text dataset, MSR-
VTT (Xu et al. 2016). For incomplete cross-modal retrieval
(ICMR) setting, we randomly remove a portion of vision or
text modalities to simulate incomplete scenarios. The con-
figuration (50%P, 0%I, 50%T) indicates that 50% of the
training samples are complete, while the remaining 50%
contain only text features. For partially aligned cross-modal
retrieval (PACMR) setting, we randomly designate 20%,
40%, or 60% of the training samples as labeled paired data,
with the rest treated as unlabeled unpaired samples.
Implementation Details. Our method is implemented in
PyTorch and all experiments are conducted on an NVIDIA
4090 GPU. Following prior work (Shi et al. 2024), we use
the pre-trained CLIP model (Radford et al. 2021) to extract
1024-dimensional features for both images and texts. For
the MMI module, we adopt frozen Deepseek-LLM (Bi et al.
2024) as the category prior encoder. The model is optimized
using the Adam optimizer with a fixed learning rate of 0.001
and a batch size of 256. We train for 100, 100, 200, and 100
epochs on the Wikipedia, Pascal Sentence, XmediaNet, and
NUS-WIDE-10K datasets, respectively. Mean Average Pre-
cision (mAP) is used as the evaluation metric, following (Shi
et al. 2024; Wang et al. 2024b). For video-text retrieval, we
use CLIP4CLIP (Luo et al. 2022) as the feature extractor for
both modalities. The model is trained for 10 epochs with a
batch size of 64, and performance is evaluated by the sum of
Recall@K (K =1, 5, 10). The hyper-parameters «, 5 and A
are set to 1.0, 0.4 and 0.6, respectively.

Comparisons with SOTA Methods (RQ1)

We comprehensively evaluate CASR across different train-
ing paradigms, comparing it with: 1) Supervised: DAVAE
(Jing et al. 2020), PAN (Zeng et al. 2021), C3CMR (Wang
et al. 2022), and DCT (Shi et al. 2024). 2) Semi-supervised:
SCLg (Liu et al. 2022), SPAL (Wang et al. 2024b), and OT-
PAL (Wang et al. 2024a).



Imbalance Setting Wikipedia Pascal Sentence NUS-WIDE

DAVAE DCT OTPAL Ours | DAVAE DCT OTPAL Ours | DAVAE DCT OTPAL Ours
(100%P, 0%1, 0%T) 0578 0.602  0.622 0.658 | 0.710 0.760  0.782  0.806 | 0.594  0.625 0.638  0.693
(50%P, 50%I, 0%T) 0559 0578 0.604 0.649 | 0.714 0.747 0762 0.780 | 0.591 0.615 0.628  0.673
(50%P, 0%I, 50%T) 0585 0591 0.612 0.651 | 0.651 0.725 0.744 0.767 | 0594 0.615 0.630 0.665
(50%P, 25%I1,25%T) | 0.579 0587 0599 0.637 | 0.735 0.734 0.749 0.778 | 0.594 0.618 0.634  0.668
(30%P, 70%I1, 0%T) 0.544 0574 0.607 0.633 | 0.687 0.729 0.751 0.775 | 0581 0.601 0.617 0.669
(30%P, 0%I, 70%T) 0.568 0.584 0.608 0.643 | 0.651 0.707 0.731 0.766 | 0.586 0.614 0.631  0.675
(30%P, 35%I1,35%T) | 0.581 0586 0.612 0.649 | 0.715 0.721 0.737 0.765 | 0.602 0.614 0.619 0.659
(10%P, 90%1, 0%T) 0482 0.541 0.603 0.647 | 0578 0.719 0.730 0.744 | 0.538 0.593 0.621  0.676
(10%P, 0%I, 90%T) 0506 0573 0.628 0.648 | 0.545 0.719 0.723 0.749 | 0555 0597 0.618  0.684
(10%P, 45%]1, 45%T) | 0.549 0589 0.601 0.653 | 0.633 0.707 0.726 0.755 | 0.582 0.603 0.624  0.679

Table 1: Average mAP scores with different modality missing rates on three datasets.

Datasets Methods | Venue 20% Paired data 40% Paired data 60% Paired data
2T T2I Avg I2T T2I Avg 12T T2I Avg
PAN SIGIR21 0.580 0.590 0.585 | 0.590 0.603 0.596 | 0.596 0.608 0.602
C3CMR | MM22 0.574 0.580 0.577 | 0.584 0.597 0.590 | 0.596 0.604 0.600
DCT TOMM?23 | 0.551 0.511 0.531 | 0.559 0.553 0.556 | 0.572 0.571 0.571
SCL TMM22 0.607 0.613 0.610 | 0.611 0.619 0.615 | 0.612 0.622 0.617
NUS-WIDE | OTPAL | MM24 0.631 0.639 0.635 | 0.636 0.638 0.637 | 0.635 0.645 0.640
Ours AAAI26 0.673 0.665 0.669 | 0.675 0.677 0.676 | 0.675 0.684 0.680
PAN SIGIR21 0.541 0525 0.533 ] 0562 0.548 0.555 | 0.577 0.561 0.569
C3CMR | MM22 0.499 0481 0490 | 0.530 0.518 0.524 | 0.553 0.535 0.544
DCT TOMM?23 | 0452 0.399 0425 | 0.548 0.520 0.534 | 0.560 0.539 0.549
SCLg TMM22 0.562 0.538 0.550 | 0.599 0.577 0.588 | 0.613 0.579 0.596
Wikipedia OTPAL | MM24 0.570 0.556 0.563 | 0.609 0.589 0.599 | 0.614 0.600 0.607
Ours AAAI26 0.621 0.603 0.612 | 0.641 0.635 0.638 | 0.655 0.644 0.650
PAN SIGIR21 0.451 0485 0468 | 0456 0486 0471 | 0457 0491 0474
C3CMR | MM22 0.542 0.548 0.545 | 0.576 0.586 0.581 | 0.595 0.601 0.598
DCT TOMM?23 | 0.573 0.544 0.558 | 0.610 0.567 0.588 | 0.586 0.595 0.590
SCL TMM22 0.636 0.648 0.642 | 0.672 0.682 0.677 | 0.675 0.685 0.680
XmediaNet | OTPAL | MM24 0.726 0.706 0.716 | 0.731 0.744 0.737 | 0.738 0.752 0.745
Ours AAAI26 0.760 0.748 0.754 | 0.768 0.763 0.766 | 0.784 0.783 0.784

Table 2: Retrieval performance for mAP scores compared to existing methods on three datasets with partially aligned data.

Comparison on ICMR setting. To evaluate the robustness
of CASR under incomplete data, we conducted experiments
with varying proportions of missing modalities, as shown in
Tab.1. CASR consistently achieved the best retrieval perfor-
mance across all imbalance settings, with particularly out-
standing results under severe modality-missing conditions.
For example, in setting (10%P, 90%I1, 0%T), CASR out-
performed OTPAL by 7.3%, 1.9%, and 8.8% on the three
datasets, respectively. Furthermore, we evaluated CASR in
the incomplete video-text retrieval scenario (see Tab.3). Us-
ing CLIPACLIP (denoted as “C”) as the baseline, we com-
bined it with DCT, OTPAL and CASR, respectively. The re-
sults demonstrate that CASR significantly enhances the ro-
bustness of CLIP4CLIP. These findings indicate that CASR
possesses stronger capabilities in both modality recovery
and cross-modal alignment.

Comparison on PACMR setting. We further evaluated the
robustness of CASR in the PACMR setting, as shown in Ta-
ble 2. Unlike supervised methods (e.g., C3CMR and DCT)
or unsupervised methods (e.g., OTPAL), our approach treats
the unlabeled unpaired samples as a form of incomplete
data. Experimental results under various noise rates demon-
strate that CASR consistently achieves state-of-the-art per-
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Imbalance Setting MSR-VIT

C C-DCT | C-OTPAL | Ours
(100%P, 0%]1, 0%T) 387.9 | 394.3 391.6 407.5
(50%P, 25%I, 25%T) | 304.8 3279 3354 349.2
(30%P, 35%]1, 35%T) | 309.7 | 330.4 340.1 347.2
(10%P, 90%]1, 0%T) 301.5 | 3234 329.1 342.5
(10%P, 45%I, 45%T) | 303.4 | 324.0 332.7 343.6

Table 3: Performance on MSR-VTT dataset under different
modality missing rates.“C” stands for CLIP4CLIP.

formance. Even with only 20% labeled data across the three
datasets, CASR surpasses the second-best method, OTPAL,
by 5.3%, 8.7%, and 5.3% in terms of mAP scores. These re-
sults clearly demonstrate that CASR is not only effective in
handling missing modalities, but also applicable to complex
real-world scenarios involving unlabeled unpaired samples.

In-depth Studies of CASR (RQ2)

Contributions of the CASR’s components. To fully un-
derstand CASR, we evaluate the effectiveness of the MMI
and ECA modules on Pascal Sentence and NUS-WIDE un-
der the (50%P, 25%]1, 25%T) setting. The corresponding re-



Methods Pascal Sentence NUS-WIDE

12T T2I Avg 2T T2I Avg
Baseline | 0.726 0.692 0.709 | 0.631 0.633 0.632
w/o MMI | 0.759 0.762 0.761 | 0.645 0.661 0.653
w/o ECA | 0.764 0.761 0.763 | 0.657 0.653 0.655
CASR 0.789 0.767 0.778 | 0.674 0.664 0.668

Table 4: Effects of CASR’s components on Pascal Sentence
and NUS-WIDE under the (50%P, 25%]1, 25%T) setting.

sults are reported in Tab.4. 1) Effectiveness of MMI. Dis-
abling MMI (“w/o MMI”) results in a 2.2% drop in Aver-
age mAP on Pascal Sentence (0.761 vs. 0.778), highlighting
MMTI’s essential role in recovering complete semantics. 2)
Effectiveness of ECA. Excluding ECA (“w/o ECA”) causes
a 1.9% decrease in Average mAP on NUS-WIDE (0.655
vs. 0.668), demonstrating ECA’s effectiveness in enhancing
cross-modal causal alignment.

Parametric Sensitivity Analysis. We present the sensitiv-
ity analysis of the hyper-parameters «, (8, and A in Fig.4.
Experiments are conducted on Wikipedia and NUS-WIDE
datasets under the (10%P, 45%]I, 45%T) setting. « and
balance the gradient penalty and the attention discrepancy
penalty, respectively. A represents the intensity of the classi-
fication loss. Our model exhibits minimal fluctuations across
a wide range of hyper-parameters, indicating that perfor-
mance remains stable and robust to parameter variations.

0.66 mmm  g-Wikipedial 0.68
B-Wikipedia
0.67
0.64
0.66
g g -#~ )-NUS-WIDE
< < J-Wikipedi
0-65_ A 1Kipedia
0.62
0.64—
0.60 0.63 T T T T 1

02 04 06 08 1.0 1.2 14

0.2 04 06 0.8 1.0 1.2

Figure 4: Ablation studies of Hyper-parameters.

Qualitative Analysis (RQ3)

By nature, CASR is equipped with intrinsic visual explain-
ability. To capture the learning insights of CASR, we per-
form a series of detailed visual analyses.

Feature Visualization. In Fig.5, we visualize the visual and
textual representations learned by the models on the NUS-
WIDE-10K test set using t-SNE. Specifically, we compare
the features learned by DCT (Fig.5(a)) with those learned
by CASR (Fig.5(b)). It is evident that, compared to DCT,
the image and text features learned by CASR exhibit more
compact intra-class clustering and clearer inter-class sepa-
ration. This semantically discriminative distribution verifies
the effectiveness of CASR in enhancing both semantic dis-
crimination and cross-modal alignment invariance.
Retrieval Visualization. Looking closely at Fig.6, com-
pared to DCL and OTPAL, CASR is more effective in
mitigating spurious cross-modal associations in retrieval,
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Figure 5: T-SNE visualization of NUS-WIDE test data.

thereby focusing more accurately on true causal alignments.
As discussed in Sec.1, the frequent co-occurrence of “per-
son” and “bottle” in the training data can mislead models
like DCL and OTPAL. When retrieving using a textual query
that only mentions “bottle”, these models tend to be influ-
enced by the spurious co-occurrence, causing the correct im-
age to appear lower in the ranking. In contrast, CASR, with
the aid of the ECA module, uncovers more authentic causal
alignments, allowing it to rank semantically matching im-
ages at the top of the retrieval results.

Query: A black and white photo of a glass
bottle of Coca Cola.

- I

Figure 6: Text-to-image retrieval results on Pascal Sentence.

5 Conclusion

In this paper, we propose Causality-Aligned Semantic Re-
covery (CASR), a novel method to enhance the robust-
ness of ICMR. We identify two critical limitations in ex-
isting approaches: insufficient semantic reconstruction and
vulnerability to spurious cross-modal correlations. To ad-
dress these issues, we design two core modules: the Miss-
ing Modality Imagination (MMI) module and the Explicit
Causal Alignment (ECA) module. Specifically, the MMI
module leverages category and contextual priors to com-
prehensively reconstruct the semantics of missing modal-
ities, while the ECA module learns environment-invariant
embedding to suppress spurious correlations and reinforce
true causal alignments. Extensive experiments demonstrate
the effectiveness of CASR in improving both retrieval ac-
curacy and robustness. Looking ahead, we will investigate
the applicability of CASR in real-world scenarios where in-
complete modalities frequently occur, such as video ques-
tion answering (Yang et al. 2024b) and text-to-pointcloud
localization(Xu et al. 2025).
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