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Abstract

We introduce DiMPLe (Disentangled Multi-Modal Prompt
Learning), a novel approach to disentangle invariant and
spurious features across vision and language modalities
in multi-modal learning. Spurious correlations in visual
data often hinder out-of-distribution (OOD) performance.
Unlike prior methods focusing solely on image features,
DiMPLe disentangles features within and across modali-
ties while maintaining consistent alignment, enabling bet-
ter generalization to novel classes and robustness to distri-
bution shifts. Our method combines three key objectives:
(1) mutual information minimization between invariant and
spurious features, (2) spurious feature regularization, and
(3) contrastive learning on invariant features. Extensive ex-
periments demonstrate DiMPLe demonstrates superior per-
formance compared to CoOp-OOD, when averaged across
11 diverse datasets, and achieves absolute gains of 15.27 in
base class accuracy and 44.31 in novel class accuracy. The
code is available at github.com/rumaima/DiMPLe.

1. Introduction

Contrastive Language-Image Pretraining (CLIP) [21] rev-
olutionized multi-modal learning by linking textual and vi-
sual data [11], [24], [5], [7], [17]. The semantic associations
present in the shared image-text embedding space allowed
it to make predictions on novel and unseen categories, in-
spiring further research in the domain of multi-modal un-
derstanding. Prompt tuning methods like CoOp [31] refined
CLIP’s performance through context optimization of learn-
able prompt vectors, and demonstrate improved text-visual
alignment and model adaptability. By employing different
prompt-initialization strategies, CoOp successfully showed
how prompt engineering could facilitate model adaptabil-
ity and enable improved alignment between text and visual
representations. However, despite CoOp’s effectiveness, it
exhibited limited generalizability to novel classes. This lim-
itation stemmed from spurious correlations within the vi-
sual data, which often misled the model’s predictions when
applied to out-of-distribution (OOD) samples.
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CoOp-0O0D [29], an enhancement to the original CoOp,
addressed this issue by decoupling invariant and spurious
features in the images. By maximizing the similarity be-
tween invariant visual features and the corresponding tex-
tual representations, it emphasized on robust features, while
regulating the predictions based on spurious ones. Ad-
ditionally, minimizing the conditional mutual information
between invariant and spurious image features ensured a
clearer separation within the feature space.

Nonetheless, a crucial consideration in this approach
remains unaddressed: spurious features within an image
should logically correspond to spurious elements within
textual representations, while invariant features should be
aligned exclusively with invariant text components. With-
out explicit mapping, the disentanglement process may lead
to ambiguous associations between spurious and invariant
features, making it difficult for the model to distinguish rel-
evant signals from noise during inference as seen in Fig. |
(a) and (c). This ambiguity can propagate through the net-
work, potentially amplifying the influence of spurious cor-
relations under domain shifts or when encountering novel
categories. By explicitly aligning spurious and invariant
features within and across modalities, the model ensures
consistent feature associations, thereby enhancing its inter-
pretability and resilience in applications where distribution
shifts are inevitable.

In light of these limitations, we propose DiMPLe - a
Disentangled Multi-Modal Prompt Learning a principled
approach aimed at separating invariant and spurious fea-
tures across both vision and language modalities. DiMPLe
achieves this by minimizing the conditional mutual infor-
mation between the invariant and spurious features within
each modality. Our contribution can be summarised as:

1. DiMPLe is a coherent approach to feature disentangle-
ment across vision-language modalities avoiding ambi-
guities across modality mappings (Fig. | (b) and (d)).

2. DiMPLe goes beyond spurious correlation mitigation by
employing class-conditioned mutual information mini-
mization that maintains separation between invariant and
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Figure 1. (a) Without the explicit mapping in previous methods, spurious elements in the text embeddings may inadvertently align with the
visual model’s invariant features, weakening the model’s robustness and reducing its effectiveness on novel classes and out-of-distribution
images. (b) Importance of a principled method (DiMPLe) for disentangling multi-modal representations, to enhance generalization for
novel classes as well as to improve the robustness of multi-modal models against distribution shifts for the same class by explicitly mapping
the invariant and spurious features for each modality. (c) In previous methods, during training, the general textual features are used to align
with the invariant image features as well as spurious image features. (d) DiMPLe removes the ambiguous mapping by aligning the invariant
textual and image features as well as associating spurious textual features with their spurious image counterparts.

spurious components across modalities and ensures ef-
fective separation of unwanted correlations and associat-
ing spurious textual features with its image counterpart.

. DiMPLe achieves significant improvements in both base
and novel class performance. Ensuring that invariant
features remain isolated and consistent, it transfers better
across diverse datasets against distribution shifts for the
same class, compared to existing methods.

2. Related Works

Vision-Language Models (VLMs) like CLIP have revolu-
tionized the paradigm of multi-modal training by leverag-
ing the semantic alignment between visual and textual fea-
tures. The effectiveness of these models heavily depends on
how the text prompts are constructed and optimized. Early
approaches [11], [1], [17], relied on hand-crafted prompts,
but recent work such as [31], [12], [32], [13], [28] have
shown that learnable prompts can significantly improve per-
formance. CoOp [31] introduced a paradigm shift by re-
placing hand-crafted prompts with learnable context vec-

tors while keeping the class names fixed. This approach
demonstrated superior performance compared to manual
prompt engineering, particularly in base category classifi-
cation. However, CoOp’s performance degraded signifi-
cantly when applied to novel classes, indicating limitations
in its generalization capabilities. MaPLe [15] advanced
the field by introducing a meta-learning framework for
prompt optimization. The key innovation was the separa-
tion of prompts into two components: a shared meta-prompt
that captures domain-general knowledge, and class-specific
prompts that encode category-specific features. This de-
composition allowed for better generalization to unseen
classes while maintaining strong performance on base cat-
egories. MaPLe’s meta-learning strategy enables the model
to learn how to adapt prompts quickly for new categories,
addressing a key limitation of previous approaches.

Out-of-distribution (OOD) generalization has emerged
as a critical challenge for Vision-Language Models, par-
ticularly in real-world applications where test distributions
may differ significantly from training data. Co-CoOp [30]
specifically addressed the OOD challenge by introducing
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Figure 2. An overview of DiMPLe (Disentangled Multi-modal Prompt Learning), a unified multi-modal prompt-tuning approach that
leverages disentangled image and text features, along with multi-stage deep prompting where vision prompts are conditioned on language.

instance-conditional prompts. Unlike its predecessor CoOp,
Co-CoOp generates prompts that are conditioned on the in-
put image, allowing for more flexible and adaptive represen-
tations. This approach showed remarkable improvements
in OOD scenarios, particularly when dealing with distri-
bution shifts caused by changes in visual styles or envi-
ronmental conditions. CoOp-OOD [29] further explored
the OOD challenge by introducing a framework specifi-
cally designed for improving the generalization of out-of-
distribution samples. The method employs a novel training
strategy that explicitly considers distribution shifts during
prompt optimization. By incorporating both in-distribution
and simulated OOD samples during training, CoOp-OOD
develops more robust prompt representations that main-
tain performance across different domains. CLIP-OOD
[23] represents another significant advancement in address-
ing OOD challenges. The work introduces a systematic
approach to analyzing and improving CLIP’s OOD gen-
eralization capabilities. Collectively, these works high-
light an important trend in the field: the evolution from
static, manually-crafted prompts to increasingly sophisti-
cated, adaptive prompt learning strategies that explicitly
consider generalization and robustness. The progression
from CoOp to MaPLe and from Co-CoOp to CLIP-OOD
demonstrates the field’s growing emphasis on developing
methods that can handle real-world challenges like distri-
bution shifts and novel class recognition. These develop-
ments suggest future research directions, including, inte-
gration of multiple prompt learning strategies, investigat-
ing techniques for identifying and mitigating specific types
of distribution shifts and exploring ways to incorporate do-
main knowledge into prompt learning frameworks.
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3. Methodology

Our approach introduces a joint disentanglement of invari-
ant and spurious features in both image and text modali-
ties, advancing beyond CoOp-OOD’s image-only focus to
improve robustness to novel classes. To further enhance
cross-modal consistency, we incorporate deep vision and
language prompts [15], enabling more precise and aligned
representation learning across modalities.

3.1. DiMPLe - An Overview

Motivated by the synergistic alignment of multiple modal-
ities, it is logical to perform the disentanglement of in-
variant and spurious features within both the visual and
textual feature spaces. As a result, we propose DiMPLe
(Disentangled Multi-modal Prompt Learning) (Fig. 2), a
unified multi-modal prompt-tuning approach that leverages
disentangled image and text features, along with multi-stage
deep prompting where vision prompts are conditioned on
language, to achieve enhanced OOD generalization.

Image Feature Decomposition and Decoupling: We
start by decomposing image features z.,; from the vision
encoder into invariant features z;, captured by a linear
projection layer ¢, and spurious features z.; ; captured by
a separate projection layer v,,. Similarly, we project the
textual features zy; obtained from the textual encoder into
invariant features z; ,, using a linear projection layer ¢; and
spurious features z; ; using another linear projection layer
1¢. This is formulated as:

Zyis = qpv(zvi) (D
Zt;s = z/Jt(zti) 2

Zyiy = o (Zvi)a

Ztj oy = ¢t(Zt¢),



This decomposition enables us to isolate the stable, class-
relevant features from those influenced by spurious correla-
tions, thus achieving unbiased alignment in OOD scenarios.

Conditional Independence Regularization: We en-
force a conditional independence constraint between the in-
variant representations z; ,, and its spurious counterpart z; g
given the label Y for the vision (v) and text (¢) modali-
ties, using a mutual information regularization term L,,;
to minimize the conditional mutual information:

Lemiv = 1(Zviu;2Zvi s|Y) for image features,

3)

Lemit = 124 4; 2¢; |Y) for text features,

‘Ccmi = avg(ﬁcmi,v7 Ecmi,t)

Practically, we estimate L.,,; based on the HSIC metric
proposed by [14] which minimizes the conditional mutual
information by promoting the independence of variables. It
achieves this by computing the Conditional Hilbert-Schmidt
Independence Criterion (HSIC) between two sets of fea-
tures: invariant (x) and spurious (y) conditioned on the class
label (z), capturing distinct and relevant signals.

Deep Multi-modal Prompt Tuning: We incorpo-
rate multi-modal deep prompting by introducing learnable
prompt tokens in both vision and language branches up to
the J-th transformer layer, where J < K, with K be-
ing the total number of layers in the CLIP model. In the
language branch, we introduce b learnable prompt tokens
{P; € Ru}%_, and the prompts are progressively updated
within each transformer layer:

[Pi, Wi] = Li([Pi—1, Wi-1]) “)
In the vision branch, we add learnable prompts {151 €
R9v}b_ that are incorporated at each transformer block,
updating the feature representations as:

[ci, B, Pi] = Vi([ci—1, Ei—1, Pi—1]) )
Vision-Language Prompt Coupling via Linear Pro-
jection: We incorporate vision-language coupling by con-
ditioning vision prompts P; on the language prompts P
through a linear projection F; that maps text embeddings
P; into the vision space. This coupling is represented as:

B =F,(P), P eR" (6)
This coupling function bridges the vision and language
modalities by enabling prompt learning in a shared embed-
ding space, enhancing consistency and complementary rep-
resentation across both branches.

Disentangled Cross-modal Alignment: We use a two-
fold contrastive learning loss to align the invariant features
with class-relevant prompts and spurious ones with unre-

lated prompts in order to avoid spurious interference:
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(1) We minimize the cross-entropy loss LY, between the
invariant image z; ,, and text z, ,, features:

N
Lée=— Zyz log pu(yilz:) @)
i=1
exXp(Sim(Zv; s Zti o)/ T
Pu(yilzs) = (S0 s 2/ 7) , ®

c
D j—1 €Xp

(2) For the spurious features, we use a uniformity con-
straint to prevent classification alignment on these features
for both modalities, using the Kullback-Leibler (KL) diver-
gence loss L7, which helps prevent shortcut learning:

(Sim(ZV]‘ﬂ“ th,u)/T)

N
LP = Z Uk £.(ps(yilzi)|po)

i=1

€))

The combined objective function integrates all components:

‘C = ‘Cge + O“Cvsﬂp + 6£cmi (10)
where « and 3 balance the effects of spurious, invariant,
and conditional independence terms. Here, p,, is the pre-
dicted probability distribution over classes using invariant
features, p, is the predicted probability distribution using
spurious features and py is the uniform distribution.

Method Base Acc. Novel Acc. HM
Independent Vision-Language Prompting

1: CoOP-OOD* 25.99 29.98 27.6
2: DiMPLe* 76.73 7236 7448
Conditioned Vision-Language Prompting

1: CoOP-OOD+ 62.72 65.6 64.13
2: DiMPLe 76.09 73.35 7470

Table 1. Comparison of DiMPLe with different prompting de-
signs in base-to-novel generalization. Results are averaged over
11 datasets. IVL-P is independent vision-language prompting,
CVL-P is conditioned vision-language prompting where the vision
prompts are conditioned on the textual prompts. CoOP-OOD*
is CoOP-OOD w/ IVL-P, CoOP-OOD%is CoOP-OOD w/ CVL-P
and DiMPLe* is DiMPLe using IVL-P. HM is the harmonic mean.

4. Experiments and Results

Datasets: For evaluating base-to-novel class generaliza-
tion and cross-dataset performance, we assess our model on
11 image classification datasets covering a broad range of
tasks. These include two general-object datasets, ImageNet
[4] and Caltech101 [6]; five fine-grained datasets, Oxford-
Pets [20], StanfordCars [16], Flowers102 [19], Food101
[2], and FGVCAircraft [18]; a scene recognition dataset,
SUN397 [27]; an action recognition dataset, UCF101 [25];
a texture dataset, DTD [3]; and a satellite-image dataset,



EuroSAT [8]. For domain generalization, we use Ima-
geNet as the source dataset and test it on four of its vari-
ants, including ImageNetV2 [22], ImageNetSketch [26],
ImageNet-A [10], and ImageNet-R [9].

Baselines: In addition to evaluating DiMPLe against ex-
isting CoOp-OOD [29] as discussed in the preliminary sec-
tion, we introduce two more baselines by incorporating vi-
sion prompts into the CoOp-OOD pipeline. As discussed
in Table 1, we specifically create two variants: (1) CoOp-
OOD#*, which extends CoOp-OOD with vision prompts
that operate independently from the language prompts, and
(2) CoOp-OODT, which incorporates vision prompts condi-
tioned on the learnable textual prompt vectors. Both CoOp-
OOD* and CoOp-OODtare trained using the same loss
functions that guide CoOp-OOD, ensuring consistency in
optimization objectives across the baselines.

Implementation Details: To implement our approach,
we used few-shot learning, selecting 16 random samples per
class and fine-tuning a pre-trained ViT-B/16 CLIP model.
The model architecture utilized specific dimensions (dl =
512, dv = 768, and dvl = 512) and employed prompt tun-
ing with a depth of 9 layers and prompt lengths of 2 for
both language and vision components. We use 512 — 512
simple linear projections to map the original text and vision
embeddings (both of shape [+, 512]) into disentangled in-
variant and spurious subspaces, each also of dimension 512.
The training was conducted on a single NVIDIA A100 GPU
over 5 epochs, using an SGD optimizer with a batch size of
4 and a learning rate of 0.0035, with results averaged across
3 runs. We initialized the first layer’s prompt vector using
CLIP’s pre-trained word embeddings for ’a photo of a [cat-
egory]’. Subsequent layers were randomly initialized using
a normal distribution. In cross-dataset evaluation scenarios,
we trained on all 1000 ImageNet classes using a reduced
prompt depth of 3 layers, training for 2 epochs with a learn-
ing rate of 0.0026, measuring performance through base and
novel class accuracies and their harmonic mean.

4.1. Base-to-Novel Class Generalization

We evaluate the generalizability of DiMPLe in a zero-shot
setup by assessing its performance on both base and novel
classes, highlighting its ability to handle out-of-distribution
(OOD) data. Each dataset is divided into base classes, used
for few-shot prompt tuning, and novel classes, which test
generalization to unseen categories without retraining. Ta-
ble 3 presents a detailed comparison of DiMPLe with base-
lines such as CLIP [21] and CoOp-OOD [29]. We also in-
clude CoOp-OOD+, an enhanced version that incorporates
conditioned vision prompts to improve adaptation to distri-
bution shifts. Results are reported across 11 datasets as well
as their average, using three key metrics: base accuracy,
novel accuracy, and harmonic mean (HM), which captures
the balance between in-distribution and OOD performance.
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DiMPLe consistently outperforms both zero-shot and fine-
tuned baselines, particularly on novel classes. For exam-
ple, it achieves absolute gains of 15.27 on base accuracy,
44.31 on novel accuracy, and 35.39 on HM when averaged
across datasets. These improvements are largely attributed
to DiMPLe’s disentanglement strategy, which separates in-
variant features from spurious ones, improving adaptability
to unseen domains. Notably, performance gains are most
evident on fine-grained datasets such as StanfordCars and
FGVC-Aircraft, where spurious cues are more likely to mis-
lead standard models.

4.2. Domain Generalization

We examine the robustness of our method by testing it on
out-of-distribution datasets. Like in cross-dataset evalua-
tion, we directly evaluate our ImageNet-trained model on
four distinct ImageNet variants- ImageNet-A, ImageNet-
R, ImageNet-S, and ImageNetV2. These variants represent
different types of domain shifts, testing the model’s ability
to generalize beyond the original ImageNet training data.
The results of DiMPLe are compared against CLIP and
CoOp-OO0D . CLIP represents a general-purpose vision-
language model baseline, while CoOp-OOD, is an approach
specifically designed for handling OOD shifts, which we
anticipate will perform differently from models not specifi-
cally optimized for OOD. Table 2 showcases that across all
target datasets, DiMPLe’s balanced scores suggest that it
offers consistent performance across different types of do-
main shifts without compromising in-distribution accuracy.

Source Target

ImageNet ImageNetV2 ImageNet-S ImageNet-A ImageNet-R

CLIP 66.73 60.83 46.15 47.71 73.96
CoOp-OOD  38.7 34.53 24.13 255 27.77
DiMPLe 69.73 61.2 45.67 44.07 73.87

Table 2. Evaluation under Domain Generalization setting: DiM-
PLe shows superior performance with respect to CoOp-OOD.

For the in-distribution ImageNet dataset, CLIP achieves
a base accuracy of 66.73%, while DiMPLe attains a close
score of 69.73%, indicating competitive performance in the
source domain. In contrast, CoOp-OOD significantly un-
derperforms with an accuracy of 38.7%, suggesting that
CoOp-OO0D sacrifices in-distribution performance to han-
dle OOD scenarios. For Out-of-Distribution evaluation,
DiMPLe performs similarly to CLIP, while CoOp-OOD
struggles significantly across all benchmarks. On Ima-
geNetV2, which introduces minor shifts, DiMPLe (61.2%)
slightly improves over CLIP (60.83%), while CoOp-OOD
struggles at 34.53%. On ImageNet-S, which assesses ro-
bustness to synthetic distortions, CLIP (46.15%) and DiM-
PLe (45.67%) perform similarly, but CoOp-OOD lags sig-



nificantly at 24.13%. For ImageNet-A, which contains
adversarially challenging images, CLIP (47.77%) outper-
forms DiMPLe (44.07%), while CoOp-OOD remains the
weakest (25.5%). Finally, on ImageNet-R, which tests
adaptation to visual shifts, DiMPLe (73.87%) remains
close to CLIP (73.96%), whereas CoOp-OOD struggles
at 27.77%. These results highlight that DiMPLe consis-
tently outperforms CoOp-OOD and remains competitive
with CLIP, demonstrating stronger domain generalization.
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Figure 3. A radar plot showing the results using CoOp-OOD,
DiMPLe, DiMPLe-E for Cross-Dataset (11 datasets) and Domain-
Generalization (4 ImageNet variants) evaluation. For training, all
1000 classes of ImageNet were used and the respective models
were evaluated using the above datasets in a zero-shot setting.

4.3. Cross-Dataset Evaluation

To test the potential for cross-dataset transfer, we ap-
ply our ImageNet-trained model to other datasets. Our
model undergoes few-shot training on all 1000 ImageNet
classes. When comparing CoOp-OOD and DiMPLe across
the cross-dataset evaluation, DiMPLe consistently outper-
forms CoOp-OOD by substantial margins, indicating DiM-
PLe’s robustness in cross-domain generalization. For exam-
ple, we can see in Fig. 3 on OxfordPets, DiMPLe achieves
85.67% accuracy, far surpassing CoOp-OOD’s 37.33%.
This pattern holds across most datasets, with DiMPLe scor-
ing 65.7% on OxfordFlowers and 92.1% on Caltech101,
whereas CoOp-OOD scores only 18.93% and 14.07%, re-
spectively. Notably, DiMPLe also excels on challenging
datasets such as ImageNet-A and ImageNet-R, achieving
44.07% and 73.87% accuracy, respectively, compared to
CoOp-O0D’s 25.5% and 27.77%.

4.4. Results Discussion

Dataset Size and Sample Diversity Trade-off: The impact
of dataset size and sample diversity on performance can be
critically analyzed by considering how both factors influ-
ence model generalization and adaptability across different
domains. DiMPLe’s performance across varied datasets,
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Figure 4. tSNE visualizations showing class discrimination ability
in CoOp-OO0D (top) compared to DiMPLe (bottom).

ranging from large, well-established datasets like ImageNet
to smaller, more diverse datasets like OxfordPets and Stan-
ford Cars, highlights key trends and challenges in model
robustness. As datasets grow in size and complexity, there
is an increased risk of overfitting to certain biases in the
data (e.g., class imbalance, spurious correlations). DiMPLe
mitigates this risk with its disentangling mechanism, which
ensures that it learns more invariant and less dataset-specific
features, allowing it to generalize better on both large-scale
and small, diverse datasets. It benefits from large datasets
for in-distribution performance but does not sacrifice its
adaptability on smaller, more diverse datasets.

Class Discrimination Ability-CoOp-OOD vs DiMPLe:
The ability to distinctly represent different classes in the
feature space, is a crucial aspect of robust image classifi-
cation, especially in scenarios involving OOD data. We use
t-SNE plots to visualize embedding distribution, providing
insights into class separation and cluster compactness. The
t-SNE visualizations in Fig. 4 compare the the class dis-
crimination capabilities of CoOp-OOD and DiMPLe, re-
vealing notable differences between the two approaches
as evident. Firstly, the compactness of clusters in DiM-
PLe embeddings 4 (bottom) indicates lower intra-class vari-
ance, meaning that samples from the same class are more
tightly grouped. CoOp-OOD embeddings 4 (top), however,
show looser clusters. Secondly, these visualizations con-
firm our hypothesis of the importance of segregating the in-
variant and spurious features for both modalities. Fig. 4
(top) presents a tSNE visualization using the CoOp-OOD
method. It shows how the invariant image features (circle)
are separated from spurious image features (diamond), and
all the textual features (triangle) are closer to invariant im-
age features in the embedding space compared to the spu-
rious ones. In contrast to this 4 (bottom) presents a tSNE



(a) Average over 11 datasets (b) ImageNet. (c) Caltech101
Base Novel | HM Base Novel | HM Base Novel | HM
CLIP 69.34 7422 | 71.70 CLIP 72.43 68.14 | 70.22 CLIP 96.84 94.00 | 95.40
ProDA 81.56 72.30 | 76.65 ProDA 75.40 70.23 | 72.72 ProDA 98.27 93.23 | 95.68
MaPLe 82.28 75.14 | 78.55 MaPLe 76.66 70.54 | 73.47 MaPLe 97.74  94.36 | 96.02
CoOp-OOD  60.82 29.04 | 39.31 CoOp-OOD  49.13 17.03 | 25.29 CoOp-OOD  26.10 19.20 | 22.12
CoOp-OODt 62.72 65.60 | 64.13 CoOp-OODf 6220 55.90 | 59.00 CoOp-OODf 91.20 92.57 | 91.88
DiMPLe 76.09 73.35 | 7470  DiMPLe 71.87  62.67 | 66.96 DiMPle 9743 93.53 | 95.44
(d) OxfordPets (e) StanfordCars (f) Flowers102
Base Novel ‘ HM Base Novel ‘ HM Base Novel ‘ HM
CLIP 91.17 97.26 | 94.12 CLIP 63.37 74.89 | 68.65 CLIP 72.08 77.80 | 74.83
ProDA 95.43 97.83 | 96.62 ProDA 7470  71.20 | 72.91 ProDA 97.70 68.68 | 80.66
MaPLe 9543 97.76 | 96.58 MaPLe 7294  74.00 | 73.47 MaPLe 95.92 72.46 | 82.56
CoOp-OOD 7297 34.73 | 47.06 CoOp-OOD  76.67 69.77 | 73.06 CoOp-OOD  79.13 16.17 | 26.85
CoOp-OODf 852  96.03 | 90.29 CoOp-OODf 55.83 62.23 | 58.86 CoOp-OODf 58.00 6193 | 59.9
DiMPLe 91.57 97.73 ‘ 94.55 DiMPLe 67.97 74.07 ‘ 70.89 DiMPLe 84.33 75.00 ‘ 79.39
(g) Food101 (h) FGVCAircraft (i) SUN397
Base Novel ‘ HM Base Novel ‘ HM Base Novel ‘ HM
CLIP 90.10 91.22 | 90.66 CLIP 27.19 36.29 | 31.09 CLIP 69.36  75.35 | 72.23
ProDA 90.30 88.57 | 89.43 ProDA 36.90 34.13 | 35.46 ProDA 78.67 7693 | 77.79
MaPLe 90.71 92.05 | 91.38 MaPLe 3744 35.61 | 36.50 MaPLe 80.82 78.70 | 79.75
CoOp-OOD 7440 34.27 | 46.93 CoOp-OOD 3327 4.83 8.44 CoOp-OOD 4523 30.03 | 36.1
CoOp-OODf 84.57 86.27 | 8541 CoOp-OODf 1640 23.23 | 19.23 CoOp-OODf 71.00 66.60 | 68.73
DiMPLe 89.80 91.23 ‘ 90.51 DiMPLe 30.57 36.80 ‘ 33.40 DiMPLe 75.43  74.27 ‘ 74.85
(j) DTD (k) EuroSAT (1) UCF101
Base Novel ‘ HM Base Novel ‘ HM Base Novel ‘ HM
CLIP 5324 5990 | 56.37 CLIP 56.48 64.05 | 60.03 CLIP 70.53 77.50 | 73.85
ProDA 80.67 56.48 | 66.44 ProDA 83.90 66.00 | 73.88 ProDA 85.23 7197 | 78.04
MaPLe 80.36 59.18 | 68.16 MaPLe 94.07 73.23 | 82.35 MaPLe 83.00 78.66 | 80.77
CoOp-OOD 5720 9.53 | 16.34 CoOp-OOD 85.70 38.63 | 53.25 CoOp-OOD  69.17 453 | 54.75
CoOp-OODT 41.70 44.23 | 4293 CoOp-OODf 5530 63.5 | 59.12 CoOp-OODf 68.23  69.1 | 68.66
DiMPLe 69.80 62.30 ‘ 65.84 DiMPLe 80.10 63.93 ‘ 71.11 DiMPLe 78.10 75.33 | 76.69

Table 3. Comparison of DiMPLe with CLIP, ProDA, MaPLe, CoOp-OOD and CoOp-OODfor base-to-novel generalization.

visualization using our approach i.e., DiMPLe. This em-
pirically shows how the textual invariant features (star) are
aligned with the image invariant features (circle) whereas
the textual spurious features (triangle) which are closer to
the image spurious features are well separated from the in-
variant ones. Thereby involving the multi-modal invariant
features to effectively contribute towards the accurate pre-
diction of a class and minimizing the influence of the spu-
rious ones. Thus we can conclude that by explicitly disen-
tangling invariant and spurious features across the vision-
language modalities, DiMPLe ensures that invariant embed-
dings primarily focus on class-relevant information.
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4.5. Ablation Experiments

Optimal points and strategy of disentanglement: In or-
der to maximize effectiveness, we must identify the optimal
points and strategies for disentangling invariant and spuri-
ous features across the two modalities. This leads us to
the following question: how and at what stage should we
disentangle the invariant and spurious features across the
two modalities? To answer this question, we analyze an
early disentanglement strategy (please see supplementary
B) within the DiMPLe framework which disentangles the
features during prompt initialization stage. In this approach,
two learnable prompts are designed for each modality and
are initialized with templates targeting invariant ("a photo



Effect of Grouping Effect of Number of Tokens Effect of Prompt Depth

Model (w/o Group Info)| CelebA # Tokens |Caltech101 Food101 Flowers102 Prompt Depth J|Caltech101 Food101 Flowers102
Avg ‘Worst Base Novel|Base Novel |Base Novel Base Novel|Base Novel|Base Novel

CoOp-OOD 78.10(31.11 n=1 |974 944|899 912 (827 755 J=3 97.7 95.1 1904 91.8 |79.3 73.3
DiMPLe ‘87.36‘ 70.0 n=2 |97.4 935 |89.8 91.2 |84.3 75.0 J=6 979 92.7 |190.6 91.7 |83.6 75.8
n=4 |974 92.8|88.6 90.3 [88.0 74.6 J=9 974 935 (89.8 91.2 843 75.0

J =12 97.6 92.5|89.2 91.3 (814 752

Table 4. Using group information during
training. CoOp-OOD vs DiMPLe.

capturing core and invariant features of [category]’) and
spurious features ("a photo with features that keep chang-
ing in [category]’), which are then projected into the vi-
sual space using learnable linear layers (4, and 7). This
design ensures the parallel decomposition of features in
both modalities, maintaining alignment through the shared
visual-language space. As evident in Fig. 3 in cross-dataset
evaluation, DiMPLe consistently outperforms DiMPLe-E
across a variety of datasets, showing better generalization.

Ablation on Loss components: Fig. 5 demonstrates
the impact of different loss components on model perfor-
mance. The baseline model using only the unsupervised
cross-entropy loss Ly, performs well, but adding the class-
wise mutual information loss L.,,; consistently enhances
accuracy across datasets. In contrast, adding only the spu-
rious feature regularization loss £? leads to suboptimal re-
sults, particularly in Food101 and Flowers102, highlight-
ing that suppressing spurious features without reinforcing
task-relevant ones is insufficient. While combining £, and
L.mi improves robustness, the full model—integrating all
three losses—achieves the best overall performance, with
LP encouraging generalization by reducing reliance on
spurious correlations. We use weighting coefficients « and
B for L3P and L., respectively, and find that « = 1.0,
B = 2.0 yields the best trade-off; both lower and higher val-
ues degrade performance. As a guideline, we recommend
fixing o = 1.0 and tuning S in [1, 2].

Effect of Number of Tokens and Prompt Depth Tables
5 and 6 examine the impact of varying the number of to-
kens and prompt depth on model performance respectively,
for base-t-novel generalization. For the number of tokens,
increasing from n = 1 to n = 2 shows minor variations
across datasets, with performance remaining stable. How-
ever, further increasing to n = 4 leads to a slight decline
in accuracy, particularly for the novel classes in all datasets,
suggesting while additional tokens may enhance feature ex-
pressiveness, excessive tokenization could introduce redun-
dancy, leading to diminishing returns. In case of prompt
depth, performance trends vary depending on the dataset.
Increasing the depth from J = 3 to J = 6 results in an
improvement for most datasets, with notable gains in Flow-
ers102. For J = 9 and J = 12, performance either plateaus
or slightly declines indicating deeper prompts can enhance
representation learning up to a certain extent, beyond which
they may lead to overfitting or reduced generalization.

Table 5. Varying the number of tokens.
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Table 6. Varying the prompt depth J.
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Figure 5. Impact of loss components on model performance.

Using group information during training: Table 4
evaluates model performance on CelebA, a hair color
prediction dataset with four groups: non-blond females
(G1, 3.9%), non-blond males (G2, 73.9%), blond females
(G3, 21.1%), and blond males (G4, 1.1%). The mi-
nority group G4 is severely underrepresented, and gen-
der acts as a spurious feature. CoOp-OOD, which opti-
mizes for OOD generalization, achieves an average accu-
racy of 78.10%, but its worst-group accuracy drops sig-
nificantly to 31.11%, showing poor generalization to the
minority group. DiMPLe, without explicitly incorporating
group information, achieves an improved average accuracy
of 87.36% and significantly enhances the worst-group accu-
racy to 70.0%. This suggests that DiMPLe generalizes bet-
ter across groups, mitigating the reliance on spurious cor-
relations and achieving robust performance for underrepre-
sented groups.

5. Conclusion

DiMPLe, enhances adaptation to OOD data by isolating in-
variant and spurious features at textual and visual levels.
A central novelty of our work lies in eliminating spurious
correlations within the textual modality using disentangle-
ment, an overlooked yet critical limitation in prior vision-
language models. More importantly, we uncover a key in-
sight: invariant image features can mis-align with spurious
textual prompts, reducing generalization. By explicitly ad-
dressing this through disentangled prompting, our method
not only improves generalization, but also establishes a new
paradigm for building reliable, prompt-tuned VLMs.
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