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Abstract

Recent vision-language models (VLMs) face significant
challenges in test-time adaptation to novel domains. While
cache-based methods show promise by leveraging histori-
cal information, they struggle with both caching unreliable
feature-label pairs and indiscriminately using single-class
information during querying, significantly compromising
adaptation accuracy. To address these limitations, we
propose COSMIC (Clique-Oriented Semantic Multi-space
Integration for CLIP), a robust test-time adaptation frame-
work that enhances adaptability through multi-granular,
cross-modal semantic caching and graph-based querying
mechanisms. Our framework introduces two key innova-
tions: Dual Semantics Graph (DSG) and Clique Guided
Hyper-class (CGH). The Dual Semantics Graph constructs
complementary semantic spaces by incorporating textual
features, coarse-grained CLIP features, and fine-grained
DINOv2 features to capture rich semantic relationships.
Building upon these dual graphs, the Clique Guided Hyper-
class component leverages structured class relationships
to enhance prediction robustness through correlated class
selection. Extensive experiments demonstrate COSMIC’s
superior performance across multiple benchmarks, achiev-
ing significant improvements over state-of-the-art methods:
15.81% gain on out-of-distribution tasks and 5.33% on
cross-domain generation with CLIP RN-50. Code is avail-
able at github.com/hf618/COSMIC.

1. Introduction

Vision-language models (VLMs), such as CLIP [28] and
ALIGN [17], have demonstrated remarkable performance
across various downstream tasks, including semantic seg-
mentation [21, 36] and video understanding [32, 35]. This
success can be attributed primarily to the alignment of vi-
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Figure 1. (a) In the conventional cache-based method, the cache
has only dull information with coarse-grained clip visual features
and simple query way via similarity between samples and cached
visual class centers. (b) In our COSMIC, the cache has diverse
structural information via extra fine-grained DINOv2 visual fea-
tures and effective query way via similarity between samples and
meticulously designed hyper-class centers.

sual and textual features on large-scale datasets, enabling
these models to exhibit robust image understanding capa-
bilities in open-world scenarios. However, when deployed
in real-world applications, these models often encounter test
samples that significantly deviate from the training dataset,
resulting in performance degradation [42, 43].

Recently, researchers [30] have explored the test-time
adaptation (TTA) scenario for CLIP inference. TTA fo-
cuses on adapting models solely during testing by fine-
tuning a small subset of the model’s parameters, such as
prompts (i.e., prompt learning), or even employing training-
free cache-based methods to enhance the zero-shot image
classification of CLIP. Prompt learning methods [1, 8, 30]
optimize textual learnable prompts by minimizing entropy
with confidence selection, ensuring consistent predictions
across various augmented views of each test image. Using


https://github.com/hf618/COSMIC

the updated prompt, it generates adapted textual class fea-
tures, making predictions based on their similarity to sam-
ple features. While effective, these approaches suffer from
computational inefficiency due to numerous visual augmen-
tations and iterative backpropagation steps.

In contrast, as shown in Fig. 1 (a), cache-based meth-
ods [18, 41] enhance model performance by utilizing histor-
ical information. Specifically, they propose an extra cache
to store visual features with pseudo-labels to generate vi-
sual class centers which are the average of previous visual
features of each class. When querying the cache, features
of the new test image are compared to find similar class
centers. Then, labels corresponding to those centers are
chosen to provide more information for the final prediction.
Due to its training-free design and ability to leverage global
historical information, the cache-based approach surpasses
prompt learning in both effectiveness and efficiency.

However, two issues remain unaddressed in previous re-
search: (1) Noisy pseudo-labels during cache construction
contaminate the cache with unreliable feature-label pairs;
(2) During querying, each class center encapsulates only
single-class information, leading to blind propagation of a
single pseudo-label regardless of its reliability. These dual
flaws in cache construction and query mechanisms critically
undermine adaptation accuracy.

To address the aforementioned issues, we intro-
duce COSMIC (Clique-Oriented Semantic Multi-space
Integration for CLIP), a robust CLIP test-time adaptation
framework. Our key idea is to leverage multi-granularity
and cross-modal semantic information to enrich the seman-
tic content in the cache with limited samples while utiliz-
ing graph structures to organize and query the cache ro-
bustly. Specifically, as shown in Fig. 1 (b), we design two
core components: (1) Dual Semantics Graph (DSG) can en-
hance the semantic diversity of pseudo-labels by incorporat-
ing fine-grained DINOv2 visual features and cross-modal
text features. Additionally, it bridges the gap between tex-
tual semantics and more granular visual semantics, thereby
reducing the proportion of noisy feature and pseudo-label
pairs in the cache. (2) Clique Guided Hyper-class (CGH)
connects class centers and merges pseudo-labels to include
information from multiple categories, thus improving the
probability of containing correct label information in re-
trieved pseudo-labels. This, in turn, allows for selective
use of this information in subsequent prediction phases, im-
proving the model’s robustness and accuracy.

For the Dual Semantics Graph, we initially construct
complementary feature spaces with varying semantic gran-
ularity: (1) The CLIP Shared Semantic space unifies text
embeddings and visual class centers calculated by histor-
ical test features. (2) The Auxiliary Fine-grained Visual
space incorporates fine-grained visual class centers from
self-supervised DINOv2 [26]. As shown in Fig. 2 (a),
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Figure 2. (a) For various types of dogs, like “shiba inu” and “great
Pyrenees” DINOv2 features offer more refined similarity percep-
tion than CLIP. (b) Samples in a single Gaussian cluster come from
the same class, while the maximal clique cluster can explicitly rep-
resent cross-class correlations.

CLIP’s visual discrimination is less refined than DINOv2’s
for subtly varied pet images. To capture intricate feature dy-
namics, we transform dual Euclidean spaces into dual graph
spaces, modeling nonlinear interactions between classes.
For the Clique Guided Hyper-class, we design hyper-
classes within each graph to represent latent semantics from
various classes. Unlike previous approaches using Gaus-
sian distributions [9], as shown in Fig. 2 (b), our graph-
based feature modeling facilitates robust relationships with
fewer samples and effectively clusters samples from di-
verse classes. Therefore, we can efficiently search for max-
imal cliques to form the Clique Guided Hyper-class, which
represents the centroids of diverse, highly-affiliated class
centers in the dual graph. Then test features query the
hyper-class centers by similarity to select highly correlated
classes, referred to as inlier classes. Based on the logits
of these inlier classes, we generate adapted predictions for
test-time adaptation, ensuring a more robust and accurate
model performance.
In summary, our contributions are as follows:
We introduce COSMIC, a training-free test-time adapta-
tion method for CLIP that explicitly captures complemen-
tary semantic relationships.
To refine cache construction, we design a Dual Semantics
Graph that integrates intra-modal, cross-modal, coarse-
grained, and fine-grained semantics.
To query cache adaptively, we design Clique Guided
Hyper-Class to represent class clusters with high affinity,
enabling more robust querying of test samples.

2. Related Work
2.1. Vision-Language Models

Pre-trained on large and high-quality datasets, vision-
language models like CLIP [28] achieve strong generaliza-
tion by aligning textual and visual features via contrastive
learning. For few-shot image classification, prompt learn-
ing improves adaptability by optimizing learnable tokens on
the textual [42, 43] or viusal [19] encoders.

To avoid backpropagation costs, methods like Tip-
Adapter [38], CaFo [39] and GraphAdapter [22] use vision
adapters for VLM generalization. Although these methods
enrich feature semantics in few-shot settings, we focus on
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Figure 3. Overview of COSMIC. To refine cache with cross-modal, multi-granular class features, we construct Dual Semantics Graph with
complementary semantics, incorporating both joint modalities and fine-grained visual information. To efficiently query the compatibility
of diverse semantics, we propose novel Clique Guided Hyper-class to model different communities in the cache as the test domain evolves,

enabling adaptive querying of test samples.

zero-shot test-time adaptation, rigorously exploring cross-
modal and multi-granular class centers to address the non-
linear relationships in new domains, better aligning with
real-world deployment scenarios.

2.2. Test Time Adaptation

Test-time adaptation addresses distribution shifts between
training and test data. Recent approaches for VLMs in-
clude: TPT [30] leveraging prompt tuning for view consis-
tency; SwapPrompt [23] employing self-contrastive learn-
ing for rapid adaptation; and PromptAlign [1] aligning
cross-domain statistical features.

In contrast, cache-based methods like TDA [18] and
DMN [41] construct dynamic caches to retrieve adapted
visual class centers during testing. While this method
enables CLIP to generalize via historical samples, such
caches rely solely on CLIP’s coarse text-image aligned fea-
tures—Ilacking vision-specific contrastive knowledge crit-
ical for similarity awareness, as demonstrated by DI-
NOv2 [26]. Our work bridges this gap by enhancing cached
features with textual and fine-grained visual semantics.

2.3. Pre-training of Visual Encoders

Modern vision systems predominantly rely on a two-stage
paradigm: large-scale pretraining followed by task-specific
fine-tuning. Despite its effectiveness, this approach poses
limitations due to label dependency. Self-supervised learn-
ing mitigates this bottleneck by learning annotation-free
representations, achieving state-of-the-art performance in
semantic segmentation [14, 15] and depth estimation [16].
Transitioning from multimodal to view-consistent learn-
ing overcomes critical visual granularity limitations. While
CLIP [28] excels in cross-modal alignment through vision-
language pretraining, its text-centric objective compromises
spatial details vital for dense prediction. DINOv2 [26]
resolves this by learning augmentation-invariant features
through self-distillation, preserving pixel-level nuances for
annotation-free localization without textual guidance.
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3. Method

3.1. Preliminaries

CLIP model consists of two parallel encoders: a text en-
coder F; and a visual encoder F),, which map features from
different modalities into a shared embedding space. In a
zero-shot K class classification task, given a test image
Ty, the visual feature wy, = F,(@y) serves as a query
to the text features of all class descriptions. The probability
that @ belongs to the class k can then be expressed as

exp(cos(wy, ft,)/T)
Sois, exp(cos(wy, fi,)/T)

where f;, represents the textual class feature for the i*"
class, and 7 denotes the temperature parameter in the soft-
max function.

Inspired by few-shot adaptation of CLIP method Tip-
Adapter [38], TDA [18] is a typical cache-based method
for TTA that utilizes a cache to store knowledge from high-
confidence historical test samples. This cache operates
as a queue-style dictionary, where the keys represent the
pseudo-labels of the samples, and the values store the cor-
responding visual features. The decision to add a sample to
the cache depends on its prediction entropy. Specifically, for
a test sample Ty, after undergoing random N augmenta-
tions A (including the original image), the marginal entropy
of the sample predictions is calculated as:

6]

pi-,s (mtest) =

K
H(xtest) = = Zf)l (mtesl) logﬁi(mtest)v

=1

1 Nma)( (2)
i)i(wtest) = ./\/'7 Z Pfs(Aj (wtest))>

max ]:1

where p7®(A;(zwst)) represents probability of class ¢ gen-
erated by the model for the j!" augmented view of the test
image. N,,qz is the number of first R x A/ high-confidence
view predictions, where R is the selection ratio. Based on



this, the logic for storing w,, predicted as class ¢ into cache
set M; is as follows:

M; U wy, if |Mz| <L,
if M| = L and
Mi = Mz \ {fmax} U wy, ! | | an
H(mtest) < Hmax(Mi)a
M, otherwise.

3)

Here, fm.x denotes the feature in cached features set
M; with the highest entropy Hpax(M;), and L denotes
the maximum capacity of the cache. Using this cache, the
adapted predictions are computed as follows:

Padapled(mlest) = @(vaT)LpseudOa “4)

where p(z) = exp(—a(l — x)) is an adaptation function,
M e REL*d i the cached features matrix, and Lpseudo €
RELXK ig the one-hot pseudo-label matrix.

3.2. Dual Semantics Graph (DSG)
3.2.1. CLIP Shared Semantic (CSS) Space

CLIP aims to align text and visual features in a shared
feature space. Leveraging this, we combine text features
fo = [fo, feo - fire) | € REX4 with cached visual class
centers fy = [fv, fv, - fvx) € RE* in the same Eu-
clidean space, forming a unified feature set fs = fy U f, =
[fo, foo = fonre] | € R2E*41 termed the CLIP Shared Se-
mantic space with d; dimension. The text feature f;, are
CLIP embeddings of class ¢ description, defined as:

fti = Ft(Texti), (5)
where Text; is the input text of class i. Inspired by
DMN [41], we construct the visual center f,,, for class ¢ us-
ing a weighted combination of visual features, determined
by the cosine similarity between test and cached visual fea-
tures, illustrated as:

Fv. = ¢ (weM]) My, (©6)
where M; € R!1*41 represents the cached visual feature
matrix from the i*" category with a capacity ; of cache.

3.2.2. Auxiliary Fine-grained Visual (AFV) Space

While the CLIP Shared Semantic space leverages both text
and visual features for alignment, the cache model elim-
inates the need for text features during inference. How-
ever, relying solely on the CLIP visual encoder under
noisy pseudo-labels can lead to inaccurate similarity per-
ception, especially for easily confused images. Therefore,
we introduce an auxiliary visual feature branch using self-
supervised encoders like DINOv2 [26] to generate more
finer-grained visual features of @ g.
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Analogously to the CLIP visual feature cache, we estab-
lish a DINOV2 visual feature cache using the same criteria
as in Eq. 3. To average historical test information with fine-
grained semantics, we compute the auxiliary visual center
J& via the centroid of cached DINOV?2 features for class

aux
Vi

aux

T Kxd
aux Xdz2
v ] eRFXE,

fo = | a
la
X 1 uxrp, (7)
W= ML
j=1

where /5 and dy are the capacity of the auxiliary cache and
dimension of AFV space, respectively. M € Rl2xd2 jg
the auxiliary cached visual feature matrix for the i* class.

3.2.3. Second-Order Graph Construction

In contrast to Euclidean space, graph space provides a
more precise representation of complex affinity relation-
ships [37, 40] between intra- and inter-modal features.
Specifically, we construct two types of graphs: the First-
Order Graph (FOG), which captures direct pairwise sim-
ilarities, and the Second-Order Graph (SOG), which ex-
tends this by modeling higher-order relationships through
the product of adjacency matrices, enabling the discov-
ery of more complex and hidden patterns. In each FOG,
nodes represent class center features, and edges capture bi-
directional compatibility. Let F € RV < represent the fea-
ture matrix, where N = 2K, D = d; for CSS space and
N = K, D = ds for AFV space. The adjacency matrix of
First-Order Graph is defined as:

1 if e > 4
Wroa = [wij|NxN, Wij = I 1S )
0 otherwise
(3

where ¥ is a threshold changed by test iterations. Overly
concentrated class centers in specific domains can lead to
excessive redundancy in graph information. To address this,
the Second-Order Graph (SOG) captures higher-order de-
pendencies through the adjacency matrix:

Wsoa = Wroa © Wroa X Wrog)- 9

Unlike FOG, SOG models indirect relationships, such
as transitive or multi-hop connections, providing a more
comprehensive view of node interactions. Additionally, the
SOG is sparser than the FOG, reducing noise and improving
computational efficiency. As testing progresses, the CSS
and AFV graphs accumulate higher-quality features from
new domains. To adapt to this dynamic, we adopt an in-
creasing rule for the threshold 2% = min (1, + g - 1)
where #f is the initial value, i is the current number of sam-
ples tested, and g is a constant growth rate.

3.3. Clique Guided Hyper-class (CGH)

Maximal Cliques Search. Given an undirected graph
G=WE),clique C = (V', &),V CV,E CEisacom-



plete subgraph of G. A maximal clique is a clique that can-
not be extended by including any additional node. We em-
ploy the modified Bron-Kerbosch algorithm [6] for maxi-
mal clique search, which is a highly efficient algorithm with
a worst-case time complexity of O(b(n — b)3(®/3)), where
b denotes the graph’s degeneracy. When the % is high,
the graph becomes sparser, leading to a lower degeneracy,
which further accelerates the search process. For CSS and
AFV spaces, we define their graphs:

Gess = (Vesss Ecss ), Garv = (Varv, Earv ), (10)

where Gess and Gapy represent the graphs in the CSS
and AFV spaces, respectively. For each graph j €
{CSS, AFV}, we apply the modified Bron-Kerbosch algo-
rithm to both graphs:

C; = BronKerbosch(G;), (11)

where C; = {C;1,Cjo,...,Cjm, } is the set of maximal
cliques in graph G;. These two sets of maximal cliques,
Ccss and Cagy, enable us to capture a more comprehensive
understanding of feature affinities across diverse levels of
semantics and granularities.

Hyper-classes Generation. Building on the maximal
cliques identified in both Gcss and Gapy, we further re-
veal latent patterns by searching for Clique-Guided Hyper-
classes. Given the dense connectivity within maximal
cliques, we define hyper-class centers as the centroids of
node classes within clique .

1
Cjil

fhyper-class o

J

SF

feCjq

12)

where f represents class nodes in the respective graph. This
approach models community structures between class cen-
ters through graph-based contextual reasoning, overcoming
the locality bias of similarity-query paradigms. The affinity
between test image feature w,, and clique ¢ in G; is:

).

To identify the hyper-classes most proximal to the test
sample, we sort the cliques by affinity: p;(wy,Cj1)) >
pj(wy,Cj2y) = +++ = pj(Wy,Cj(m,))- Then we select the
top 7 proportion of the closest hyper-classes in each graph:

fhyper-class
ji

ps(wy,C5:) = cos (wy, (13)

Ceted = {Cj1), Cj(2ys -+ Cithp 1

where k; = [r - m;|. This procedure generates two hyper-
class guided masks M ;, effectively delineating the selected
classes as inliers while designating the remainder as outliers
(classes with low relevance to the test sample).

— . . . 1XN;
M; = [mj1 mjo mjn, ] € RV,

mji{

(14)

17 le S UCG(CS_elec[ed C (15)
J

0, otherwise
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where Ncss = 2K for the CLIP Shared Semantic space and
Napy = K for the Auxiliary Fine-grained Visual space.

3.4. Adaptive Inference with Hyper-class

The Mcss is then applied to the initial logits of all classes
in the CSS space:

Picmstéal = Softmax(wvaT) O Mcss € RV>2E . (16)
The probability p; for the i*" class in the CSS space is

calculated as the average of the text and image class predic-

tions:

initial

i+K

initial

pi = (P} for

+ Pt ) /2,

Let pi"ia! denote the prediction value in the i** column
of Pl The classification probability distribution in the
CSS space is then given by:

i=1,2,...,K. (17)

Pcss = [p1 p2 pi| € RV*K, (18)

where K is the number of classes. Following a similar pro-
cess, we obtain the class prediction probability distribution
within the AFV space:

Papy = Softmax(w™ f2* ') © Mapy € RPK | (19)

where wi™ is the auxiliary image feature of test image

Zes. The calculation of the Mgy is similar to Mcgg, but
they mainly filter out outliers from various feature clusters,
thereby preventing prediction bias caused by the accumu-
lation of moderate logits values. We combine initial CLIP
prediction with adaptive prediction into the final prediction:

Prina = B1Pzs + f2Pcss + B3P arv,

(20
Pzs = Softmax(w,f;) " € R*K, )

where (31, B2, B3 represent the weights, and their values will
be discussed in detail in Sec. 4.3.3.

4. Experiments

4.1. Experimental Settings

Datasets. In the VLM test-time adaptation setting, two
main benchmark types are typically used. The first
evaluates the model’s robustness under out-of-distribution
(OOD) shifts, while the second examines cross-domain
(CD) generalization capabilities.

» For OOD shifts, we employ the ImageNet validation [4]
along with four variants: ImageNet-A [13], ImageNet-
V2 [29], ImageNet-R [12], and ImageNet-Sketch [33].

e For CD tasks, we utilize ten diverse sub-datasets,
each representing a distinct domain: Aircraft [24],
Caltech101 [7], Cars [20], DTD [3], EuroSAT [11],
Flower102 [25], Food101 [2], Pets [27], SUN397 [34],
and UCF101 [31].



Table 1. Top-1 accuracy (%) comparison on ImageNet and its OOD variants using CLIP with ResNet-50 and ViT-B/16 backbones. Our
results are reported as mean=std over 3 random seeds. Bold indicates the highest performance.

Method Adaptation Settings ImageNet ImageNet-A ImageNet-V2 ImageNet-R  ImageNet-S Average OOD Average
CLIP-RN-50 - 58.16 21.83 51.41 56.15 33.37 44.18 40.69
CoOp [43] (IICV’22) Training Few-shot 63.33 23.06 55.40 56.60 34.67 46.61 42.43
CoCoOp [42] (CVPR’22)  Training Few-shot 62.81 23.32 55.72 57.74 34.48 46.81 42.82
TPT [30] (NeurIPS’22) Training Zero-shot 60.74 26.67 54.70 59.11 35.09 47.26 43.89
DiffTPT [8] ICCV’23) Training Zero-shot 60.80 31.06 55.80 58.80 37.10 48.71 45.69
TDA [18] (CVPR’24) Training-free Zero-shot 61.35 30.29 55.54 62.58 38.12 49.58 46.63
DMN [41] (CVPR’24) Training-free Zero-shot 63.87 28.57 56.12 61.44 39.84 49.97 46.49
COSMIC (Ours) Training-free Zero-shot  75.19+0.89  49.07+0.06 63.81+0.39 79.87+0.08  56.44+0.34 64.88+0.22 62.30+0.05
Method Adaptation Settings ImageNet  ImageNet-A ImageNet-V2 ImageNet-R ImageNet-S Average OOD Average
CLIP-ViT-B/16 - 66.73 47.87 60.86 73.98 46.09 59.11 57.20
CoOp [43] 1IICV’22) Training Few-shot 71.51 49.71 64.20 75.21 47.99 61.72 59.28
CoCoOp [42] (CVPR’22)  Training Few-shot 71.02 50.63 64.07 76.18 48.75 62.13 59.91
TPT [30] (NeurIPS’22) Training Zero-shot 68.98 54.77 63.45 77.06 47.94 62.44 60.81
DiffTPT [8] (ICCV’23) Training Zero-shot 70.30 55.68 65.10 75.00 46.80 62.58 60.65
TDA [18] (CVPR’24) Training-free Zero-shot 69.51 60.11 64.67 80.24 50.54 65.01 63.89
DMN [41] (CVPR’24) Training-free Zero-shot 72.25 58.28 65.17 78.55 53.20 65.49 63.80
COSMIC (Ours) Training-free Zero-shot ~ 78.19+0.56  73.32+0.32 69.62+0.19 85.60+0.12  62.79+0.10  73.90+0.05 72.83+0.10

Implement Settings. We employed CLIP’s officially pre-
trained vision encoders, including ResNet50 [10] and ViT-
B/16 [5]. Inspired by previous works [4 1], we utilized hand-
crafted textual prompts and multi-view augmentations of
the original images to calculate prediction confidence. For
all experiments, we generated 16 views per image and fixed
hyperparameters across each sub-dataset. To combine log-
its, we used an adaptive step search to determine optimal
weights while also demonstrating the robustness of fixed
weights. Unless otherwise specified, we employ DINOv2
ViT-L/14 as the auxiliary visual encoder. All experiments
were conducted on a single Tesla V100S-PCIE-32GB GPU,
using top-1 accuracy for classification performance.

Comparison Methods. We initially evaluate few-shot
methods such as CoOp [43] and CoCoOp [42], using 16-
shot annotated samples per class. Next, we assess training-
based zero-shot methods. TPT [30] straightforwardly op-
timizes the text prompts by minimizing the multi-view
marginal entropy. DiffTPT [8] is an advanced iteration
of TPT, employing diffusion-based augmentations to refine
prompts. Furthermore, we evaluate training-free zero-shot
methods. TDA [18] is an adapter-based approach that builds
positive and negative caches at test time without training.
DMN [41] leverages a dynamic memory to compile infor-
mation from past test data, bypassing backpropagation.

4.2. Comparison with SOTA
4.2.1. Results on the OOD Benchmark

In Tab. 1, we compare model performance on the in-domain
ImageNet validation set and four OOD variants. Due to do-
main shifts, the zero-shot generalization ability of CLIP is
limited in OOD scenarios. Notably, while CoOp [43] and
CoCoOp [42] enhance CLIP’s transferability by fine-tuning
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prompts on few-shot samples, this incurs additional training
costs, making it impractical for real-world deployment. In
contrast, our proposed method is training-free, allowing for
immediate adaptation to unseen domains. Furthermore, our
method achieves substantial improvements over CoCoOp,
with gains of 19.48% and 12.92% across different CLIP
visual encoders, demonstrating its superior performance in
OOD generalization tasks.

Additionally, our method outperforms previous test-time
adaptation techniques. For prompt-learning-based methods,
our approach surpasses TPT [30] and DiffTPT [8], with
improvements of 18.41%, 12.02%, and 16.61%, 12.18%
on two different backbones with OOD shifts, respectively,
highlighting the effectiveness of our training-free approach.
In comparison to cache model-based methods, our ap-
proach achieves superior results over the strongest tech-
niques, TDA [18] and DMN [41], with gains of 15.67%,
15.81%, and 8.94%, 9.03% on two backbones with OOD
shifts, respectively, validating the effectiveness of our Dual
Semantics Graph and Clique Guided Hyper-class to im-
prove the refinement and querying in cache.

4.2.2. Results on the CD Benchmark

We conducted a comparison on a diverse cross-domain
dataset against a variety of contemporary methods, as
shown in Tab. 2. Notably, both few-shot and zero-shot
prompt learning methods show limited improvements in
generalization performance. This limitation arises because,
when there is a significant shift both in textual and vi-
sual modality, it becomes challenging to identify an optimal
prompt within a constrained parameter space. By circum-
venting complex prompt space searches, our method adap-
tively bridges domain gaps through feature affinity mod-



Table 2. Top-1 accuracy (%) comparison on 10 diverse cross-domain datasets using CLIP with ResNet-50 and ViT-B/16 backbones. Our
results are reported as mean=std over 3 random seeds. Bold indicates the highest performance.

Method Adaptation Settings Aircraft Caltech101 Cars DTD EuroSAT  Flowerl102 Food101 Pets SUN397 UCF101 Average
CLIP-RN-50 - 15.66 85.88 55.70 40.37 23.69 61.75 73.97 83.57 58.80 58.84 55.82
CoOp [43] (IICV"22) Training Few-shot 15.12 86.53 55.32 37.29 26.20 61.55 75.59 87.00 58.15 59.05 56.18
CoCoOp [42] (CVPR’22)  Training Few-shot 14.61 87.38 56.22 38.53 28.73 65.57 76.20 88.39 59.61 57.10 57.23
TPT [30] (NeurIPS’22) Training Zero-shot 17.58 87.02 58.46 40.84 28.33 62.69 74.88 84.49 61.46 60.82 57.66
DiffTPT [8] ICCV’23) Training Zero-shot 17.60 86.89 60.71 40.72 41.04 63.53 79.21 83.40 62.72 62.67 59.85
TDA [18] (CVPR’24) Training-free Zero-shot 17.61 89.70 57.78 43.74 42.11 68.74 71.75 86.18 62.53 64.18 61.03
DMN [41] (CVPR’24) Training-free Zero-shot 22.77 90.14 60.02 50.41 48.72 67.93 76.70 86.78 64.39 65.34 63.32
COSMIC (Ours) Training-free Zero-shot ~ 25.49+0.57 94.77+0.35 66.69+0.51 55.44+0.68 48.97+2.41 77.78+1.22 83.53+0.11 92.63+0.29 69.73+0.08 71.51+0.78  68.65+0.32
Method Adaptation Settings Aircraft Caltech101 Cars DTD EuroSAT  Flowerl02 Food101 Pets SUN397 UCF101 Average
CLIP-ViT-B/16 - 23.22 93.55 66.11 45.04 50.42 66.99 82.86 86.92 65.63 65.16 64.59
CoOp [43] (IICV"22) Training Few-shot 18.47 93.70 64.51 41.92 46.39 68.71 85.30 89.14 64.15 66.55 63.88
CoCoOp [42] (CVPR’22)  Training Few-shot 22.29 93.79 64.90 45.45 39.23 70.85 83.97 90.46 66.89 68.44 64.63
TPT [30] (NeurIPS’22) Training Zero-shot 24.78 94.16 66.87 47.75 42.44 68.98 84.67 87.79 65.50 68.04 65.10
DiffTPT [8] ICCV’23) Training Zero-shot 25.60 92.49 67.01 47.00 43.13 70.10 87.23 88.22 65.74 62.67 64.92
TDA [18] (CVPR’24) Training-free Zero-shot 2391 94.24 67.28 47.40 58.00 71.42 86.14 88.63 67.62 70.66 67.53
DMN [41] (CVPR’24) Training-free Zero-shot 30.03 95.38 67.96 55.85 59.43 74.49 85.08 92.04 70.18 7251 70.30

COSMIC (Ours) Training-free Zero-shot  31.44+0.56  96.80+0.42

71.31+0.46  58.23+1.40 58.82+0.40

82.14+0.49  86.60+0.09 94.19+0.09 72.33+0.06 76.20+0.55 72.81+0.09
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Figure 4. Visualization of the attention maps from CLIP ViT-B/16 and DINOv2 ViT-B/14, along with their top-5 prediction results.

Table 3. Efficiency and effectiveness comparison of TTA methods
on Flower102 [25] dataset using CLIP ViT-B/16.

Method Views Time Per Image (s) Top-1 Accuracy (%) Gain (%)
CLIP [28] 1 0.098 66.99 -
TPT [30] 64 0.198 68.98 1.99
TDA [18] 64 0.119 71.42 443
DMN [41] 128 0.483 74.49 7.50
COSMIC 16 0.368 82.46 15.47

eling. For example, our approach achieves gains over
TPT [30] of 10.99% and 7.71% across two CLIP visual
backbones, respectively, validating its robustness.

Similarly, cache model-based methods typically adapt
solely to the image distribution of the new domain. How-
ever, our method unifies query processing for both textual
and cached image features, enabling it to adapt to cross-
modal information distributions simultaneously. Our ap-
proach achieves improvements of 7.62% and 5.28% over
TDA [18] across two backbones, further supporting the ef-
ficacy of our unified strategy.

4.2.3. Computation Efficiency

As shown in Tab. 3, we evaluated the efficiency of the Flow-
ers dataset [25] on a single Tesla V100S-PCIE-32GB GPU.
Note that the number of augmentation views is based on the
specifications stated in the original papers for each method.
By using a minimal number of image augmentations, we
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Table 4. Graph ablation with CLIP ViT-B/16 and DINOv2 ViT-
S/14. CSS denotes the prediction from the CLIP Shared Semantic
Graph, while AFV represents the prediction from the Auxiliary
Fine-grained Visual Graph.

ImageNet-Val [4] Flower102 [25]
CLIP  CSS  AFV "0 1 Accuracy (%) Gain (%) Top-1 Accuracy (%) Gain (%)

v 69.91 - 72.64 -
v 71.88 1.97 74.46 1.82
v 67.05 -2.86 77.71 5.07
v v 72.06 2.15 75.07 243
v v 73.16 3.25 79.74 7.10
v v v 73.79 3.88 81.61 8.97

effectively avoided excessive overhead while achieving a
15.47% improvement over the original CLIP. Additionally,
our supplementary material includes analysis and experi-
ments on accelerating inference, highlighting further opti-
mization potential.

4.3. Ablation Study
4.3.1. Ablation of Graph Type

We evaluated the performance of different graphs on Ima-
geNet Val [4] and Flowers102 [25]. As shown in the Tab. 4,
when CSS and AFV prediction are fused with the original
CLIP predictions, significant improvements are observed,
with gains of 2.15%, 3.25%, and 2.43%, 7.10%, respec-
tively. This indicates that each graph contributes to en-
hancing the generalization ability of CLIP. Moreover, the
performance is optimized when CSS and AFV are used in



Table 5. Ablation of various auxiliary visual encoder in ImageNet
Val [4] with CLIP ViT-B/16.

DINOvV2 Backbone  Extra Parameters Top-1 Accuracy (%) Gain (%)
- - 69.91 -
ViT-S/14 21 M 73.79 3.88
ViT-B/14 86 M 76.73 6.82
ViT-L/14 300 M 77.54 7.63

(a) ImageNet-V2 [29]

(b) Caltech101 [7]

Figure 5. Ablation of B2, 83 with CLIP ViT-B/16 and DINOv2
ViT-S/14.

conjunction, achieving improvements of 3.88% and 8.97%,
which validates that the different target feature spaces en-
hance the perception of shared modal features and fine-
grained visual capabilities. However, we note a -2.86%
degradation when using AFV alone on ImageNet-Val, as
relying solely on cached DINOv2 visual features is insuffi-
cient to accurately describe new images with domain gaps.

4.3.2. Ablation of Auxiliary Visual Encoder

Introducing an auxiliary visual encoder with various sizes
consistently improves model accuracy, as shown in Tab. 5.
Specifically, each encoder boosts accuracy over the base-
line (69.91%), with gains of 3.67% (ViT-S/14), 6.82% (ViT-
B/14), and 7.63% (ViT-L/14). Furthermore, the Tab. 5 high-
lights a clear trade-off between performance gains and ad-
ditional parameters. The smallest encoder, ViT-S/14, with
only 21M extra parameters, shows modest improvement,
while the largest, ViT-L/14, requires 300M additional pa-
rameters for the highest gain.

4.3.3. Ablation of Logits Weights

To verify the robustness of different predictive logits on the
final prediction in Eq. 20, we fixed the value of ; at 1
and set the step size to 0.05, varying S5 and 3 from O to
10 to observe their impact on model prediction accuracy.
As shown in Fig. 5, we visualized this on two represen-
tative subsets ImageNet-V2 [29] and Caltech101 [7]. As
shown, increasing either B2 or (5 significantly enhances
accuracy, indicating that both semantic granularities inde-
pendently improve generalization. These parameters ex-
hibit strong synergistic properties, mutually promoting the
fusion of complementary semantics and thereby achieving
superior performance. The model demonstrates robustness,
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Figure 6. Ablation of components with CLIP-ViT-B16.

maintaining high accuracy even with perturbations around
the optimal 3 values, suggesting that performance is re-
silient to variations in these hyperparameters.

4.3.4. Ablation of Components

In Fig. 6 (a), CLIP+DSG is equivalent to directly computing
the similarity between test samples and class nodes within
the DSG. Although DSG independently enhances model
generalization, CGH highlights the importance of selecting
an appropriate r to enhance the model’s robustness by ef-
fectively filtering out noise and outliers, thereby improving
prediction accuracy. As shown in Fig. 6 (b), we varied the
selection ratio 7 of nearest anchors across multiple datasets
to evaluate the impact of different components on model
performance. The results indicate that the model achieves
optimal performance at r = (0.2 with both DSG and CGH.
This suggests that the similarity between test samples and
diverse hyper-classes is more robust than that between sam-
ples and normal classes.

4.3.5. Visualization

As shown in Fig. 4, DINOv2’s vision-contrastive encoder
outperforms CLIP in capturing key objects. Leveraging
finer-grained features, our method excels in recognizing
“hard” classes, accurately distinguishing similar pets (e.g.,
Pomeranian vs. Japanese Chin) with higher confidence.

5. Conclusion

In CLIP test-time adaptation, we focus on exploring the po-
tential of the cache-based method. As for how to refine
cache, we introduced a Dual Semantics Graph to explore
inter- and cross-modal affinities with various semantics.
As for how to query cache, we introduce Clique Guided
Hyper-classes within dual graphs to enhance the selection
of correlated classes for robust predictions. Our method
outperforms SOTA on multiple benchmarks, demonstrating
strong zero-shot capabilities, while revealing the significant
potential of structured semantic integration for robust vi-
sual understanding. Limitation: The current clique search
methodology incurs non-trivial time complexity, imposing
an additional computational burden on COSMIC. To ad-
dress this, we aim to explore dual graph sparsification tech-
niques for accelerated search in future iterations.
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