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Abstract

With the increasing attention to pre-trained vision-
language models (VLMs), e.g., CLIP, substantial efforts have
been devoted to many downstream tasks, especially in test-
time adaptation (TTA). However, previous works focus on
learning prototypes only in the textual modality while over-
looking the ambiguous semantics in class names. These
ambiguities lead to textual prototypes that are insufficient to
capture visual concepts, resulting in limited performance. To
address this issue, we introduce ProtoMM, a training-free
framework that constructs multimodal prototypes to adapt
VLMs during the test time. By viewing the prototype as a
discrete distribution over the textual descriptions and visual
particles, ProtoMM has the ability to combine the multi-
modal features for comprehensive prototype learning. More
importantly, the visual particles are dynamically updated
as the testing stream flows. This allows our multimodal
prototypes to continually learn from the data, enhancing
their generalizability in unseen scenarios. In addition, we
quantify the importance of the prototypes and test images by
formulating their semantic distance as an optimal transport
problem. Extensive experiments on 15 zero-shot benchmarks
demonstrate the effectiveness of our method, achieving a
1.03% average accuracy improvement over state-of-the-art
methods on ImageNet and its variant datasets.

1. Introduction

Recent advances in vision-language models (VLMs) [1,
19, 20, 35, 38, 50] have shown remarkable success across a
wide range of visual tasks. These foundation models, e.g.,
CLIP [38], are pre-trained on web-scale image-text pairs,
achieving superior capabilities in addressing zero-shot classi-
fication [41, 58–60]. One key factor behind these successes
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Figure 1. Observations of ambiguities in class names from the
Oxford Flowers [33] and ImageNet [9]: (a) The class names “sword
lily” and “blackberry lily” both refer to flowers from the Iridaceae
family and share the word “lily”. (b) The class names “laptop” and
“desktop computer” denote different types of computers.

is to find the optimal prototypes for each category. For ex-
ample, CoOp [58] and CoCoOp [57] introduce learnable
prompt vectors concatenated to textual prototypes. Another
line of research, including TPT [41] and C-TPT [54], aims
to tune class prompts during inference time for each testing
sample, a strategy known as test-time adaptation.

Despite the improvements brought by these methods, we
empirically find that the ambiguities in class names result in
textual prototypes struggling to differentiate the classes. As
illustrated in Figure 1(a), the two different classes “sword
lily” and “blackberry lily” exhibit high cosine similarity
(0.67) in the CLIP space. This similarity arises not only
from the common word “lily” but also because both flow-
ers belong to the Iridaceae family. As a result, relying on
the description-based prototypes makes it challenging to
classify the images of “sword lily” and “blackberry lily” ef-
fectively (0.53 vs. 0.55 and 0.56 vs. 0.58). Furthermore,
consider the class names “laptop” and “desktop computer”
as depicted in Figure 1(b). Although they do not share any
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Figure 2. Illustration of multimodal prototype learning on the Ima-
geNet dataset [9]. (a) Process of updating multimodal prototypes.
(b) Comparisons of distribution metrics.

common same word, they still exhibit a high cosine simi-
larity (0.69) because they both refer to different forms of
computers. Consequently, test images of “laptop” and “desk-
top computer” have comparable similarities to both class
names, making differentiation challenging (0.67 vs. 0.63
and 0.65 vs. 0.65). To this end, recent studies aim to con-
struct high-quality prototypes in various ways, including
multiple prompts generation [28], cache-based tuning [21],
and diverse data augmentation with diffusions [11]. Unfor-
tunately, all these models focus solely on the textual domain,
overlooking the information from the visual aspect [2, 27].

As discussed in previous studies [2, 37, 48, 51, 52, 61,
63, 64], multimodal signals, such as vision and language,
provide complementary knowledge that enhances the under-
standing of objects and class concepts. Although these class
names are semantically similar, their visual characteristics
provide crucial information for reducing ambiguities. In this
paper, we proposed ProtoMM, a training-free multimodal
prototype learning framework for adapting VLMs at test
time. Moving beyond prototype learning within the single
textual domain, ProtoMM aims to construct multimodal pro-
totypes from both the textual descriptions and image stream.
Specifically, for each class, we view its prototype as a dis-
crete distribution over the corresponding label descriptions
and visual particles. The visual particles collect the label-
specific image features and are updated dynamically as the
testing stream flows. This enables our multimodal prototype
to accumulate more and more side information, improving
the prediction performance. As illustrated in Figure 2(a), it
is difficult to determine whether the test image belongs to
the “desktop computer” or “laptop” class at time t1. In con-
trast, with the help of our multimodal prototype learning, one
can easily distinguish these two classes at time t5. Further-
more, we compare the KL divergence [18] and Maximum
Mean Discrepancy (MMD) [49] between our multimodal

prototypes and ground truth. The results summarized in
Figure 2(b) show that as time passes, the distribution discrep-
ancy decreases significantly, e.g., KL divergence from 18.7
to 9.5 and MMD from 0.97 to 0.29.

The main contributions are summarized as follows:
• We propose a training-free multimodal prototype learning

framework to boost the generalization ability of VLMs in
the test-time scenario.

• We leverage informative visual knowledge to construct
multimodal prototypes, and then update the multimodal
prototypes by solving an OT problem.

• We demonstrate the effectiveness of our method by con-
ducting experiments on 15 datasets, showing consistent
and significant improvements over existing baselines.

2. Related Work

In this section, we begin with a concise review of test-time
adaptation with VLMs, followed by a discussion of optimal
transport and its applications in VLMs.

2.1. Test-time Adaptation
Test-time adaptation [11, 41, 54] is an effective technique
to address the distribution shift between testing and training
datasets. Its core idea is to adjust the model using a stream-
ing of unlabeled test samples. Early works [44] improve
test-time adaptation performance by fine-tuning normaliza-
tion layers. Motivated by the success of VLMs [19, 38],
recent studies [41, 54] propose to optimize textual prompts
via entropy minimization. While these methods require high
computational costs due to the gradient backpropagation. To
address this, another branch of works [14, 21, 56] adapting
the VLMs in a non-parametric manner has emerged. Kar-
manov et al. [21] designs positive and negative caches to
store high-confidence samples, improving the performance
by calculating the similarity between the test sample and
cached samples. Han et al. [14] proposes a method named
DOTA [14], estimating the distribution of test samples pro-
gressively. Zhang et al. [56] extends the cache model to a
dual memory network (DMN), which also works in test-time
scenarios. Although these methods avoid gradient updates,
they all need logit fusion for prediction, and their perfor-
mance is sensitive to fusion hyperparameters.

Our work aligns with the training-free paradigm. Unlike
existing methods that primarily rely on unimodal information
(class names), we demonstrate that incorporating multimodal
information (test images and class names) facilitates the
adaptation of VLMs more effectively. Moreover, we propose
a dynamic multimodal prototype learning framework that
utilizes visual knowledge from test samples to update the
multimodal prototypes.

t1 and t2 denote the 5000th and 10000th sample at the test-time
scenario on the ImageNet dataset [9], respectively.
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2.2. Optimal Transport
Optimal transport (OT) [32] is initially introduced to solve
the problem of how to reduce the cost when moving sev-
eral items simultaneously, and then it is applied to measure
the distance between distributions in the deep learning ar-
eas [4, 5, 13, 23, 26, 65], including domain adaption [7],
clustering[40, 53], image classification [12, 25, 45, 62]. For
example, Lazarou et al. [23] directly aligns the distribution
of two sets of feature embeddings to address the transductive
few-shot task. Guo et al. [13] proposes hierarchical OT to
transfer the statistics from the base classes to novel classes
in distribution calibration. Chen et al. [4] aims to align the
features of vision and language modalities by optimizing
textual prompts via OT. Recently, AWT [65], a simple and
effective method adapts VLMs in zero/few-shot scenarios,
which is closely related to our work. AWT formulates the
image-text distance calculation as an OT problem, and solv-
ing this problem reveals the semantic correlations in the
vision-language space for prediction.

While AWT and the above methods focus on aligning
different sets or modalities, our approach leverages OT to en-
hance textual prototypes by incorporating visual knowledge,
rather than aligning different sets or modalities. Specifically,
we aim to accumulate informative visual knowledge into
textual prototypes to reduce ambiguities. To achieve this,
we utilize the transport plan to adjust each test sample’s
contribution to different class prototypes, and then use the
weighted test sample to update the prototypes.

3. Method
In this section, we first briefly review the preliminary knowl-
edge of VLMs and OT [32]. Then we introduce the details of
our multimodal prototype learning framework for adapting
VLMs in test-time scenarios as illustrated in Figure 3.

3.1. Preliminaries
Vision-language models (VLMs). CLIP [38] as one of the
well-known VLMs, consists of a vision encoder f(·) and
a text encoder g(·). Given a set of C class names {zc}Cc=1,
CLIP first constructs the class description using a pre-defined
prompt template Φ, e.g., Φ(zc) can be chosen as “a photo of
a zc” and then obtains the prototypes by feeding the class
descriptions into g: zc = g(Φ(zc)). For the testing image xt

at time t, let xt = f(xt) denotes the extracted visual feature.
The zero-shot classification for xt is computed as:

yt = argmax
c∈{1,2,...,C}

z⊤c xt, (1)

where z,x ∈ Rd share the same semantic embedding space.
zc can be viewed as the prototype of c-th class. To improve
the quality of zc, previous studies focus on test prompt tun-
ing of Φ or generating detailed class descriptions via large
language models (LLMs) [31, 36].

Optimal transport. Optimal Transport (OT) [32] is an
efficient tool to measure the distance between two distribu-
tions. Specifically, consider two discrete distributions in the
feature space: P =

∑|V |
i=1 aiδvi and Q =

∑|U |
j=1 bjδuj ,

where δ is the Dirac delta function and |V | and |U | de-
note the number of points in P and Q, respectively. Here,
a = [a1, . . . , a|V |]

⊤ and b = [b1, . . . , b|U |]
⊤ denote the

probability vectors that sum to 1. Given the cost matrix
C ∈ R|V |×|U |, whose each element measures the transport
cost between vi and uj , the OT distance between distribu-
tions P and Q is formulated as:

dOT(P,Q;C) = min
T
⟨T,C⟩,

s.t. T1|U | = a, T⊤
1|V | = b,

(2)

where T ∈ R|V |×|U | is the transport plan to be learned,
which indicates the transport probability from source point
in P to target point in Q. ⟨·, ·⟩ denotes the Frobenius dot-
product and 1|V | refers to |V |-dimensional all-one vector.
However, directly computing Eq. (2) is often computation-
ally intensive. Following previous work [4, 23], we employ
the Sinkhorn algorithm [8], which introduces an entropic
regularization term to facilitate efficient optimization. The
resulting objective is then given by:

dOT(P,Q;C) = min
T
⟨T,C⟩ − ϵh(T), (3)

where h(·) is entropy and ϵ ≥ 0 is a coefficient.

3.2. Distributed Feature Construction
Moving beyond prototype learning within the textual do-
main, we introduce ProtoMM and explore the multimodal
prototype discovery for zero-shot classification. As shown
in Figure 3, ProtoMM consists of two main modules: dis-
tributed feature construction that models the multimodal
prototype and testing image as discrete distributions, and
multimodal prototype learning that updates multimodal pro-
totypes by integrating visual information from history.

To mimic how humans learn a new concept through differ-
ent perspectives and obtain informative features, we follow
strategies from previous works [24, 30, 65] and view the
image and prototype as discrete distribution at the CLIP [38]
space. Specifically, for each image xt, we employ com-
mon augmentation techniques such as random crop, flip,
and resize. This augments xt into multiple views {xn

t }Nn=1,
including N − 1 augmentations and the original one. Si-
multaneously, we query large language models [31, 36] to
generate descriptive sentences for each class name. As a
result, each textual prototype zc is enhanced with M − 1 ad-
ditional descriptions, denoted as {zmc }Mm=1. Mathematically,
the resulting distributions of the image and prototype are
formulated as:

Pt =

N∑
n=1

ant δxn
t
; Qc =

M∑
m=1

bmc δzm
c
, (4)
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where xn
t is the feature of the n-th image view and it con-

tributes detailed information about a specific region or angle.
zmc is the feature of the m-th prototype description from
LLMs and it shares reasonable prior knowledge of class zc.
Instead of viewing the image and prototype as a single point
in the feature space, Eq. (4) models them as discrete distri-
butions in the feature space. This enables our ProtoMM to
capture diverse details, leading to comprehensive representa-
tion learning. at = [a1t , · · · , aNt ]⊤ and bc = [b1c , · · · , bMc ]⊤

denote the important weights of image and feature points, re-
spectively, i.e., high-quality enhancements should be highly
valued while uninformative enhancements should be ignored,
which will be discussed later.

As mentioned before, the prototype in Eq. (4) only con-
siders the textual domain, which may not fully cover the
visual details of class zc, thereby we introduce the con-
cept of multimodal prototype learning and aim to integrate
the visual modality into Qc. Specifically, we expand the
prototype set {zmc }Mm=1 by appending S additional visual
particles:{esc}Ss=1, where ec ∈ Rd. Then the multimodal
prototype is formulated as (We still use Qc for convenience):

Qc =

M∑
m=1

wm
c δzm

c
+

S∑
s=1

wM+s
c δes

c
, (5)

where wc = [w1
c , · · · , wM+S

c ]⊤ denotes the important
weights of M + S points in the multimodal prototype. The
first term comes from the knowledge of LLMs and the sec-
ond term can be viewed as a cache that aims to complete the
missing features of LLMs using historical images (Sec. 3.3).
Combining these two modalities, Eq. (5) are expected to
cover comprehensive characteristics of the c-th class.

Following previous works [14, 21], we evaluate test sam-
ples sequentially in a streaming manner and hope the visual
cache learns from the history, providing valuable guidance
for the following samples. Before testing, the visual cache

and its importance weights must be properly initialized to
complete the multimodal prototype in Eq. (5). Since images
are unavailable at the start of testing, it is natural to construct
all visual cache of prototype Pc by averaging corresponding
textual descriptions: esc =

1
M

∑M
m=1 z

m
c . To determine the

importance weights of each element in P and Q, we propose
a novel calculating strategy based on the input image. For the
arriving image xt, we first calculate the important weights
of its N visual augments according to all prototypes:

ant =
exp (h(xn

t ))∑N
n′=1 exp

(
h(xn′

t )
) ,

h(xn
t ) =

C∑
c=1

p(z̄c|xn
t )logp(z̄c|xn

t ),

(6)

where z̄c = 1
M+S (

∑M
m=1 z

m
c +

∑S
s=1 e

s
c) denotes the mean

of c-th multimodal prototype. ant becomes larger when the
content of n-th augment is semantically close to descriptions
at the embedding space and the noise augments such as
backgrounds will be ignored by a lower attention value.

Similarly, the important weight wc for c-th class is de-
rived by considering its correlation with the visual features
across all augmentations:

wm
c =

exp (h(zmc ))∑M+S
m′=1 exp (h(z

m′
c ))

,

h(zmc ) =

N∑
n=1

p(zmc |xn
t )logp(z

m
c |xn

t ),

(7)

{zmc }M+S
m=M+1 = {esc}Ss=1. Intuitively, we use the visual

content to measure the importance of each point in Q and
expect to construct an instance-specific prototype, improving
the generalizability of unseen scenarios.
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Algorithm 1 Pipeline of ProtoMM
Require: Augmented text prototypes {zmc }M,C

m=1,c=1.
1: for t = 1, 2, . . . , do
2: Augment the test image xt, and then compute the image features

{xn
t }Nn=1.

3: Construct multimodal features by Eq. (5).
4: Calculate importance weights at and wc using Eq. (6) and Eq. (7),

respectively.
5: Obtain transport plan Ttc by solving Eq. (8).
6: Calculate predicted label p(yt = c|xt) by Eq. (9).
7: Update multimodal prototypes {esc}

S,C
s=1,c=1 via Eq. (10).

8: end for

3.3. Multimodal Prototype Learning
Once at and wc are calculated, we construct the discrete
distributions Pt and Qc according to Eq. (4- 5). Specifying
the cost matrix Ctc ∈ RN×(M+S) as the cosine distance be-
tween the visual augmentations and multimodal prototypes,
we reformulate Eq. (3) as:

dOT(Pt, Qc;Ctc) = min
Ttc

⟨Ttc,Ctc⟩ − ϵh(Ttc),

s.t. Ttc1M+S = at, T
⊤
tc1N = wc,

(8)

where Ttc ∈ RN×(M+S), whose each element denotes the
transport probability from n-th augmentation to m-th proto-
type point in the feature space. After solving Eq. (8) using
the Sinkhorn algorithm [8], we calculate the prediction prob-
ability of image xt as:

p(yt = c|xt) =
exp(−dOT(Pt, Qc;Ctc))∑C

c′=1 exp(−dOT(Pt, Qc′ ;Ctc′))
. (9)

The core idea of the visual cache is to collect high-quality
samples for multimodal prototype learning. To this end, we
first filter out samples whose highest prediction probabil-
ity is less than a threshold: p(yt = c|xt) ≥ τ . For the
high-quality samples, we develop a score function and only
choose the augmentations with high importance. Recall-
ing that the transport plan measures the semantic similar-
ity between the textual prototype and visual augmentations,
the score of the augmentation of xt thus can be calculated
as Θt = Ttcwyt ∈ RN . We then select the top-S candi-
dates [x(1)

t , · · · ,x(S)
t ]⊤ ∈ RS×d according to the decreasing

value sequence [θ
(1)
t , · · · , θ(S)

t ] in Θt. The visual cache in
our multimodal prototype Qc is updated using these selected
high-quality candidates:

esc ←
wM+s

t esc + θ
(s)
t x

(s)
t

wM+s
t + θ

(s)
t

, s ∈ [1, S], c ∈ [1, C], (10)

This weighting mechanism ensures that the model can dy-
namically adjust its focus based on the reliability and rele-
vance of each sample.

4. Experiments
We present the experimental results of our method on 15
classification datasets in the test-time scenario, including per-
formance comparisons, ablation studies, and visualizations.
More results are provided in the Supplementary Material.

4.1. Setup
Datesets. Following the previous works [21, 24], we
cover 11 classification datasets including diverse range
categories, generic objects (ImageNet [9], Caltech [10]),
scenes (SUN [47]), textures (DTD [6]), satellite images
(EuroSAT [15]), actions (UCF [42]) and fine-grained cat-
egories (Pets [34], Cars [22], Flowers [33], Food [3], Air-
craft [29]). Additionally, we evaluate on 4 ImageNet dis-
tribution shifted datasets [9]: ImageNetV2 [39], ImageNet-
Sketch [46], ImageNet-A [17], ImageNet-R [16].
Implementation details. The experiments are built upon the
pre-trained CLIP [38] model. We adapt ResNet50 (RN50)
and ViT-B/16 backbones as the visual encoder, and the tex-
tual encoder is a Transformer [43]. We adhere to the same
image augmentation strategies as AWT [65], including ran-
dom cropping and resizing as well as flipping. For textual
augmentation, we query GPT-3.5 to generate the class de-
scriptions following the previous works [31, 65]. The total
augmentation number M and N are both set as 50. Top-S
is set to 25, and threshold τ = 0.8. All experiments are
conducted on one NVIDIA RTX 3090 GPU.
Comparison methods. We compare our method with pre-
vious state-of-the-art (SOTA) test-time adaptation methods,
including TPT [41], DiffTPT [11], TDA [21], DOTA [14],
DPE [55] and AWT [65]. In these comparison methods,
TDA [21], AWT [65], and DOTA [14] are designed in a
training-free manner. TPT [41] and DiffTPT [11] are prompt
tuning methods, and DPE [55] belongs to the adapter tuning
method. The optimization process of there methods are hap-
pended during the inference stage. Additionally, we compare
several prompt learning methods, such as CoOp [58] and
CoCoOp [57], as well as augmentation-based methods, in-
cluding CUPL [36], VisDescs [30], and MetaPrompting [31].

4.2. Main Results
We compare our methods with state-of-the-art (SOTA) meth-
ods across 11 widely used classification datasets, using
RN50 and ViT-B/16 backbones. The results presented in
Table 1 highlight the superior performance of our method
which consistently outperforms AWT [65] across all datasets
under RN50 excluding Pets, with an averaged accuracy gain
of 0.93%. When compared to TDA [21] and DOTA [14]
using RN50, our method achieves the 2.04% and 0.94% av-
eraged accuracy improvements, which is significant in test-
time scenarios. In the Caltech101 [10] dataset, DPE [55]
exhibits the highest performance, which is due to tuning the

2505



Method A
ir

cr
af

t

C
al

te
ch

10
1

C
ar

s

D
T

D

E
ur

oS
A

T

Fl
ow

er
10

2

Fo
od

10
1

Pe
ts

SU
N

39
7

U
C

F1
01

Im
ag

eN
et

A
ve

ra
ge

CLIP [38] 16.11 87.26 55.89 40.37 25.79 62.77 74.82 82.97 60.85 59.48 59.81 56.92

CoOp [58] 15.12 86.53 55.32 37.29 26.20 61.55 75.59 87.00 58.15 59.05 63.33 56.83
CoCoOp [57] 14.61 87.38 56.22 38.53 28.73 65.57 76.20 88.39 59.61 57.10 62.81 57.74

CuPL [36] 19.59 89.29 57.28 48.64 38.38 65.44 76.94 84.84 62.55 58.97 61.45 60.31
VisDesc [30] 16.26 88.11 54.76 41.96 37.60 65.37 76.80 82.39 59.84 58.47 59.68 58.29

TPT [41] 17.58 87.02 58.46 40.84 28.33 62.69 74.88 84.49 61.46 60.82 60.74 57.93
DiffTPT [11] 17.60 86.89 60.71 40.72 41.04 63.53 79.21 83.40 62.72 62.67 60.80 59.93

TDA [21] 17.61 89.70 57.78 43.74 42.11 68.74 77.75 86.18 62.53 64.18 61.35 61.06
DOTA [14] 18.06 88.84 58.72 45.80 47.15 68.53 78.61 87.33 63.89 65.08 61.82 62.16
DPE [55] 19.80 90.83 59.26 50.18 41.67 67.60 77.83 85.97 64.23 61.98 63.41 62.06
AWT∗ [65] 20.31 89.57 59.22 49.46 38.80 68.21 77.18 88.22 64.91 65.02 63.01 62.17

R
N

50

ProtoMM 21.21 89.94 60.10 50.53 42.35 69.95 77.31 87.92 65.74 65.34 63.76 63.10

CLIP [38] 23.22 93.55 66.11 45.04 50.42 66.99 82.86 86.92 65.63 65.16 68.34 64.93

CoOp [58] 18.47 93.70 64.51 41.92 46.39 68.71 85.30 89.14 64.15 66.55 71.51 64.57
CoCoOp [57] 22.29 93.79 64.90 45.45 39.23 70.85 83.97 90.46 66.89 68.44 71.02 65.20

CuPL [36] 24.90 92.98 65.29 44.56 47.84 71.30 86.11 89.13 62.59 66.83 69.62 65.55
Visdesc [30] 24.30 94.60 64.08 44.98 54.84 70.85 85.05 88.85 67.99 67.12 68.55 66.47

TPT [41] 24.78 94.16 66.87 47.75 42.44 68.98 84.67 87.79 65.50 68.04 68.98 65.45
DiffTPT [11] 25.60 92.49 67.01 47.00 43.13 70.10 87.23 88.22 65.74 62.67 70.30 65.40

TDA [21] 23.91 94.24 67.28 47.40 58.00 71.42 86.14 88.63 67.62 70.66 69.51 67.71
DOTA [14] 25.59 94.32 69.48 47.87 57.65 74.67 87.02 91.69 69.70 72.06 70.68 69.15
DPE [55] 28.95 94.81 67.31 54.20 55.79 75.07 86.17 91.14 70.07 70.44 71.91 69.62
AWT∗ [65] 29.22 95.40 69.80 55.56 58.40 75.07 85.54 92.23 70.00 70.70 71.26 70.28

V
iT
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/1

6

ProtoMM 31.02 95.70 69.92 56.38 56.11 77.40 85.89 91.90 70.78 71.76 72.01 70.70

Table 1. Performance comparisons of accuracy (%) on the cross-domain benchmark. All the compared methods are built upon CLIP-RN50
or CLIP-ViT-B/16 backbone. The evaluation metric Average is calculated by taking the mean accuracy across all 11 datasets. The best and
second best results are denoted in bold and underline, respectively. ∗ refers to our implementation using their publicly released code.

adapters for each testing sample. However, this process is
more computationally and time-costing. For the ViT-B/16
backbone, we observe similar results, with our method sur-
passing the existing methods across most datasets, showing
an average accuracy improvement of 1.08% over DPE. Es-
pecially on the fine-grained Flowers102 [33] datasaet, our
method outperforms the second-best AWT by over 2.3%.
We also evaluate our method with SOTA methods on the Im-
ageNet [9] and its 4 out-of-distribution (OOD) variants, as
shown in Table 2. The experimental results demonstrate that
our method exhibits competitive generalization performance
across all methods. Specifically, our ProtoMM outperforms
TDA by 2.58% and AWT by 0.71% on average when using
the RN50 backbone. Moreover, with the ViT-B/16 backbone,
our method surpasses the second-best method, DOTA, by an
average of 1.17% on the OOD dataset. Even compared to
the training-based DPE, it achieves an average improvement
of 1.03%. These results demonstrate the adaptability of our
method to varied distributions. Notably, this generalization
is achieved without any test-time optimization or tuning.

4.3. Ablation Study
We conduct experiments to assess the effectiveness of each
module and strategy designed in our method. Additionally,
we evaluate its efficiency and present visualizations.

Effectiveness of using multimodal prototypes. We exam-
ine the contributions of the distributed feature construction
module and the multimodal prototype learning module, re-
spectively. The results are summarized in Table 3. Row (1)
presents the zero-shot CLIP [38] performance as a baseline.
In Row (2), Eq. (5) stands for the distributed feature construc-
tion, which expands the textual prototypes by incorporating
additional features with their importance weights, achiev-
ing 1% gains over CLIP on ImageNet with RN50. Row
(3) shows the results of using both modules in our method,
outperforming the variant that only uses Eq. (5) by over 1%
on Caltech101 with ViT-B/16. These improvements indicate
that dynamically incorporating multimodal prototypes leads
to better representations and improved test-time adaptation.

Effectiveness of the Number of Augmentations. We evalu-
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Method ImageNet ImageNet-A ImageNet-V2 ImageNet-R ImageNet-S Average OODAverage

CLIP [38] 59.81 23.24 52.91 60.72 35.48 46.43 43.09

CoOp [58] 63.33 23.06 55.40 56.60 34.67 46.61 42.43
CoCoOp [57] 62.81 23.32 55.72 57.74 34.48 46.81 42.82

CuPL [36] 61.45 23.86 54.61 61.02 35.13 47.21 43.65
VisDes [30] 59.68 21.17 52.36 57.16 33.78 44.83 41.11

TPT [41] 60.74 26.67 54.70 59.11 35.09 47.26 43.89
DiffTPT [11] 60.80 31.06 55.80 58.80 37.10 48.71 45.69

TDA [21] 61.35 30.29 55.54 62.58 38.12 49.58 46.63
DOTA [14] 61.82 30.81 55.27 62.81 37.52 49.64 46.60
DPE [55] 63.41 30.15 56.72 63.72 40.03 50.80 47.65
AWT∗ [65] 63.01 30.93 56.31 63.06 39.71 50.60 47.50

R
N

50

ProtoMM 63.76 30.56 57.28 63.95 41.05 51.32 48.21

CLIP [38] 68.34 49.89 61.88 77.65 48.24 61.20 59.42

CoOp [58] 71.51 49.71 64.20 75.21 47.99 61.72 59.28
CoCoOp [57] 71.02 50.63 64.07 76.18 48.75 62.13 59.91

CuPL [36] 69.62 50.72 63.27 77.05 49.02 61.93 60.01
VisDes [30] 68.55 49.07 61.80 75.13 47.97 60.50 58.49

TPT [41] 68.98 54.77 63.45 77.06 47.94 62.44 60.81
DiffTPT [11] 70.30 55.68 65.10 75.00 46.80 62.28 60.52

TDA [21] 69.51 60.11 64.67 80.24 50.54 65.01 63.89
DOTA [14] 70.68 61.19 64.41 81.17 51.33 65.75 64.52
DPE [55] 71.91 59.63 65.44 80.44 52.26 65.93 64.44
AWT∗ [65] 71.26 60.33 65.05 80.38 51.60 65.72 64.34

V
iT

-B
/1

6

ProtoMM 72.01 64.02 65.93 80.87 51.97 66.96 65.69

Table 2. Performance comparison of accuracy (%) on the out-of-distribution benchmark. All the compared methods are built upon
CLIP-RN50 or CLIP-ViT-B/16 backbone. The two evaluation metrics Average and OOD Average are calculated by taking the mean accuracy
across all five datasets and four OOD datasets excluding ImageNet. The best and second best results are denoted in bold and underline,
respectively. ∗ refers to our implementation using their publicly released code.

Eq. (5) Eq. (10)
ImageNet Caltech101

RN50 ViT-B/16 RN50 ViT-B/16

(1) CLIP [38] 59.81 68.34 87.26 93.55

(2) ✔ 60.82 68.98 88.16 94.65

(3) ✔ ✔ 63.76 72.01 89.94 95.70

Table 3. Performance of our method with different modules, where
Eq.(5) and Eq.(10) denote the Distributed Feature Construction and
Multimodal Prototype Learning in our method, respectively.

ate the impact of the number of augmentations on images and
class names for both RN50 and ViT-B/16 backbones, as il-
lustrated in Figure 4a and Figure 4b, respectively. For visual
augmentations, the accuracy initially improves as the num-
ber of augmentations increases from 1 to 40, after which the
performance stabilizes. This trend indicates that increasing
the number of image augmentations can effectively improve
the discriminability of multimodal prototypes up to a certain
point. On the other hand, textual augmentations (Figure 4b)
show similar results to visual augmentations. As the number
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(a) Visual Augmentation.
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(b) Textual Augmentaion.

Figure 4. Analysis of classification performance by varying the
number of augmentations in the ImageNet dataset: (a) image aug-
mentation, (b) class name augmentation.

of textual augmentations varies from 1 to 70, the accuracy
initially increases and then converges. This implies that be-
yond a certain number, adding more descriptive sentences
for class names does not improve the quality of prototypes.
Based on these observations, we set the number of visual
and textual augmentations both as L = K = 50, which is
consistent with the setting in AWT.

Effectiveness of threshold τ We set the threshold to ensure
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Figure 5. Analysis of classifi-
cation performance by varying
the threshold value on the Ima-
geNet dataset.
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Figure 6. Analysis of classifi-
cation performance by varying
the selection number on the Im-
ageNet dataset.

confident prediction for the test samples. A large value of
τ implies stricter criteria for selecting samples, which can
increase the reliability of predictions. We vary τ from 0.1
to 0.99. The results in Figure 5 show that as the threshold τ
increases, performance improves gradually. However, once
the threshold exceeds 0.8, the performance begins to degrade.
Without testing samples (τ = 1) fail to establish the multi-
modal prototypes, leading to worse performance. Further-
more, using all test samples (τ = 0) without any confidence-
based filtering does not lead to optimal performance, as low-
confidence predictions may introduce incorrect labels that
provide limited useful information and potentially disrupt
the structure of the multimodal prototypes.

Effectiveness of top-S selection. In our method, we select
the top-S confident samples for constructing multimodal
prototypes. To assess the influence of the number of selected
samples, we vary the selection number from 5 to 50 and
analyze the results illustrated in Figure 6. The results indi-
cate that performance improves as the number of selected
samples increases, reaching a stable state when exceeding
a certain number. Including too many augmented samples
with high prediction confidence does not further boost per-
formance, as the visual knowledge provided by each test
sample to the textual prototypes is sufficient. Overall, our
method shows robust performance across a typical range of
top-S values, maintaining stable classification accuracy.

Visualization of transport plan. To intuitively demonstrate
the effectiveness of our method, we visualize the heatmap
of the transport plan T for the testing sample, as illustrated
in Figure 7. We select four test images from the ImageNet
dataset, such as “hamster,” “mountain bike,” “robin,” and
“malamute,” where the transport plans primarily focus on the
objects. This demonstrates that our method effectively trans-
fers discriminative visual knowledge to textual prototypes,
resulting in more representative multimodal prototypes.

Comparison of Inference Time Our method is training-
free, unlike methods that require prompt tuning or adapter
tuning, such as TPT, DiffTPT, and DPE, which involve back-

hamster mountain bike

robin malamute

Figure 7. Visualization of heatmaps for the transport plans.

propagating through an expensive encoder or adapter during
optimization. We evaluate the inference time using a single
NVIDIA 3090 GPU. The experimental results in Table 4 indi-
cate that our method is faster than the tuning-based methods.
Although our method takes slightly more time than TDA, we
achieve a notable performance improvement, outperforming
TDA by over 2.4%. It is worth noting that the Sinkhorn al-
gorithm [8] supports efficient parallel computation, allowing
the distance between one distribution and multiple others
to be evaluated simultaneously, as demonstrated in prior
works [4, 65]. This parallelism further contributes to the
comparable runtime of our method relative to TDA.

Method Testing Time Accuracy Gain

CLIP [38] 13min 59.81 0
TPT [41] 14h 30min 60.74 +0.93
DiffTPT [11] 37h 25min 60.80 +0.99
TDA [21] 17min 61.35 +1.54
DOTA [14] 18min 61.82 +2.01
DPE [55] 2h 40min 63.41 +3.60
AWT [65] 21min 63.01 +3.20
Proto 21min 63.76 +3.95

Table 4. Comparisons of efficiency (Testing Time) and effectiveness
(Accuracy) with the RN50 backbone.

5. Conclusion

In this work, we introduce a novel training-free multimodal
prototype learning framework for adapting VLMs during
test time. Our method models prototypes as a discrete dis-
tribution of class descriptions and visual particles, where
the visual particles are dynamically updated from the testing
streams. This process enables the multimodal prototypes
to progressively accumulate visual knowledge, enhancing
the prediction performance progressively. Extensive experi-
ments demonstrate the effectiveness of our method. In the
future, we aim to design a more efficient multimodal pro-
totype learning framework, and apply it to more high-level
downstream tasks, such as image/video understanding.
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