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Abstract

Compositional Zero-Shot Learning (CZSL) aims
to recognize novel attribute—object compositions
by leveraging shared knowledge from the seen
primitives. While recent works have begun to in-
corporate test-time adaptation to mitigate perfor-
mance degradation caused by label-space distribu-
tion shifts, they suffer from primitive-level knowl-
edge underutilization and cross-modal semantic
asymmetry, hindering robust understanding of novel
compositions. To address these issues, we intro-
duce MLDA, a test-time adaptation framework for
CZSL that jointly derives multi-level prototypes
and performs dynamic vision—language alignment.
Specifically, we construct and progressively up-
date composition- and primitive-level prototype
sets to accumulate structured semantic knowledge:
By augmenting test inputs with diverse visual per-
spectives and enriched compositional descriptions,
MLDA leverages optimal transport to achieve consis-
tent matching of semantically salient information
across modalities. Furthermore, composition ac-
tivation scores are dynamically updated over the
test stream to emphasize informative compositions
and suppress irrelevant ones. Extensive experi-
ments are conducted to verify the effectiveness of
the proposed method. 'The code is available at
https://github.com/keepgoingjkg/MLDA.

1 Introduction

Humans exhibit a remarkable ability to recognize and rea-
son about novel concepts by composing previously acquired
knowledge [Lake er al., 2017]. For instance, we can effort-
lessly identify an unfamiliar concept like wooden laptop
by combining the known attribute wooden with the object
laptop, even without prior exposure to this combination.
This capacity for compositional generalization motivates Com-
positional Zero-Shot Learning (CZSL) [Misra et al., 2017;
Naeem et al., 2021], which recognizes unseen attribute—object
pairs by transferring knowledge from the seen ones.
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Figure 1: Motivation of MLDA. Existing CZSL methods (left) suffer
from two key limitations at test time:(a) over-reliance on composition-
level prototypes while neglecting primitive-level knowledge, and (b)
point-to-point matching that fails to address cross-modal semantic
asymmetry. Conversely, MLDA (right) adopts multi-level prototype
adaptation and distribution-aware alignment, enabling complemen-
tary knowledge accumulation and robust cross-modal matching.

The advent of large-scale pre-trained vision—language mod-
els (VLMs) has led to a series of prompt-tuning methods
that adapt these models to the CZSL setting in a training-
based manner, leveraging the versatile multi-modal represen-
tations encoded in VLMs [Nayak et al., 2023; Lu et al., 2023;
Huang et al., 2024]. However, CZSL inherently suffers from
distribution shifts caused by unseen combinations of sub-
concepts at test time. This challenge has recently motivated
test-time adaptation for CZSL, which aims to dynamically
adjust model behavior when encountering novel compositions.
Existing approaches include test-time prompt tuning for com-
position labels [Zhou and Ma, 2024] or multi-modal prototype
learning with semantic consistency constraints [Yan and Feng,
20251, both of which achieve encouraging performance gains.
Nevertheless, current test-time adaptation methods for CZSL
remain limited in two key aspects: (1) Primitive-Level Knowl-
edge Underutilization. These methods typically learn only
one or a few composition-level prototypes and fail to accumu-
late knowledge about individual primitives as test samples are
processed. (2) Cross-Modal Semantic Asymmetry. In practice,
visual inputs often contain rich but noisy information. For
example, as shown in Fig.1(b), an image of sliced fish
may also include irrelevant items, such as broccoli. In contrast,
composition prototypes encode concise but limited semantic
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content. This inherent heterogeneity between visual and tex-
tual representations induces cross-modal semantic imbalance,
which undermines generalization to novel compositions.

To address the above issues, we propose a test-time Multi-
Level Adaptation with Dynamic Alignment (dubbed MLDA)
framework for CZSL. Initially, moving beyond reliance on
composition-level prototypes alone, we construct comprehen-
sive prototype representations at both the composition and
primitive levels. This multi-level design enables MLDA to not
only model each composition more precisely, but also accumu-
late reliable primitive-level knowledge as test samples are con-
tinuously observed. By explicitly integrating complementary
side information from different granularities, MLDA effectively
mitigates error propagation caused by unreliable composition
predictions and improves both accuracy and robustness.

Moreover, to facilitate fine-grained alignment between vi-
sual and textual domains, given a candidate composition and a
test image, MLDA augments the visual input via image transfor-
mations and generates a set of potential compositional descrip-
tions using large language models (LLMs) [Brown et al., 2020;
Ouyang et al., 2022; Wang et al., 2024]. Each enhanced view
or description captures a specific semantic aspect of the input,
and together they provide a more comprehensive understand-
ing of the underlying composition. Intuitively, not all augmen-
tations contribute equally to composition recognition, as some
may correspond to irrelevant visual regions or imprecise tex-
tual descriptors. To this end, MLDA dynamically weights the
importance of each augmentation according to its prediction
entropy, allowing informative cues to be emphasized while
suppressing noisy ones. More importantly, unlike existing
methods that rely on point-to-point distance matching, MLDA
represents the augmented visual instances and compositional
descriptions as two discrete distributions and leverages optimal
transport (OT) [Villani and others, 2008] to perform alignment
at the distribution level. This formulation explicitly models
inter-modal interactions and enables consistent matching of
semantically relevant information.

In terms of data distribution, the composition space is in-
herently imbalanced and partially infeasible [Jiang and Zhang,
2024]. During test-time adaptation, only a subset of candidate
compositions is relevant to the current test stream. To capture
this property, MLDA assigns each composition to a dynamically
updated activation score that reflects its test-time relevance.
First, the activation score serves as a gating mechanism that
determines whether a‘composition participates in OT—based
alignment, enabling the model to focus on confident and valid
candidates rather than blindly operating over the entire com-
position space. Second, it reweights the aggregated outputs,
allowing more reliable candidates to exert greater influence on
the final prediction.

In summary, our contributions are fourfold:

* We introduce multi-level adaptation for CZSL in the test-
time scenario. By learning prototypes at both the com-
position and the primitive levels, our approach enables
more accurate understanding of compositions.

* We leverage informative multi-modal knowledge to per-
form fine-grained semantic alignment of key concepts
by formulating the image-text distance calculation as an

optimal transport problem.

* We propose composition activation scores that gate OT-
based alignment and reweight predictions, enabling the
model to dynamically prioritize reliable candidates.

» Extensive comparisons and ablation studies on three
benchmarks demonstrate the effectiveness of the pro-
posed MLDA.

2 Related Work

2.1 Compositional Zero-Shot Learning

Compositional Zero-Shot Learning (CZSL) aims to recog-
nize unseen compositions by generalizing from seen ones,
operating within a fixed set of known attributes and ob-
jects [Mancini et al., 2021]. Prior research in CZSL can
be broadly categorized into two.paradigms: compositional
recognition and primitive recognition. The former learns
compositional representations directly, either by aligning vi-
sual features with textual labels in a shared embedding space
or by leveraging graph-based models to capture contextual
relationships [Tanwisuth et al., 2023; Saini et al., 2022;
Li et al., 2022]. The latter independently predicts sub-concepts
using dual classifiers, and emphasize disentangling visual rep-
resentations through strategies such as contrastive learning [Li
et al., 2022] and knowledge distillation [Li et al., 2023].
Advances in large-scale vision—language models (VLMs)
like CLIP have increasingly enabled CZSL to leverage seman-
tic knowledge from pre-trained multimodal representations
[Wang et al., 2023b; Li et al., 2024b; Rao et al., 2025]. Sev-
eral works adopt prompt learning and formulate CZSL as a
multi-path identification problem, enabling composition rea-
soning through diverse semantic perspectives. For instance,
Troika [Huang et al., 2024] employs a cross-modal traction
module to align branch-specific prompt representations and
adjusts them based on visual content. TsCA [Li et al., 2024a]
builds three semantically homologous sets and enforces fine-
grained alignment with a cycle-consistency constraint. CLUS-
PRO [Qu et al., 2025] learns multiple prototypes for each prim-
itive via within-primitive clustering and dynamically updates
them to capture diversity. Despite notable progress, existing
CZSL methods generally keep model parameters fixed after
training, leaving test-time adaptation largely unexplored.

2.2 Test-Time Adaptation

Test-time adaptation (TTA) is an effective technique to address
distribution shifts between training and test data [Wang et al.,
2020; Nado er al., 2020; Khurana et al., 2021]. It is partic-
ularly beneficial for real-world deployment in areas such as
autonomous driving and medical diagnosis [Karmanov ef al.,
2024]. For example, TENT [Wang et al., 2020] adapts the
affine parameters of batch normalization layers by minimiz-
ing the entropy of prediction probabilities. MEMO [Zhang
et al., 2022] enforces invariant predictions across different
augmentations of each test sample. Motivated by the success
of VLMs, recent studies adopt test-time prompt tuning (TPT)
to optimize textual prompts via entropy minimization. Specifi-
cally, TPT [Shu et al., 2022] and DiffTPT [Feng et al., 2023]
adapt pre-trained models by learning domain-specific prompts
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Figure 2: The overall framework of the proposed MLDA (zoom-in for more details).

from test data. DynaPrompt [Xiao ef al., 2025] introduces
an online prompt buffer to dynamically select and optimize
prompts relevant to incoming test samples.

More recently, TTA has been extended to the CZSL setting.
Zhou et al. [2024] provide the first exploration by applying vi-
sual augmentations to test images and minimizing the entropy
of the resulting prediction distributions. TOMCAT [Yan and
Feng, 2025] further proposes to accumulate knowledge from
both visual and textual modalities to update multimodal proto-
types at test time. Despite their effectiveness, these approaches
primarily operate at the composition level, fail to explicitly
model fine-grained semantic matching, and are sensitive to
noise in test data.

3 Methodology

In this section, we first briefly review the preliminaries of
CZSL. We then introduce the details of our MLDA, which per-
forms multi-level adaptation via composition- and primitive-
level prototype updating, together with dynamic semantic
alignment and prediction aggregation at test time. An overview
of the proposed framework is shown in Fig. 2.

3.1 Preliminaries

Given the attribute set A = {ag, @1, ..., a4} and object set
O = {og,01,...,0/0} the composition label space is de-
fined as their Cartesian product, i.e., C = A x O. This space
can be partitioned into two disjoint subsets: the seen subset
C*%¢ and the unseen subset C%*, with C*¢ N C%* = (). Dur-
ing training, only C*" = C%¢ is used to learn a discriminative
model M?!" that maps input images to compositional labels.
During testing, the trained M?" is expected to predict compo-
sitions of test samples X.; in the test space C*¢. Concretely,
in the closed-world setting, C*¢ = C*¢ U C“*, whereas in the
open-world setting, all possible attribute—object pairs are con-
sidered, i.e., C* = C. In contrast, under test-time adaptation
for CZSL, an adaptive model M?9% has access only to unla-
beled test samples and updates its predictions online to better
handle the distribution shift between C*” and C*®.

3.2 Multi-Level Adaptation (MLA)

Recent training-based CZSL methods predominantly adopt a
multi-path paradigm, which fine-tunes a frozen CLIP model

while jointly modeling compositional and primitive-level pre-
dictions. Compared to single-path (composition-level) or dual-
path (primitive-level) approaches, multi-path models generally
achieve superior performance by better capturing composi-
tional structure and semantic dependencies. In this work, we
build our MLDA upon a trained multi-path CZSL model. No-
tably, our approach operates in a plug-and-play manner during
inference. Moreover, although developed under the multi-path
setting, our method is not limited to this paradigm and can be
naturally adjusted to single-path or dual-path CZSL models,
demonstrating its flexibility across different choices of M?®"
as the base model.

Multi-level Prototype Evolution. Given a trained base
model M?", we first extract visual and textual features for
the test samples separately for the composition, attribute, and
object branches. Formally, for an input test image z; C Xyest
at time ¢ and a composition ¢; C Ct, we have

m(tjvxgvm?:f(xt)a yfayaayozg(ciaaao)v (D

where f(-) and g(-) denote the visual and textual encoders
of M. x¢,y¢ € R? denote the composition embeddings,
while z¢, y* € R? and ¢, y° € R? denote the attribute and
object embeddings, respectively. For simplicity, the indices of
primitive are omitted.

To further improve the quality of these textual representa-
tions at test time, we maintain adaptive textual prototypes that
are updated online based on their similarity with the corre-
sponding visual embeddings. Specifically, for the i-th compo-
sition prototype y;, we compute an update weight:

ki = o(=0 - sim(zf, y7)) , @

where o is the sigmoid function, 6 is a temperature hyperpa-
rameter, and sim(-, -) denotes cosine similarity. The prototype
is then updated as:

c Yi + kgl

R R e 3
Y5 + Feog

Y
where g = [gf, ., Yz | € RIC*I%d ig g set of learnable
parameters initialized to zero. This weighted update encour-

ages adaptation toward compositions that differ from those
seen during training, while avoiding excessive adjustments
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over the test stream. The same procedure is applied to the
primitive-level by optimizing y* and y° for the attribute and
object branches, yielding adaptive primitive prototypes.
Prototype-Based Inference. Given the multi-level prototypes,
the prediction for the ¢-th test image x; is computed by:

exp (sim(z}, y)/7)

u . ’
Elj:ll exp (sim(z}, y]“)/T)
where u € {c,a,o0} denotes the composition, attribute, or
object branch, and U is the corresponding label set (C*¢, A, or
0). 7 is CLIP temperature parameter. The final compositional
prediction is then given by:

Pwalci | @) = yp(cilze) + (1 =) (p(alze) x p(olze)), (5)
where v balances the contributions of primitive prediction and

composition prediction. This allows complementary integra-
tion of semantic information across multiple levels.

plui | 21) = €y

3.3 Dynamic Semantic Alignment

As discussed before, a key challenge in test-time CZSL is
cross-modal semantic asymmetry. Inspired by how humans
perceive novel concepts from multiple perspectives, we enrich
each test image and composition and model them as two dis-
crete distributions in the CLIP space. A dynamic OT-based
alignment is then employed to adaptively bridge visual and
compositional semantics.
Distributed Feature Construction. As shown in Fig.3(a),
for each test image z;, we apply standard data augmentation,
including random flipping and random resized cropping, to
generate multiple visual views {z}" f‘fi 11, where z; denotes
the original image and the remaining M samples correspond
to augmented views. In parallel, we query large language
models to generate a set of diverse textual descriptions for
each candidate composition c;, yielding N textual variants
{E Ay

Then the augmented image and compositional descriptions
are subsequently fed into the composition-branch encoders of
the base model to get the corresponding embedding {x}™ 71\;{;— 11
and {2z }]_,. However, not all augmented views contribute
equally, as some capture core semantics while others may
be less informative or even noisy. Therefore, we adopt an
entropy-based weighting strategy to quantify the importance
of each view. For visual domain, we compute the importance
weight of the m-th views as:

- ()
MA-1 m’\)’
St exp(H (@) (©)
m Cte 7 m - m
H(@) = 2.5, p(E | @) logp(z: | =),
where Z; = 1/N 25:1 z! is the average embedding for

composition ¢;. Similarly, for the textual domain, we calculate
the importance of n-th description according to the original
image embedding x}:
g — exp(H (z7))
[ N n\y
Zn/zl eXp(H(zi ))

p(z} | @) logp(2} | ;)

H(=}) @

K3

cte. _ _
+ lezl‘_,j;ﬁi p(Z; ‘ w})logp(zj | w%)7
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Figure 3: (a) Illustration of our Dynamic OT Alignment, where the
composition label wet cat is activated; (b) Illustration of the Ac-
tivation Score update, where the initial activation score vector s is
uniformly initialized to 0.5:

This strategy assigns higher weights to views that yield more
confident (i.e., lower-entropy) predictions, thereby prioritizing
contextually significant views. Based on these, we further
model the resulting visual and textual features as two discrete
distributions in the CLIP embedding space:

M+1

N
Pi=> af'bep.Qi=> pBloynr, ®)
m=1 n=1

where §(-) denotes the Dirac delta function.

Dynamic Optimal Transport (DOT). Given the discrete
distribution P; for the arriving image z; and @; for a can-
didate composition c¢;, effective alignment is critical. Fortu-
nately, Optimal Transport (OT) has been verified as a powerful
tool to measure the distance between two distributions [Wang
et al., 2023al. Unlike point-wise similarity metrics, OT is
distribution-aware and explicitly accounts for the transport of
probability mass between two distributions, thereby facilitat-
ing richer interactions across modalities. Concretely, the OT
distance between P; and (Q; is formulated as:

dor (P, Qi; Cy ) = T,i}fln (T4, Cyri) — eH(Ty ),
©)
S.t. Tt,iILN = ¢, Tzi]lM—i_l = ﬁia
where (-,-) denotes the Frobenius dot-product and T;,; €
RM+1)XN s the transport plan, which indicates the trans-
port probability from each visual augmentation in P; to each
composition description in Q;. C;; € RMTDXN g the
cost matrix, whose elements represent the transport cost
computed using cosine distance. € > 0 is a coefficient.
o = [al,...,a™ ™ and B, = [}, ..., BN]T are probabil-
ity vector summing to 1 (seen in Eq.6-7) and are dynamically
updated based on the current cross-modal correlations during
testing. This formulation enables dynamic, fine-grained cross-
modal alignment between visual evidence and compositional
semantics. Consequently, the prediction probability of image
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x, can be expressed as:

exp(—dor (P, Qi; C,i))
Poor(cilzy) = [cte| )
> ir—1 exp(—dor(Pr, Qir; Cyir))
Adaptive Activation Scores (AAS). During test-time adap-
tation, not all compositions require equal attention due to dis-
tribution shifts and the partial infeasibility of the composition
space. To address this, we assign each candidate composi-
tion an adaptive activation score, learned online to reflect its
relevance under the current test distribution. Specifically, we
define the activation scores at time ¢ as:
St = [Stﬁl,...7St"cte|}—r78t7i S [0, 1] (11D
As test images arrive sequentially, the activation scores in
MLDA are dynamically updated according to the current test
distribution. As illustrated in Fig. 3(b), the score of infea-
sible compositions, such as melted cat, decreases over
time. On the one hand, these activation scores act as a gating
mechanism for OT alignment, where a threshold 7 selects an
active subset C?“! of relevant compositions, leading to more
efficient and accurate alignment. On the other hand, s; are
used to reweight the aggregated logits in Sec.3.4, allowing
more reliable compositions to exert greater influence on the
final prediction, thereby promoting robust and discriminative
test-time decision making under distribution shifts.

(10)

3.4 Optimization and Prediction

At test time, the final prediction is obtained by aggregating the
outputs of the multi-level alignment (MLA) module and the
dynamic optimal transport (DOT) module. Specifically, for
composition ¢; at time ¢, the aggregated logit is computed as:

pagg(ci|xt) = (pMLA(Ci|xt) + A 'pl)m(ci|xt)) St (12)
where \ denotes the weighting coefficient of DOT module.
To enable online adaptation without access to ground-truth
labels, we optimize the model using prediction entropy mini-
mization:
lc*e|

Eent(xt) = - Zpagg(ci | .Z't) Ingagg(ci | xt)' (13)
i=1
where only y¢, g%, y°, and s; are learnable parameters. Mini-
mizing prediction entropy promotes confident and consistent
outputs, facilitating effective adaptation under test-time distri-
bution shifts.

4 Experiments

4.1 Experimental Settings

Datasets. The proposed MLDA is evaluated on three widely
used CZSL benchmark datasets, namely UT-Zappos [Yu and
Grauman, 2014], MIT-States [Isola et al., 2015], and C-
GQA [Naeem et al., 2021]. UT-Zappos is a fine-grained
dataset focusing on footwear, consisting of 16 attributes and 12
object categories. MIT-States contains images from real-world
scenarios, where each object is associated with a particular
state. It comprises 53,753 images spanning 115 attributes
and 245 objects. C-GQA is derived from the Stanford GQA
dataset [Hudson and Manning, 2019] and includes over 9,500
compositions formed from 413 attributes and 674 objects,
making it the largest benchmark in terms of compositional
pairs for CZSL.

Metrics. Following the standard evaluation protocol adopted
in prior works [Lu ef al., 2023], we assess performance under
both closed-world and open-world settings using four evalua-
tion metrics. Specifically, Seen denotes the best accuracy on
seen compositions when the calibration bias is set to is —oo,
while Unseen measures the accuracy on unseen compositions
when the bias is +-00. To capture the overall performance
across seen and unseen pairs, we further report the area under
the seen—unseen accuracy curve (AUC), obtained by varying
the calibration bias from —oo to +00, and identify the point
that yields the highest harmonic mean (HM) between seen and
unseen accuracy. Notably, HM and AUC serve as the primary
criteria for comprehensive model evaluation.

Implementation Details. We implement MLDA on the
trained base model provided in TsCA [Lu er al., 2023], which
adopts the CLIP ViT-L/14 architecture. All experiments are
conducted in the PyTorch framework using a single NVIDIA
H200 GPU. The value of ) is set to 0.5, 0.35, and 0.3 for the
UT-Zappos, MIT-States, and C-GQA datasets, respectively.
For augmentation, we apply random resized cropping and hor-
izontal flipping to images, and query Qwen2.5-7B-Instruct
to generate diverse compositional descriptions. We set the
number of image augmentations to M = 15 for each image
and the number of compositional descriptions to N = 15 for
each composition.

4.2 Comparison with State-of-the-Arts

We. compare our method with recent state-of-the-art ap-
proaches using the same CLIP ViT-L/14 backbone in Tabs. 1-2.
For fairness, we also report reproduced results of TMO-
CAT [Yan and Feng, 2025] using the same base model. In
the closed-world setting, MLDA consistently outperforms prior
SOTA methods across all datasets. It improves AUC by 1.8%
on UT-Zappos, 0.3% on MIT-States, and 0.4% on C-GQA,
while achieving corresponding HM gains of 1.9%, 0.2%, and
0.5%. The more pronounced improvement on the fine-grained
UT-Zappos dataset highlights MLDA’s effectiveness in precise
cross-modal alignment. In the open-world setting, our method
attains the highest AUC across all datasets, with scores of
45.3%, 9.5%, and 4.9%. Compared with TMOCAT, MLDA
demonstrates improved robustness, validating the benefit of
accumulating multi-level prototype knowledge for handling
noisy test image and unseen compositions.

4.3 Ablation Study

Main Component Analysis. In Tab.3, we assess the effective-
ness of each components of MLDA. We have the following key
observations: (1) Introducing any individual module (rows
2-4) consistently improves most metrics compared to the base
model. (2) The proposed modules are complementary and
mutually reinforcing. Specifically, MLA focuses on accu-
mulating multi-level global historical knowledge, while DOT
emphasizes fine-grained semantic alignment for the current
test sample. In addition, AAS reduces the computational space
of DOT to improve efficiency, while also reweighting the final
predictions of other modules. (3) By combining the strengths
of all components, the complete model achieves the best over-
all performance across all metrics.
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Methods \ UT-Zappos MIT-States C-GQA
‘ AUC HM Seen Unseen | AUC HM Seen Unseen ‘ AUC HM Seen Unseen

CLIP [Radford et al., 2021] 50 156 158  49.1 11.0 261 302 460 14 86 75 25.0
CoOp [Zhou et al., 2022] 188 346 521 493 135 298 344 476 44 171 205 268
Co-CGE [Mancini er al., 2022] | 363 49.7 634 713 170 33.1 467 459 57 189 341 212
CSP [Nayak et al., 2023] 33.0 466 642 662 | 194 363 466 499 62 205 288 268
DFSP [Lu et al., 2023] 360 472 667 717 | 206 373 469 520 | 105 27.1 382 320
GIPCOL [Xu et al., 2024] 36.2 48.8 650 685 199 36.6 485 496 71 225 319 284
Troika [Huang ez al., 2024] 417 546 668 738 | 22.1 393 490 53.0 | 124 294 41.0 357
CDS-CZSL [Li et al., 2024b] 39.5 527 639 748 | 224 392 503 529 | 11.1 281 383 342
PLID [Bao et al., 2023] 387 524 673 688 | 221 390 497 524 | 11.0 279 388 330
IMAX [Jiang et al., 2024] 406 542 693 707 | 219 39.1 487 538 | 12.8 29.8 39.7 358
Retri-Aug [Jing er al., 2024] 445 565 694 728 | 225 392 500 533 144 320 456 360
TsCA [Li ef al., 2024a) 46.1 585 687 758 | 23.0 399 512 529 | 152 33.1 438 389
CLUSPRO [Qu et al., 2025] 466 585 707 760 | 23.8 407 521 540 | 149 32.8. 443 378
TOMCAT [Yan and Feng, 2025] | 483 602 745 728 | 226 395 503 530 | 160 340 453  40.1
TOMCAT 476 609 705 743 | 232 40.1 506 535 157 <338 446 395
MLDA (Ours) | 501 628 777 755 | 241 409 519 549 | 164 345 451 412

Table 1: CZSL comparisons in the closed-world setting. The best results are in bold. The second-best results are in underline. (1) denotes

results reproduced using our implementation of the base model.

Methods ‘ UT-Zappos MIT-States C-GQA
‘ AUC HM Seen Unseen | AUC HM Seen Unseen | AUC HM Seen Unseen

CLIP [Radford et al., 2021] 22 112 157 206 | 30 128 301 143 | 03 40 75 46
CoOp [Zhou et al., 2022] 132 289 521 315 | 28 123 346 93 | 07 55 210 46
Co-CGE [Mancini et al., 2022] | 284 453 599 562 | 56 177 381 200 | 09 53 332 39
CSP [Nayak et al., 2023] 227 389 641 441 | 57 174 463 157 | 12 69 287 52
DFSP [Lu et al., 2023] 303 440 668 600 |68 193 475 185 | 24 104 383 72
GIPCOL [Xu et al., 2024] 235 401 650 450 | 63 179 485 160 | 13 73 316 55
Troika [Huang et al., 2024] 330 478 664 612 | 72 201 488 187 | 27 109 408 79
CDS-CZSL [Li et al., 2024b] 323 482 647 (613 85 221 494 218 | 27 116 376 82
PLID [Bao et al., 2023] 308 466 67.6 555 | 73 204 491 187 | 25 106 391 75
IMAX [Jiang et al., 2024] 323 475 684 573 | 76 214 502 186 | 26 112 387 79
Retri-Aug [Jing et al., 2024] 333 4790694 594 | 82 218 499 201 | 44 146 446 118
TsCA [Li et al., 2024a] 371 522 634 698 | 87 223 508 217 | 45 147 443 114
CLUSPRO [Qu et al., 2025] 39.5 (541 710 662 | 93 230 512 221 | 30 116 416 83
TOMCAT [Yan and Feng, 2025] | 437 57.9° 741 658 | 82 217 492 210 | 42 142 451 106
TOMCAT+ 421 567 738 633 | 88 222 513 216 | 45 148 445 113
MLDA (Ours) | 453 589 774 648 | 95 232 519 226 | 49 156 448 119

Table 2: CZSL comparisons in the open-world setting. The best results are in bold. The second best results are in underline. () denotes results

reproduced using our implementation of the base model.

Ablation on Base Model. We also evaluate MLDA on differ-
ent trained base models, with results reported in Tab.4. The
results indicate that our method consistently yields significant
performance gains across all base models, demonstrating its
flexibility and robustness.

Ablation on Multi-Level Prototype. In Tab.5, we evaluate the
impact of each branch in the multi-level adaptation module. In-
troducing either attribute- or object-level prototypes results in
performance gains. Notably, retaining both composition- and
primitive-level prototypes achieves the best results, highlight-
ing the importance of comprehensive knowledge accumulation
during test-time adaptation.

MIT-States
AUC HM

UT-Zappos

AUC HM

46.1 58.5 23.0 39.9
v 48.7 61.4 23.1 39.4

v 47.1 60.5 23.3 39.9

v 46.6 59.3 23.0 39.3

v v 49.1 61.8 23.9 40.8
v v 49.6 62.1 23.2 39.6
v v 47.3 61.5 23.3 40.0

v v v 50.1 62.8 24.1 40.9

Table 3: Ablation results for each component on UT-Zappos and MIT-
States datasets. MLA means the Multi-Level Adaptation in Sec.3.2.
DOT and AAS denote Dynamic Optimal Transport and Adaptive
Activation Scores in Sec.3.3
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2. Engraving on a sword often follows a specific pattern or motif.
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1. Wet dog has a damp surface
2. The object's whiskers look damp and droopy.

Base Model: huge dog
1. Paws are large and thick, designed for traction.
2. Its body is robust and muscular, indicating strength.

cooked seafood

Ours: broken bottle
1. Abroken bottle reveals jagged edges from its fragmentation.

2. A spilled bottle lies on the surface.
engraved sword

(a) Comparison with base model

Ours: cooked seafood
1. The edges of cooked seafood might curl gently.
2. A cooked shrimp has a slightly firm yet delicate texture

Base Model: caramelized cheese
1. The center of caramelized cheese remains soft and gooey.
2. The exterior has a glossy sheen from the melted fats.

Ours: engraved sword
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2. The material of an engraved blade can range from metal to wood. E
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|

Ground Truth:
ancient church

/| Ground Truth:
"M} caramelized sugar

Ours:
coiled ring

caramelized sugar

(b) Failure cases

Figure 4: Qualitative results on MIT-States dataset. (a) For each sample, we show the input image together with its ground-truth composition.
We report the predictions from MLDA and the base model, along with the corresponding compositional descriptions. Correct and incorrect
compositions are marked in green and red, respectively. (b) Representative failure cases are shown.

Module UT-Zappos MIT-States =T M=15 c00 01501 504501 503503
AUC HM Seen Unseen AUC HM Seen Unseen 50 49.6 49.6 “49'3 —~ar
CLIP 22 112 157 206 3.0 128 30.1 143 g Sore \ >
CLIP+Ours 94 244 490 265 147 308 512 354 I
CSp 33.0 46.6 642 66.2 194 363 46.6 499 »
CSP + Ours 36.7 515 658 64.6 21.1 379 470 534 46 ‘n
Troika 417 546 668 738 221 393 49.0 53.0 64
Troika+ Ours 451 59.5 735 672 235 404 508 545 VL eine @88 2865 5760
. . 621 61.461.4 V
Table 4: Ablation study of different base models on UT-Zappos and E >
MIT-States datasets in the closed-world setting. 60
58
0 5 10 15 20 25
Number of M/N
Branch Closed-world Open-world
C A ) AUC HM AUC M Figure 5: Ablation on the number of text descriptions N and image
augmentations M on the UT-Zappos dataset.
v 493 61.9 43.9 57.5
v v 48.3 62.0 43.4 58.0
? v v 33'2 g%'g ﬁ'(l) gg'g stance, wet dog is characterized by a damp surface, whereas
v v v 50.1 62.8 453 58.9 uge dog is distinguishe attributes such as large an
huge dog is distinguished by attribut h as large and

Table 5: Ablation on the multi-level prototype on UT-Zappos. C, A
and O denote composition-, attribute-, and object-level prototypes.

Impacts of the Number of Augmentation views. We ana-
lyze how the number of augmented views in both modalities
affects performance in Fig. 5. The results show that increas-
ing the number of image augmentations or compositional de-
scriptions consistently improves performance, as richer visual
regions and descriptive sentences enhance cross-modal align-
ment. However, the gains gradually saturate beyond a certain
point. Therefore, we set M = N = 15 by default.

4.4 Qualitative Analysis

Fig. 4 presents several top-1 prediction examples, where our
MLDA shows consistently better performance than the base
model. This can be attributed to two main factors. First, multi-
level prototype adaptation enables the model to accumulate
more comprehensive semantic knowledge across different lev-
els, facilitating effective adaptation to the new distribution.
Second, by enriching compositional labels with generated tex-
tual descriptions, MLDA is able to better capture the subtle
semantic differences between similar compositions. For in-

thick paws. This enhanced semantic representation allows for
finer-grained cross-modal alignment.

Simultaneously, we present some representative failure
cases. One type of failure arises from semantic ambiguity,
where compositions such as ancient church and old
church are visually indistinguishable in the given images.
Another failure mode is caused by incorrect annotations, for
example, an image depicting coiled ring thatis mistak-
enly labeled as caramelized sugar.

5 Conclusion

In this paper, we present MLDA, a novel test-time adapta-
tion framework designed to address label distribution shifts
in CZSL. Rather than relying solely on composition-level
knowledge, MLDA also leverages informative primitive-level
information from historical unlabeled data to provide com-
plementary context. Meanwhile, we model the test image
and candidate compositions as discrete distributions to enable
fine-grained semantic alignment. Finally, our activation scores
dynamically calibrate the final predictions. Extensive experi-
ments and ablation studies demonstrate the effectiveness and
flexibility of our approach.
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