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Abstract

Tissue segmentation in pathology images is crucial for
computer-aided diagnostics of human cancers. Traditional
tissue segmentation models rely heavily on large-scale la-
beled datasets, where every tissue type must be annotated
by experts. However, due to the complexity of tumor micro-
environment, collecting annotations for all possible tissue
types is challenging, which makes the traditional methods
ineffective in segmenting unseen tissue types with zero train-
ing samples. With the rapid development of vision-language
models (VLMs), recent studies extend their powerful zero-
shot capabilities to pixel-level segmentation tasks, where
the model is trained only on seen classes but can per-
form tissue segmentation on both seen and unseen cate-
gories in the testing phase. However, these VLM-based
zero-shot segmentation models still require substantial an-
notation efforts on seen classes. To attach desirable seg-
mentation performance on both seen and unseen categories
with limited labeled data, we propose AcZeroTS, a novel
active learning framework for zero-shot tissue segmenta-
tion in pathology images. Specifically, AcZeroTS is built
on a VLM-based prototype-guided zero-shot segmentation
model called ProZS. We introduce a novel active selection
criterion to select the most valuable samples for annota-
tion on seen classes, which not only considers both uncer-
tainty and diversity of unlabeled samples, but also ensures
that the generated prototypes of ProZS can effectively sum-
marize both seen and unseen classes during inference. We
evaluate our method on two pathology datasets (TNBC and
HPBC) as well as a natural dataset (Pascal VOC 2012), and
the experimental results demonstrate the superiority of our
method in comparison with the existing studies.

1. Introduction

Histological examination of tissue pathology slides remains
the gold standard for cancer diagnosis and prognosis [42].
However, visual examinations performed by pathologists
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Figure 1. (a) Traditional zero-shot tissue segmentation models re-
quire labeling large amounts of seen-class tissues. (b) Traditional
active learning methods are ineffective for tissue segmentation on
unseen classes. (c) We design an active learning framework for
zero-shot tissue segmentation that only selects the most valuable
samples of seen classes for annotation but still achieves desirable
segmentation performance on both seen and unseen tissue types.

are typically subjective, resulting in variability across dif-
ferent observers. To ensure objective and consistent evalu-
ations, computerized quantitative image analysis is highly
desirable [43]. Among different pathological image anal-
ysis tasks, tissue segmentation aims at identifying diverse
tumor micro-environment (TME) components that are es-
sential for understanding cancer progression [44].

Over the past decades, deep learning technology has
achieved remarkable success in computer vision, which also
boosts considerable interests in designing deep tissue seg-
mentation models [15, 37]. Current tissue segmentation
models are mostly trained in a supervised manner that re-
quires heavy annotation efforts from the pathologists. How-
ever, due to the complex structure of the TME components
revealed in pathology images, it is challenging to collect an-
notations for all possible tissue types. For instance, most of
the tissue segmentation models focus on distinguishing tu-
mor and stromal regions in pathology images given the la-
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beled data. For the purpose of providing more insights into
tumor progression and metastasis, we also need to analyze
the spatial organization of lymphocytes that are hard for an-
notation but often considered as an important marker of the
immune system to cancer [48]. However, directly adopting
the tumor/stromal segmentation models for the identifica-
tion of lymphocyte regions will yield unsatisfied results.

To address the above issue, several zero-shot segmen-
tation (ZSS) methods are proposed and most of them rely
on the Segment Anything Model (SAM) [19, 24, 32]. Al-
though SAM’s capability for tissue segmentation is ap-
pealing, it initially segments every parts and still re-
quires additional prompt information to clarify the tar-
get unseen classes. Inspired by the fast development of
vision-language models (VLMs), recent methods transfer
their powerful zero-shot generalization capability from the
image-level classification tasks to the pixel-level segmenta-
tion tasks, where the model is trained only on seen classes
and can segment unseen classes that are not available dur-
ing training. For instance, the studies in [20, 47] introduce
the text information and extend the CLIP [29] model for
ZSS tasks. In addition, Aleem et al. [1] integrate SAM and
CLIP into a unified framework for ZSS on different medical
image datasets.

However, training an accurate and reliable zero-shot tis-
sue segmentation model still requires amounts of high-
quality labeled data on seen classes, leading to high anno-
tation costs for pathologists [34] (Fig. 1 (a)). In order to
reduce the labeling costs, several active learning methods
have been proposed [18, 40, 41] that aim at querying the
most valuable samples from the unlabeled pool for annota-
tion. However, these research efforts have not investigated
how to design effective query strategies in the ZSS tasks
(Fig. 1 (b)). Intuitively, in the setting of ZSS, the query
strategy of active learning should attach equal significance
to both seen and unseen categories with limited labeled data
(Fig. 1 (c)).

Based on the above considerations, in this work, we
propose AcZeroTS, a novel active learning framework for
zero-shot tissue segmentation in pathology images, which is
built on a VLM-based prototype-guided zero-shot segmen-
tation model called ProZS. AcZeroTS can select the most
valuable samples of seen classes for annotation and improve
the performance on both seen and unseen classes during the
inference stage. The main contributions of this study are
listed as follows:

(1) To the best of our knowledge, this is the first active
learning framework designed for zero-shot segmentation,
aimed at optimizing sample selection to improve model
generalization across both seen and unseen classes with lim-
ited labeled data.

(2) We design three criteria and combine them together
for query selection. Specifically, the criteria of Evidence-

based Uncertainty of the Unlabeled Data (EUN) and Con-
trast Among Labeled and Unlabeled Data (COT) consider
both uncertainty and diversity of unlabeled samples. More
importantly, the criterion of Complete Summarization Abil-
ity of the Prototypes (CSA) measures the summarization
ability of the generated prototypes on both seen and unseen
tissue types.

(3) We evaluate the effectiveness of our method on two
pathology datasets (TNBC and HPBC) as well as a natural
dataset (PASCAL VOC 2012), and the experimental results
demonstrate that AcZeroTS can achieve higher segmenta-
tion accuracy on both seen and unseen categories with lower
annotation burden in comparison with the existing studies.

2. Related Work

Zero-shot Segmentation (ZSS) aims to accurately segment
unseen classes with zero training samples. Previous works
like ZS3 [5], SPNet [39], CaGNet [10], Joint [3], SIGN [7]
and [13, 45] have tried to tackle the task by enhancing the
generalization ability of semantic mapping from seen to un-
seen classes. With the development of vision foundation
model Segment Anything Model (SAM) [19], the studies in
[24, 32] adopt SAM to realize ZSS, but most of them ignore
the fact that the semantic information is also helpful for the
7SS task. Inspired by the rapid progress of vision-language
models (VLMs), recent methods extend their strong zero-
shot generalization ability from image-level classification
to pixel-level segmentation. For instance, Aleem et al. [1]
incorporate SAM and CLIP into a unified framework for
zero-shot segmentation on medical images. ZegFormer [8],
ZegCLIP [47], and TagCLIP [20] further extend the CLIP
model and introduce text information for ZSS tasks. More-
over, MaskCLIP+ [46] applies CLIP to generate pseudo
annotations on novel classes for self-training. However,
it is still challenging to transfer the zero-shot ability of
the vision-language foundation models from image-level to
pixel-level, and the requirement for large amounts of la-
beled data on seen classes will bring heavy annotation bur-
den for experts.

Active Learning for Semantic Segmentation aims at re-
ducing labeling costs by querying the most valuable sam-
ples for pixel-level annotation. In general, the query strat-
egy can be divided into two aspects, i.e., uncertainty and
representativeness based criteria. The uncertainty-based
criterion is a widely used strategy in active learning, which
selects the most informative samples by measuring the
model’s uncertainty about its predictions [12, 33, 41]. For
instance, Xie et al. [40] present an active learning algorithm
to deal with performance limitations of domain adaptive se-
mantic segmentation at minimal labeling costs. Cai et al.
[6] develop a super-pixel-based approach for active learn-
ing in semantic segmentation that takes into account more
realistic click-based annotation costs. On the other hand,
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Figure 2. Flowchart of the proposed AcZeroTS, which is built upon a well designed prototype-guided ZSS model, i.e., ProZS (shown in
Fig. 3). The query strategy for AcZeroTS consists of three criteria in the form of Evidence-based Uncertainty of Unlabeled Data (EUN),
Contrast Among the Labeled and Unlabeled Data (COT) and Complete Summarization Ability of the Prototypes (CSA). In each cycle of
active learning for AcZeroTS, we query the most valuable samples from the seen tissue categories for annotation. Based on the queried
data, we then update ProZS to improve the segmentation performance on both seen and unseen categories.

the representativeness-based query strategy in active learn-
ing aims to select samples that best represent the overall
data distribution [31]. Another study called MADA [27]
adopts multiple anchors instead of a single centroid to se-
lect more representative samples for annotation. However,
these active learning methods are not designed for segment-
ing novel categories that have not been seen in the training
set. The active learning framework designed for zero-shot
segmentation that can improve model generalization ability
on both seen and unseen classes with limited labeled data
has not been explored.

3. Method

3.1. Problem Formulation

We follow the inductive setting of generalized zero-shot
segmentation (GZSS) [39] which requires to segment both
seen and unseen classes C* U C" after training on the seen
classes C*, C* N C" = @. Suppose that we have a small
labeled pool £ = {&=}"", with n” samples and a large un-
labeled pool U = {x¥ ;Lil with nY samples (|£] < |U)),
where the pixels in £ and U belong to seen categories in
the training process. The goal of our framework aims at
querying the most valuable samples from ¢/ for annotation,
followed by adding them into £ for ZSS model re-training,
which can enhance the segmentation performance on both
seen and unseen classes during inference while minimizing
annotation costs.

3.2. Architecture Overview

We show the flowchart of the proposed active learning al-
gorithm AcZeroTS in Fig. 2. AcZeroTS is built upon

a prototype-guided ZSS model ProZS (shown in Fig. 3).
At each iteration of active learning for AcZeroTS, we se-
lect the most valuable samples from the seen tissue cat-
egories for annotation by considering the following three
criteria: Evidence-based Uncertainty of Unlabeled Data
(EUN), Contrast Among the Labeled and Unlabeled Data
(COT) and Complete Summarization Ability of the Proto-
types (CSA), where EUN and COT consider both uncer-
tainty and diversity of unlabeled samples, and the criterion
of CSA measures the summarization ability of the gener-
ated prototypes on both seen and unseen tissue categories.
By incorporating the queried data for updating ProZS, we
could achieve better segmentation results on both seen and
unseen tissue categories in the test set.

3.3. ProZS: Prototype-guided Zero-shot Segmenta-
tion Model

Fig. 3 presents the framework of ProZS, which integrates
the pre-trained pathology visual-language model, i.e., PLIP
[14] with prototype learning for zero-shot segmentation on
pathology images. It comprises a vision pathway for ex-
tracting visual features and a text pathway for encoding se-
mantic information to guide segmentation.

Vision Pathway: We split the input image into A
patches with token embeddings P = [p;,ps, - , Py €
RMxdv where d,, is the token dimension. Suppose that the
image encoder is consisted of L layers, and the multi-head
attention module in the [-th layer can be formulated as:

lg', P'| = Layer'([g" ', P'™ ")), (1)

where g' is the [CLS] token embedding and P!
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Figure 3. Framework of prototype-guided zero-shot segmentation
model based on pathology vision-language model.

[pll, plz, e le] represents patch embeddings at layer /.
We aggregate patch embeddings across layers as P =
Zle P! and reshape it into a patch-wise feature map
FP ¢ RH>XW'xdo where H' = VM. To
achieve pixel-wise segmentation, we design a patch-to-pixel
decoder that extends F'P into a pixel-wise feature map
FI € R¥XWxd with matched resolution to the original
image. Here, d represents the dimension of pixel-level fea-
tures. The structure of the patch-to-pixel decoder is detailed
in Fig. 4 (a), including convolution and up-sampling blocks
that can effectively reconstruct the pixel-wise feature.

Text Pathway: Instead of generic text prompts like
“a photo of {}”, we generate description texts for differ-
ent tissue categories by considering their appearance at-
tributes using a large language model (Details in Supple-
mentary Materials (Sec. 6)). Given the description set
T = {tl,tg, . tN }, where N, is the number of cate-
gories (N, = \Cé\ during training and N, = |C*| + |C"|
during inference), we use the text encoder of PLIP to ob-
tain the semantic embeddings of text descriptions T' =
[t1,t2, - ,tn.] € RNVeXd with the dimension of d;. Then,
we train a text-to-prototype projector in the form of three
linear layers that can map the semantic representation 1" to
the category prototypes V' = [v1, v, -+ ,vy,] € RNeXd
in vision-semantic space, enabling flexible representation of
unseen classes during inference.

Prototype-guided Segmentation in Vision-semantic
Space: Since the pixel-wise feature FII € R¥*W>xd and
category prototypes V' € R™<*? involve vision and seman-
tic information, we conduct the tissue segmentation task by
the combination of them via prototype learning. Specifi-
cally, we treat V' as convolutional kernels and then con-
volve it with F'T .The softmax operator is adopted to gen-
erate a probability score map S = {s1,892, -+ ,8n,} €
RHEXWxNe gyer semantic classes. We use focal loss [35] as

the segmentation loss:
['seg = ['focal(Sv G)7 (2)

where G is the ground truth mask. To enhance the discrim-
inability of the pixel-level features, we introduce a category-
wise pixel-level contrastive loss L., to learn pixel-level
representations across different categories. As shown in
Fig. 4 (b), pixels are grouped into N, sets, i.e., SP =
{spy, 5Dy, -+ ,spy_} based on ground truth labels, we de-
note the centroid representation of each group as:

> FI, 3)

€sp;

P =

lspz .

where ¢ indexes pixels. For the purpose of aligning the
pixel-level representations with their corresponding cen-
troids, we design a contrastive loss below:

Lope = - ZZ

=1 t€sp,;

a-FI' cp,
J 10‘ FI'. cp

“

where « is the temperature factor. By the combination of
Eq. (2) and Eq. (4), the overall loss for our ProZS can be
formulated as:

‘Cove'r'all = ['seg + )‘['cpcv (5)

where A balances the contribution of L., and L. In the
testing stage, pixel-wise labels are assigned via:

M A" = arg max{s'}. (6)

i€[1,N,]

3.4. Active Learning Selection Strategy for Zero-
shot Segmentation

In this section, we introduce our active learning selection
strategy, designed to optimize sample selection for seen
classes while enhancing the generalization ability on both
seen and unseen categories. It consists of three key criteria:
1) Evidence-based Uncertainty of Unlabeled Data (EUN),
2) Contrast Among the Labeled and Unlabeled Data (COT),
and 3) Complete Summarization Ability of the Prototypes
(CSA). EUN and COT focus on selecting diverse and uncer-
tain samples, while CSA ensures that the generated proto-
types in ProZS effectively summarize both seen and unseen
categories during inference.

Evidence-based Uncertainty of the Unlabeled Data:
Considering the image with rich information is crucial
for the generalization ability of the model [22], we adopt
an evidence-based uncertainty estimation technique intro-
duced in [11] to avoid the issue that the traditional entropy-
based methods tend to produce inflated confidence values
even for incorrect predictions [26]. Specifically, for the un-
labeled image mgj we calculate its score map s ; according
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Figure 4. (a) The structure of the patch-to-pixel decoder. (b) Visu-
alization of the category-wise pixel-level contrastive loss.

to the prototype learning introduced in Sec. 3.3 without ap-
plying softmax. Then we follow the study in [9] that adopts
the ReLU activation function to derive its evidence map
E;={eji,ej2, - ,ejn.} € RIXWXNe Following the
subjective logic in [17], we connect the pixel-wise evidence
to the Dirichlet distribution parameters 3; , = e, +1 with

strength Q; = ZkN;I B; x» by which we can assign a belief
mass g, . = e;x/Q; for each class k. In essence, the in-
creased evidence supporting a class results in a greater be-
lief mass being allocated to it. Based on it, the uncertainty
map is formulated as UM ; = 1 — ZkNgl g, - and thus the
uncertainty score for a:ﬁj can be calculated by averaging the
score of all its invovled pixels denoted as:

1 t
T > UM (7)
teUM;

US; =

Contrast among the Labeled and Unlabeled Data: To
increase the discrepancy of data, we resort to certain con-
trast samples in the unlabeled pool that exhibit higher fea-
ture similarities with labeled images but result in signifi-
cantly different category distribution. Intuitively, such sam-
ples are located near the decision boundary that are valu-
able for annotation. Specifically, for each learned pixel
feature F'I ﬁ in the unlabeled image mgj we firstly cal-
culate its distance to all labeled pixel features and iden-
tify its K nearest neighbors {FL;-J, FL;TQ, e 7FL§',K}-
Subsequently, we compute the Kullback-Leibler (KL) di-
vergence between the category distribution p(y|F I E) and
p(y|FL§-7n), n=1,---, K. Then, the contrast map C M ;

of a:g] is formulated as:

1 K
CMj = > KLp(y|FI})|[p(y|FLj,)].  (8)

n=1

According to Eq.(8), the contrast score of mgj can be calcu-
lated by averaging all its involved pixels on C M ; as:

— 1 t
CS = 77 te;wv CM.. ©)

Complete Summarization Ability of the Prototypes:
To enhance the prototype summarization ability that can
help identify unseen classes during inference, we prefer se-
lecting samples that are distant from all category prototypes.
Specifically, for the unlabeled image wéj with pixel feature
map F'I;, we calculate the distance between each pixel and
N, category prototypes in V', producing a distance map
D; € RHXWXNe \whose element D;)k =< FI;-,vk >
measures the Euclidean distance between the ¢-th pixel of
F1I; and the k-th category prototype. To identify sam-
ples far from all prototypes, we apply a minimum distance
maximization approach, aiming to select the sample whose
distance from its nearest prototype is father. Therefore,
we calculate a minimum distance map DM ; € RA*W
with DM;- = minj<p<n, D;k. Then we compute the
prototype score of :cgj by averaging all its involved pixels
on DM ; as:

1 t
T > DM (10)
teDM;

PS; =
Based on Eq. (10), we prioritize samples with higher pro-
totype scores (i.e., those farther from all prototypes) to en-
hance the summarization ability of the prototypes, which
will help generate more representative prototypes for both
seen and unseen classes. Accordingly, these prototypes can
improve the segmentation performance of unseen classes
when convolved with the pixel-level feature map during in-
ference.

Query Strategy: We combine uncertainty score US);
(Eq. (7)), contrast score C'S; (Eq. (9)), and prototype score
PS; (Eq. (10)) to jointly select samples for annotation. In-
tuitively, we aim for samples with higher uncertainty and
diversity, while also enhancing the summarization ability of
prototypes. Therefore, we apply the min-max normalization
to scale scores uniformly, and the final query score Q).S; is:

QS; = US; + PS; + CS;. (11)

Based on the query score, we rank and select top N im-
ages from the unlabeled pool for annotation, which are then
added to the labeled set for the next cycle of active learning.

4. Experiment
4.1. Dataset

To evaluate the effectiveness of our method, we conduct ex-
tensive experiments on two pathology datasets (TNBC and
HPBC). We also extend our method on a natural dataset
(Pascal VOC 2012) to further verify its effectiveness.
TNBC (Triple-Negative Breast Cancer) [2] is a public
available dataset for tissue segmentation, which contains
8,783 pathological image patches with 6 categories: tumor
(tum, 45%), stroma (str, 34%), lymphocytic infiltrate (lym,
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Table 1. Comparison of AcZeroTS with previous active learning methods on TNBC.

‘C’ represents the active learning cycle.

Method 1 unseen 2 unseen 3 unseen
C1 c2 C3 C4 C5 Cc6 C1 C2 C3 C4 C5 C6 Cl Cc2 C3 C4 C5 C6
Random 9.5 144 324 359 416 460 | 48 102 251 30.1 319 328|168 198 240 324 338 349
Entropy [12] 20.3 38.9 40.0 447 457 46.6 | 104 19.1 259 320 335 346 | 17.0 268 285 339 343 365
Coreset [31] 22.1 4277 446 457 455 46.7 | 132 33.6 328 349 364 37.0 | 21.1 279 322 348 352 363
DEAL [41] 21.3 409 435 475 461 479|143 29.1 313 33.0 369 372|206 275 31.1 339 345 36.7
MADA [27] 24.1 444 455 468 47.6 485 | 174 347 368 375 394 39.1| 232 29.1 323 33.6 350 359
RIPU [40] 22.8 445 46.0 471 490 493 | 183 33.1 354 365 378 394|216 295 312 338 349 358
S4AL [30] 23.0 429 458 479 477 489 | 157 342 359 357 372 388|228 294 331 349 357 36.7
PBAL [28] 232 414 429 465 487 486 | 145 235 319 356 370 38.6 | 189 29.8 303 335 344 365
AcZeroTS (ours) | 24.3 483 523 533 536 541 | 185 385 398 418 410 418 | 32.6 353 37.7 375 38.0 389

10%), necrosis or debris (nec, 7%), fat (2%), and plasma
cells (pla, 2%). To construct the zero-shot learning (ZSL)
environment, we set the number of unseen classes as 1 un-
seen: [fat], 2 unseen: [fat, pla], 3 unseen: [fat, pla, nec].

HPBC (Her2-Positive Breast Cancer) is an in-house
dataset including 4,956 patches with 4 categories: back-
ground (24%), stroma (str, 56%), lymphocytic (lym, 4%),
and tumor (tum, 16%). We set [lym] as the unseen class.

Pascal VOC 2012 contains 10,582 augmented images
for training and 1,449 images for validation with 20 cate-
gories. We follow the same unseen class setting in previous
works [20, 47] that divide the dataset into 15 seen classes
and 5 unseen classes.

4.2. Experimental Setting

Implementation Detail. For all datasets, we randomly al-
locate 70% of data for training and the rest for testing. In the
active learning setup, 5% of the training set is randomly se-
lected as the initial labeled pool, while the remaining sam-
ples form the unlabeled pool. In each active learning cy-
cle, we query a batch of samples equivalent to 15% of the
training set for annotation. For the ZSS model, all exper-
iments on two pathology datasets use the pre-trained PLIP
ViT-B/32 model with an input size of 224 x 224, produc-
ing a 7 x 7 feature map with 768 dimensions. We use
GPT-3 [4] as the LLM to generate descriptions of different
tissue categories. The patch-to-pixel decoder reduces the
feature dimension from 768 to 64. Since text embeddings
have a 512-dimensional representation, we use the text-to-
prototype projector to map them to 64 dimensions. We em-
pirically set the temperature factor o (Eq. (4)), the regular-
ization parameter A\ (Eq. (5)), and the number of neighbors
K (Eq. (9)) as 0.5, 0.01, and 5, respectively. For Pascal
VOC 2012, we replace PLIP encoders with CLIP’s. All ex-
periments use a batch size of 64, training for 100 epochs.
We use SGD as the optimizer with a learning rate of 0.007
and weight decay of Se-4.

Evaluation Metric. Following previous works [20, 47],
we evaluate our model using mean of class-wise Intersec-
tion over Union (mloU). In GZSS, seen-class mloU is com-
monly much higher than unseen-class mloU, dominating

Table 2. Comparison of AcZeroTS with previous active learning
methods on HPBC. ‘C’ represents the active learning cycle.

Method Cl C2 G Cc4 G5 C6
Random 166 268 302 335 360 37.8
Entropy [12] 152 283 313 351 370 383
Coreset [31] 221 303 318 357 387 395
DEAL [41] 139 270 326 341 373 391
MADA [27] 201 285 328 351 357 379
RIPU [40] 194 273 327 345 362 387
S4AL [30] 236 308 324 359 388 397
PBAL [28] 159 271 319 358 387 396
AcZeroTS (ours) | 33.2 359 368 381 400 423

Table 3. Comparison of AcZeroTS with previous methods on Pas-
cal VOC 2012. ‘C’ represents the active learning cycle.

Method Cl C2 C3 C4 C5 C6
Random 457 498 558 621 742 715
Entropy [12] 462 504 570 64.1 78.1 80.4
Coreset [31] 477 530 609 719 79.1 834
DEAL [41] 452 50.1 57.6 668 776 81.6
MADA [27] 468 513 581 685 79.0 82.1
RIPU [40] 456 509 580 699 793 83.2
S4AL [30] 48.1 534 579 73.0 80.1 84.7
PBAL [28] 454 512 597 70.9 80.0 839
AcZeroTS (ours) | 49.1 543 626 771 835 86.9

the overall mloU [45]. Therefore, we follow [38] and use
harmonic mloU (hloU) to evaluate segmentation perfor-
mance, which balances seen and unseen classes and can bet-
ter demonstrate overall performance of ZSS. Detailed defi-
nition are provided in Supplementary Materials (Sec. 7.1).
Comparison Method. We compare AcZeroTS with fol-
lowing 8 methods: Random, Entropy [12], Coreset [31],
DEAL [41], MADA [27], RIPU [40], S4AL [30], and
PBAL [28]. More descriptions of these comparing meth-
ods are presented in Supplementary Materials (Sec. 7.2).

4.3. Comparison with State-of-the-art Methods

We compare AcZeroTS with SoTA active learning meth-
ods on the TNBC (Tab. 1) and HPBC (Tab. 2) datasets.
To further evaluate the effectiveness of our method, we
also conduct experiments on a natural image dataset (Pascal
VOC 2012) in Tab. 3. The experimental results show that
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Table 4. Comparison of ProZS with previous methods on TNBC and HPBC. w2v: word2vec, ft: fasttext. pAcc: pixel-wise classification
accuracy. mloU(S): seen mloU. mIoU(U): unseen mloU. hloU: harmonic mloU.

TNBC HPBC

Method Text Encoder 1 unseen 2 unseen 3 unseen 1 unseen
pAcc mIoU(S) mIoU(U) hloU|pAcc mIoU(S) mIoU(U) hloU|pAcc mloU(S) mIoU(U) hloU |pAcc mIoU(S) mloU(U) hloU
SPNet [39] |ft[16], w2v [25]| 574 352 269 30.5|583 415 18.2 253|565 429 16.7 24.0(59.7 53.7 179 269
ZS3 [5] w2v 59.9  34.1 30.2  32.0|58.8 403 243 303|563 403 20.2  269(60.8 55.1 202 29.6
CaGNet [10] w2v 63.3 392 34.1 365|606 452 246 319|602 469 234 3121693 59.1 264 365
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Figure 5. Ablation study for different query strategies. The black dashed line represents the result after labeling all unlabeled images.

AcZeroTS consistently outperforms existing active learn-
ing approaches across different datasets while significantly
reducing annotation costs. Specifically, at the 3¢ cycle
of active learning (C3), AcZeroTS achieves 52.3% hloU
on TNBC (1 unseen class), surpassing the second-best
method (46.0%, RIPU) by 6.3%. For 2 unseen classes,
AcZeroTS reaches 39.8%, outperforming the next-best
method (36.8%, MADA) by 3.0%, and for 3 unseen classes,
it scores 37.7%, a 4.6% improvement over the second-best
result (33.1%, S4AL). A similar trend is observed on the
HPBC dataset, where AcZeroTS achieves 36.8% hloU at
C3, exceeding the second-best method (32.8%, MADA) by
4.0%. On the Pascal VOC 2012 dataset, AcZeroTS reaches
77.1% hloU at C4, outperforming the second-best method
(73.0%, S4AL) by 4.1%. These improvements arise from a
key limitation in existing active learning methods, which
are primarily designed for fully supervised segmentation
and overlook the challenge of selecting valuable samples
in the presence of unseen classes. In contrast, AcZeroTS
integrates uncertainty, diversity, and prototype-based selec-
tion criteria, ensuring that sample selection not only im-
proves segmentation performance on seen classes but also
enhances generalization to unseen categories.

4.4. Ablation Analysis

We analyze the effects of each query strategy in AcZeroTS
on the TNBC and HPBC datasets as shown in Fig. 5, where
US, PS, CS refer to using uncertainty score, prototype
score, and contrast score individually for sample selection.

Additionally, we evaluate w/o US, w/o PS, and w/o CS,
which examine the impact of removing uncertainty, proto-
type, or contrast score from the query process. The results
indicate that using all three criteria together consistently
achieves the best segmentation performance across all cy-
cles and datasets. Specifically, relying on a single selection
strategy (US, PS, or CS) leads to suboptimal results, con-
firming that a multi-faceted query strategy is essential for
effective active learning in ZSS. Furthermore, removing any
component causes a noticeable performance drop, particu-
larly in the early active learning cycles, highlighting the role
of each strategy. The w/o US variant shows that uncertainty-
based selection is crucial for identifying informative sam-
ples. The w/o PS variant demonstrates that prototype-based
selection enhances generalization to unseen classes. Simi-
larly, w/o CS reveals that contrast selection is essential for
ensuring sample diversity and refining feature representa-
tions. These findings emphasize that the combination of all
three query strategies in AcZeroTS is greater than the sum
of its parts, ensuring both improved sample selection and
enhanced generalization to unseen classes while reducing
annotation costs.

4.5. Visualization

We present sample visualization results on TNBC at the 3'¢
active learning cycle (C3, 35% annotated) in Fig. 6. Com-
pared to SoTA active learning methods (S4AL [30], RIPU
[40], MADA [27]), AcZeroTS can more effectively detect
unseen tissue regions as well as achieve better segmentation
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Figure 6. Visualization of segmentation results on TNBC at the
settings. The white and red tags represent seen and unseen classes

performance on both seen and unseen classes, which further
highlights the effectiveness of our framework in reducing
annotation efforts while maintaining high segmentation ac-
curacy across both seen and unseen tissue classes.

4.6. Results of ProZS

In this section, we discuss the effectiveness of our ZSS
model ProZS. We compare ProZS with SoTA methods
(more descriptions are presented in Supplementary Materi-
als (Sec. 7.2)) for the ZSS task. From Tab. 4, we can see that
ProZS achieves superior performance for tissue segmenta-
tion, particularly on the unseen classes. Specifically, for
TNBC (2 unseen) and HPBC, the unseen mloU achieved
by the best existing method are 30.1 and 32.1, respectively.
ProZS surpasses it by 3.6% on TNBC and 3.0% on HPBC,
which clearly showcases the superior generalization ability
of ProZS compared to existing approaches.

In Supplementary Materials, we further explore the ef-
fectiveness of ProZS on the Pascal VOC 2012 dataset

3™ active learning cycle (C3, 35% annotated) under different unseen
separately.

(Sec. 8.1). Additionally, we conduct experiments on dif-
ferent tasks (Sec. 8.1), along with parametric analysis
(Sec. 8.3), ablation studies on the impact of different text
descriptions, different VLMs, and the category-wise pixel-
level contrastive loss in ProZS (Sec. 8.2), and an evaluation
of model efficiency in terms of parameter count and infer-
ence speed (Sec. 8.4).

5. Conclusion

In this paper, we propose AcZeroTS, a novel active learn-
ing framework for zero-shot tissue segmentation in pathol-
ogy images, which is built on a prototype-guided zero-shot
segmentation model ProZS. AcZeroTS can predict unseen
class tissues with limited annotation budgets, which shows
promising potential for detecting diverse tumor micro-
environment components in pathology images. The experi-
mental results on two pathology datasets as well as a natural
image dataset demonstrate the superior performance of our
approach in comparison with the existing studies.
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