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Abstract

Generalized Category Discovery (GCD) seeks to uncover
novel categories in unlabeled data while preserving recog-
nition of known categories, yet prevailing visual-only
pipelines and the loose coupling between supervised learn-
ing and discovery often yield brittle boundaries on fine-
grained, look-alike categories. We introduce the Analog-
ical Textual Concept Generator (ATCG), a plug-and-play
module that analogizes from labeled knowledge to new ob-
servations, forming textual concepts for unlabeled sam-
ples. Fusing these analogical textual concepts with vi-
sual features turns discovery into a visual–textual reason-
ing process, transferring prior knowledge to novel data
and sharpening category separation. ATCG attaches to
both parametric and clustering style GCD pipelines and
requires no changes to their overall design. Across six
benchmarks, ATCG consistently improves overall, known-
class, and novel-class performance, with the largest gains
on fine-grained data. Our code is available at: https:
//github.com/zhou-9527/AnaLogical-GCD.

1. Introduction
When applying a well-trained deep neural network to real-
world applications, it inevitably encounters data that ex-
tends beyond the training data’s predefined categories, fun-
damentally challenging the closed-world assumption under-
lying traditional learning paradigms. Generalized Category
Discovery (GCD) [1] addresses this limitation by enabling
models to simultaneously recognize previously learned cat-
egories while discovering and clustering novel, unseen ones
from newly obtained unlabeled data. This capability is es-
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(a) An example of human analogical learning mechanism.

(b) Illustration of the Analogical Textual Concept Generator (ATCG).

Figure 1. Illustration of an example of human Analogical Learn-
ing mechanism and the proposed Analogical Textual Concept
Generator (ATCG).

sential for deploying intelligent systems in dynamic envi-
ronments where new concepts or objects naturally emerge.

Recent work on GCD has explored diverse strategies.
Early work introduced contrastive learning [1–3] to separate
known and unknown categories. Semi-supervised strategies
leveraged probabilistic models [4] for category separation,
whereas parametric classification [5] aimed to improve per-
formance but struggled in complex scenarios. In particu-
lar, CMS [6] introduced contrastive mean-shift learning to
refine feature representations and also experimented with
CLIP by replacing its image encoder. Recently, CLIP-based
methods have emerged: CPT [7] performs prompt tuning
for CLIP with consistency regularization, while GET [8]
adopts a dual-branch design that jointly learns the visual and
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text branches. Despite this progress, most pipelines treat
learning from labeled data and discovering novel categories
as loosely coupled or even disjoint processes. This decou-
pling weakens the transfer of prior knowledge to unlabeled
data and yields brittle boundaries between visually similar
yet semantically distinct categories.

In contrast, humans excel at distinguishing between vi-
sually similar categories. This is because, when learning
new concepts, humans do not solely rely on visual informa-
tion. Instead, they utilize contextual knowledge and linguis-
tic cues to form connections between prior knowledge and
unknown information, facilitating the creation of new con-
cepts. Cognitive science research has shown that analogical
reasoning plays a central role in human learning and cate-
gorization [9–11]. The hippocampus in the human brain
transforms short-term memories into long-term memories
stored in the cerebral cortex, which creates a vast knowl-
edge base [12]. When encountering a new concept, humans
tap into this knowledge base, search for related memories,
and use areas such as the prefrontal cortex to draw analogies
between new information and existing knowledge [13–15].
This analogy-making process allows humans to abstract
common structures and reinterpret information, which pro-
motes learning. As shown in Fig 1a, when learning a new
vehicle category, such as “BMW Coupe,” we can efficiently
construct the new concept of “BMW Coupe” by recalling
previously acquired relevant concepts, such as “Audi S5
Coupe” and “BMW X5 SUV,” and drawing analogies be-
tween the new image and old concepts.

Inspired by this efficient analogical learning mecha-
nism in human cognition, we propose Analogical Learn-
ing for Generalized Category Discovery (AL-GCD), a novel
method that mimics the human brain’s knowledge retrieval
and analogy-making processes. Analogous to how the hip-
pocampus stores and retrieves memories while the pre-
frontal cortex performs analogical reasoning, AL-GCD
constructs a knowledge base from labeled data for knowl-
edge retrieval and leverages it to reason about unlabeled
samples through cross-modal analogies. Specifically, AL-
GCD comprises four key components: a visual encoder, a
text encoder, a fusion module for integrating multimodal
representations, and an Analogical Textual Concept Gen-
erator (ATCG) that mimics the analogical reasoning pro-
cess. The training procedure consists of two stages. First,
in the ATCG training stage, we build a knowledge base
that stores concept information from labeled data and train
ATCG to generate analogical textual concepts through a
pseudo-GCD procedure that simulates concept discovery.
Second, in the GCD training stage, as illustrated in Fig. 1b,
ATCG processes unlabeled samples by retrieving relevant
known concepts and generating analogical textual embed-
dings for novel categories. These analogical embeddings
are then fused with visual features to form integrated repre-

sentations, enabling effective discovery and recognition of
both known and novel categories. Extensive experiments
on six benchmarks show that AL-GCD outperforms exist-
ing methods by 5.0% on average across all datasets and
achieves an average overall gain of 7.1% on fine-grained
datasets. In summary, our main contributions include:
• We introduce an Analogical Learning framework for

GCD that bridges existing knowledge and novel-category
discovery, enhancing category separation.

• The ATCG module draws analogies from a labeled vi-
sual–textual knowledge base to new observations, pro-
ducing textual concepts that describe novel samples.

• Across six benchmarks, ATCG consistently improves
overall, known-category, and novel-category perfor-
mance, with pronounced gains on fine-grained datasets.

2. Related Work
2.1. Generalized Category Discovery (GCD)

GCD seeks to identify novel categories within an unlabeled
set while maintaining accuracy on known categories. Early
work introduced contrastive learning to separate known
and unknown categories [1]. Subsequent methods refined
boundaries via dynamic contrastive learning and prompt-
based affinity modeling [2, 3]. Semi-supervised approaches
leveraged probabilistic modeling with Gaussian mixtures to
capture category structure [4], whereas parametric classi-
fication with category prototypes improved recognition [5].
Further advances emphasized feature enhancement and rep-
resentation sharpening [16, 17]. Some methods [18–20] im-
pose a preset feature geometry to improve categories sepa-
ration. CMS [6] proposed contrastive mean-shift learning to
reduce ambiguity and also explored using CLIP by replac-
ing the image encoder. Recently, CLIP-based methods that
explicitly leverage language priors have emerged. CPT [7]
adapts CLIP through consistent prompt tuning to mitigate
fine-grained ambiguities. GET [8] adopts a dual-branch de-
sign that jointly learns the visual and text branches, while its
final classification still relies on visual embeddings. Despite
these advances, many pipelines continue to depend primar-
ily on visual information, limiting their ability to distinguish
visually similar yet semantically distinct categories.

2.2. Vision-Language Models

In recent years, vision-language models have gained sig-
nificant attention as powerful tools capable of processing
both visual and textual modalities [21–23]. These models,
including CLIP [24] and FILIP [25], leverage training on
image-text pairs to establish strong connections between
vision and language. This allows them to comprehend
image semantics while simultaneously understanding their
corresponding textual descriptions. The creation of CLIP
marked a milestone, demonstrating how large-scale image-



Figure 2. Overview of the AL-GCD Framework. The framework consists of two stages: (1) ATCG training, where the ATCG is trained
using labeled images and text embeddings to acquire the ability to generate meaningful analogical text embeddings for unlabeled samples;
(2) GCD Training, where ATCG generates text embeddings for unlabeled samples, which are fused with visual embeddings through a
fusion head to produce fusion embeddings. These embeddings are optimized via contrastive learning.

text models can be effectively applied to a wide range of
downstream tasks [26–31]. Our method integrates textual
embeddings with visual features through analogical learn-
ing, significantly enhancing model performance and further
extending the potential of vision-language models in GCD.

3. Method

3.1. Problem Setting

Generalized Category Discovery (GCD) aims to discover
novel categories in an unlabeled dataset while maintaining
performance on previous categories. Formally, we are given
a labeled dataset Dl = {(xl

i, y
l
i)} ⊂ X×Y l containing sam-

ples xl
i with labels yli corresponding to known categories Y l,

and an unlabeled dataset Du = {xu
i } ⊂ X containing sam-

ples from both known categories and unknown categories.
Here, Y l ⊂ Yu, where Yu denotes the set of all categories.
The goal is to train a model to accurately identify unknown
categories within Du and integrate them with known cate-
gories within a unified classification framework.

3.2. Overview

Our framework integrates visual and textual information
to enable category discovery through analogical learning.
The model comprises a visual encoder fv(·), a text encoder
ft(·), a Fusion-head projector g(·), and an Analogical Tex-
tual Concept Generator (ATCG), denoted by φATCG(·). As
shown in Fig. 2, the training pipeline includes two stages:
ATCG Training and GCD Training. In the ATCG Train-
ing Phase, we introduce Knowledge Base Construction and
Analogical Training. In the GCD Training Phase, we focus
on Generating Text Concepts and Fusion Embeddings and
Contrastive Learning with Fusion Embeddings.

During ATCG Training, our approach involves con-
structing a knowledge base with labeled data, where we ex-
tract image and text embeddings to represent each known
category. In this phase, we simulate a GCD process called
pseudo-GCD, where the ATCG learns to generate textual
concepts by analogy, using pseudo-labeled and pseudo-
unlabeled data from the knowledge base. In GCD Train-
ing, the ATCG generates textual embeddings for unlabeled
samples, which are combined with image features to cre-
ate Fusion Embeddings. These embeddings are optimized



using contrastive learning, aiding in category discovery.

3.3. ATCG Training

Knowledge Base Construction. In the ATCG training
stage, we first utilize pre-trained visual encoder fv(·) and
text encoder ft(·) to extract features from labeled samples
for the construction of the knowledge base. For each sam-
ple xl

i ∈ Dl, we obtain an image embedding vl
i and a text

embedding tli as follows:

vl
i = fv(x

l
i) , t

l
i = ft(text(yli)) (1)

where text(yli) represents a textual description of the cate-
gory yli. The resulting embedding pairs {(vl

i, t
l
i)} are stored

in a knowledge base K = {(vl
i, t

l
i)}i∈Dl , which serves as

a reference for known categories by encapsulating the rela-
tionship between visual and textual representations.
Analogical Training. Following knowledge base construc-
tion, we conduct a pseudo-GCD process to develop ATCG’s
ability to generate meaningful text embeddings for unla-
beled samples. In each round of training, we randomly di-
vide the labeled dataset Dl into pseudo-labeled and pseudo-
unlabeled subsets, denoted as Dl

P and Du
P , respectively.

Specifically, we split the known categories Y l into pseudo-
known categories Yknown

P and pseudo-unknown categories
Yunknown

P , ensuring Yknown
P ∩Yunknown

P = ∅. Using n samples
from both pseudo-known and pseudo-unknown categories,
we create a pseudo-unlabeled set Du

P , where each sample is
treated as if it were unlabeled, simulating an unknown cat-
egory. The remaining m samples from Yknown

P are treated
as pseudo-labeled samples, forming the set Dl

P, with each
sample retaining its original label.

For each pseudo-unlabeled sample xl
j ∈ Du

P , we retrieve
its corresponding image and text embeddings (vl

j , t
l
j) from

the knowledge base. Then, the ATCG generates an Analog-
ical text embedding t̃j for each pseudo-unlabeled sample
by utilizing its image embedding vl

j along with reference
embeddings {(vi, ti)}i∈Dl

P
from pseudo-labeled samples:

t̃j = φATCG

(
vl
j , {vi}i∈Dl

P
, {ti}i∈Dl

P

)
. (2)

To ensure that the generated analogical text embeddings
t̃j accurately represent the semantic concepts of the pseudo-
unlabeled samples, we define an analogical loss LAL:

LAL =
1

n

n∑
j=1

(
1−

t̃j · tlj
T

∥t̃j∥ · ∥tlj∥

)
. (3)

By iteratively applying this analogical training procedure
across various pseudo-labeled and pseudo-unlabeled con-
figurations, the ATCG is optimized to generate conceptually
aligned text embeddings effectively. This iterative approach
enhances the robustness of ATCG, allowing it to generalize
well in generating textual concepts for novel, unseen cate-
gories in the actual GCD process.

3.4. GCD Training

Generating Text Concepts and Fusion Embedding. In
the GCD Training, we use the trained ATCG to generate
meaningful text embeddings for all samples in both Dl and
Du. For each sample xi ∈ Dl ∪ Du, we obtain an image
embedding vi = fv(xi). The ATCG is then employed to
generate an analogical text embedding t̃i for each sample.
Using the image embedding vi alongside reference embed-
dings from the knowledge base K, the ATCG retrieves rel-
evant visual-textual pairs {(vl

j , t
l
j)}j∈Dl and constructs the

analogical text embedding as follows:

t̃i = φATCG
(
vi, {vl

j}j∈Dl , {tlj}j∈Dl

)
. (4)

Then the generated text embedding t̃i is combined with the
corresponding image embedding vi to form a comprehen-
sive fusion embedding fi, enhancing both visual and textual
context. The fusion process is defined as follows:

hi = α · vi + (1− α) · t̃i (5)

fi = g(hi). (6)

where α is a balancing coefficient that adjusts the influ-
ence of the visual and text embeddings. The intermediate
embedding hi is refined through a Fusion-head projection
layer g(·), producing the final Fusion Embedding fi. These
embeddings, {f li}i∈Dl and {fui }i∈Du , combine both visual
appearance and conceptual insights derived from textual in-
formation, aiding in precise category discovery.
Contrastive Learning with Fusion Embeddings. In this
stage, we refine the fused embeddings f li and fui for labeled
and unlabeled samples. ATCG can be plugged into both
clustering-based pipelines and approaches with an explicit
parametric classifier. Taking SimGCD-CLIP [5] + AL-GCD
as an example, the training objective has two components:
Representation Learning and Parametric Classification.
Representation Learning. For all samples, we apply an un-
supervised contrastive loss Lu

rep to maintain consistent rep-
resentations [1]. Given a batch B, the unsupervised con-
trastive loss is defined as:

Lu
rep = − 1

|B|
∑
i∈B

log
exp(fi · f ′i/τ)∑
j ̸=i exp(fi · fj/τ)

, (7)

where f ′i is an augmented view of fi, and τ denotes the tem-
perature parameter. For labeled samples, we use a super-
vised contrastive loss Ls

rep, grouping samples with identical
labels to enhance category separability:

Ls
rep = − 1

|Bl|
∑
i∈Bl

1

|P (i)|
∑

p∈P (i)

log
exp(f li · fp/τ)∑
j ̸=i exp(f

l
i · fj/τ)

,

(8)
where P (i) represents the set of samples in Bl with the
same label as i. The combined loss is Lrep = (1− λ)Lu

rep +



λLs
rep, where λ balances the contributions of unsupervised

and supervised components.
Parametric Classification. To further enhance category sep-
aration, we incorporate a parametric classification frame-
work as [5]. We initialize category prototypes C =
{c1, . . . , cK} for both known and unknown categories,
where K = |Yu|. For each sample xi, the soft label pi(k)
is computed based on cosine similarity between the Fusion
Embedding fi and each prototype ck scaled by 1/τs:

pi(k) =
exp

(
1
τs

(
fi

∥fi∥ · ck
∥ck∥

))
∑

k′ exp
(

1
τs

(
fi

∥fi∥ · ck′
∥ck′∥

)) . (9)

We use self-distillation to generate a sharpened pseudo-
label q′i from an alternative view x′

i with temperature τt.
For labeled samples, the cross-entropy loss is computed be-
tween the ground-truth label yi and the soft prediction pi.

Lu
cls =

1

|B|
∑
i∈B

H(q′i, pi)−ϵH(p),Ls
cls =

1

|Bl|
∑
i∈Bl

H(yi, pi)

(10)
where H denotes cross-entropy, ϵ is a regularization param-
eter, p = 1

2|B|
∑

i∈B (pi + p′
i) denotes the mean prediction

of a batch, and the entropy H(p) = −
∑

k p
(k) log p(k).

The final classification loss is Lcls = (1−λ)Lu
cls+λLs

cls.
The total training objective combines the representation and
classification losses L = Lrep + Lcls.

3.5. Analogical Textual Concept Generator (ATCG)

The ATCG is designed to generate analogical text embed-
dings for all samples, leveraging the relationships between
known and unknown categories to produce meaningful tex-
tual embeddings. As shown in Fig. 3, it consists of an Initial
Layer, which includes only the Text & Image-Analogical
Attention (TIAA) module, and multiple Stacked Layers for
iterative refinement. Each Stacked Layer contains both a
Text Self-Attention (TSA) module and a TIAA module. This
layered design allows ATCG to iteratively refine text em-
beddings, integrating both visual and conceptual insights.
Initial Layer. In the Initial Layer, the ATCG employs the
Text & Image-Analogical Attention (TIAA) module to gen-
erate the initial analogical embedding for each unlabeled
sample. The components are defined as follows:

QA = vu
j ,KA = {vl

i}i∈Dl
P
, VA = {tli}i∈Dl

P
(11)

where QA is the unlabeled image embedding vu
j , KA is

the set of labeled image embeddings, and VA is the set of
labeled text embeddings. The initial analogical text embed-
ding t̃

(0)
j is obtained by computing the attention between

the query and key embeddings and applying it to the value
embeddings:

t̃
(0)
j = softmax

(
QA ·KT

A√
d

)
· VA, (12)

Figure 3. Architecture of the Analogical Textual Concept Genera-
tor (ATCG), illustrating its input–output tensor structure.

where d is the dimensionality of the embeddings.
Stacked Layers. Following the Initial Layer, the ATCG
utilizes several Stacked Layers to iteratively refine the ana-
logical text embedding. Each Stacked Layer consists of two
key components: the Text Self-Attention (TSA) module and
an additional TIAA module.

The TSA module enhances the analogical embedding by
focusing on internal textual coherence. Given the text em-
bedding t̃

(n−1)
j from the previous layer, the TSA computes:

QTSA = KTSA = VTSA = t̃
(n−1)
j , (13)

t̃TSA
j = softmax

(
QTSA ·KT

TSA√
d

)
· VTSA. (14)

The TSA encourages the embedding to self-align, refining it
to be more contextually coherent within the textual domain.

Following TSA, the TIAA module in each Stacked Layer
incorporates the updated text embedding with the image
embedding of the unlabeled sample, enabling a compre-
hensive analogy. The components for TIAA in the Stacked
Layer are defined as:

QTIAA = Concat[t̃TSA
j ,vu

j ], (15)

KTIAA = Concat[{tli}i∈Dl , {vl
i}i∈Dl ], (16)

VTIAA = {tli}i∈Dl , (17)



Table 1. Comparison with the state of the art on GCD. The best results are in bold, the second best are underlined. † denotes reproduced
results. △ denotes results from the CMS Appendix [6].

Method
CUB Stanford Cars FGVC Aircraft CIFAR100 ImageNet100 Herbarium19

All Old New All Old New All Old New All Old New All Old New All Old New

(a) Clustering with the ground-truth number of categories K given

D
IN

O

GCD (CVPR 22) 51.3 56.6 48.7 39.0 57.6 29.9 45.0 41.1 46.9 73.0 76.2 66.5 74.1 89.8 66.3 35.4 51.0 27.0
GPC (ICCV 23) 55.4 58.2 53.1 42.8 59.2 32.8 46.3 42.5 47.9 77.9 85.0 63.0 76.9 94.3 71.0 - - -
SimGCD (ICCV 23) 60.3 65.6 57.7 53.8 71.9 45.0 54.2 59.1 51.8 80.1 81.2 77.8 83.0 93.1 77.9 44.0 58.0 36.4
CMS (CVPR 24) 68.2 76.5 64.0 56.9 76.1 47.6 56.0 63.4 52.3 82.3 85.7 75.5 84.7 95.6 79.2 36.4 54.9 26.4
SelEx (ECCV 24) 73.6 75.3 72.8 58.5 75.6 50.3 57.1 64.7 53.3 82.3 85.3 76.3 83.1 93.6 77.8 39.6 54.9 31.3
RLCD (ICML 25) 70.0 79.1 65.4 64.9 79.3 58.0 60.6 62.2 59.8 83.4 84.2 81.9 86.9 94.2 83.2 46.4 61.2 38.4

C
L

IP

GCD-CLIP △ 51.1 56.2 48.6 62.5 73.9 57.0 41.2 43.0 40.2 84.2 83.1 82.3 79.3 94.6 71.1 39.7 58.0 29.9
CPT (IJCV 25) 70.1 73.5 68.4 74.2 84.3 69.3 53.3 56.1 51.9 81.3 81.3 81.2 89.2 95.2 86.1 45.3 61.2 36.7
GET (CVPR 25) 77.0 78.1 76.4 78.5 86.8 74.5 58.9 59.6 58.5 82.1 85.5 75.5 91.7 95.7 89.7 49.7 64.5 41.7
CMS-CLIP △ 65.8 75.3 61.1 77.9 89.0 72.6 50.3 59.1 45.9 80.3 85.2 70.6 85.9 93.8 82.0 36.2 56.5 25.3

+ AL-GCD 73.8 79.0 71.2 80.0 90.3 75.0 54.8 56.7 53.8 83.9 84.9 82.1 87.6 95.9 84.0 39.6 59.2 29.0
SimGCD-CLIP † 69.6 75.8 66.5 69.4 82.2 62.9 53.5 57.9 51.7 81.1 84.2 75.2 89.9 94.2 87.5 47.9 62.3 39.9

+ AL-GCD 74.7 79.6 72.3 78.3 86.3 74.4 58.6 61.5 57.2 84.7 84.5 84.9 92.6 95.3 91.2 50.3 63.6 43.1
SelEx-CLIP † 74.2 69.5 76.5 68.8 68.4 69.0 56.7 58.2 56.0 77.2 77.0 77.6 91.2 93.6 90.0 44.4 57.1 37.6

+ AL-GCD 84.1 79.7 86.3 79.0 90.8 73.6 66.6 66.1 66.8 80.4 85.6 69.8 92.7 96.2 91.1 47.7 59.0 41.6
Average Improvement +7.7 +5.9 +8.6 +7.1 +9.3 +6.2 +6.5 +3.0 +8.1 +3.5 +2.9 +4.5 +2.0 +1.9 +2.3 +3.0 +2.0 +3.6

(b) Clustering without the ground-truth number of categories K given

D
IN

O GCD (CVPR 22) 51.1 56.4 48.4 39.1 58.6 29.7 - - - 70.8 77.6 57.0 77.9 91.1 71.3 37.2 51.7 29.4
GPC (ICCV 23) 52.0 55.5 47.5 38.2 58.9 27.4 43.3 40.7 44.8 75.4 84.6 60.1 75.3 93.4 66.7 36.5 51.7 27.9
CMS (CVPR 24) 64.4 68.2 62.2 51.7 68.9 43.4 55.2 60.6 52.4 79.6 83.2 72.3 81.3 95.6 74.2 37.4 56.5 27.1

C
L

IP CMS-CLIP (CVPR 24) 65.6 74.0 61.3 77.2 87.3 72.3 50.6 52.8 49.5 78.0 81.2 71.5 84.8 93.8 80.2 38.8 57.7 28.6
+ AL-GCD 73.7 79.1 71.0 79.9 90.5 74.7 55.3 58.9 53.5 83.3 84.9 80.2 85.7 96.5 80.3 41.2 59.0 31.6

Improv. over CMS-CLIP +8.1 +5.1 +9.7 +2.7 +3.2 +2.4 +4.7 +6.1 +4.0 +5.3 +3.7 +8.7 +0.9 +2.7 +0.1 +2.4 +1.3 +3.0

The refined analogical text embedding t̃nj for the next itera-
tion is given by:

t̃nj = softmax
(
QTIAA ·KT

TIAA√
2d

)
· VTIAA. (18)

Through n layers of iteration, ATCG calculates the anal-
ogy (similarity) between unlabeled and labeled samples,
re-organizing known textual concepts to generate aligned
text embeddings t̃final

j for unlabeled samples. This iterative
process effectively guides the discovery of new categories
within the GCD framework.

4. Experiment
4.1. Experimental Setup

Datasets. Our evaluation spans six image classifica-
tion benchmarks, including both generic and fine-grained
datasets. We use CIFAR-100 [32] and ImageNet-100 [33]
for generic datasets. For fine-grained datasets, we evaluate
on CUB-200 [34], Stanford Cars [35], FGVC Aircraft [36],
and Herbarium19 [37]. To separate categories into known

and unknown categories, we follow the SSB split proto-
col [38] for the fine-grained datasets. For CIFAR-100 and
ImageNet-100, we perform a random category split using a
fixed seed, consistent with previous studies.
Implementation Details. For SimGCD-CLIP + AL-GCD,
we use CLIP ViT-B/16 [24] as the backbone. We fine-
tune the last layer of both the image and text encoders,
and the Fusion-head projector. The Fusion-head projector is
an MLP with a 512-dimensional input, a 2048-dimensional
hidden layer, and a 256-dimensional output, followed by
a GeLU activation [39]. We set the learning rate to 0.1.
Other hyperparameters, including batch size, temperature
τs, weight decay, and the number of augmentations, are set
to 256, 0.07, 1e−4, and 2. All experiments are conducted
on an NVIDIA 3090 GPU.

4.2. Comparison with State of the Art Methods

We compare AL-GCD with recent GCD methods [1, 4–
8, 40, 41]. Following [6], we report two settings: (a) cluster-
ing with the ground-truth number of categories and (b) clus-
tering without it. We plug ATCG into three representative



Table 2. Comparison on Fine-grained Avg, Classification Avg, and
All Datasets Avg with CLIP backbone. The best values are in bold
and the second best are underlined. † denotes reproduced results.
△ denotes results from the CMS appendix [6].

Method Fine-grained Classification All Datasets

All Old New All Old New All Old New

(a) Clustering with the GT number of categories K given

CPT 65.9 71.3 63.2 85.3 88.3 83.7 68.9 75.3 65.6
GET 71.5 74.8 69.8 86.9 90.6 82.6 73.0 78.4 69.4
CMS △ 64.7 74.5 59.9 83.1 89.5 76.3 66.1 76.5 59.6

+ AL-GCD 69.5 75.3 66.7 85.8 90.4 83.0 70.0 77.7 65.8
SimGCD† 64.2 71.9 60.4 85.5 89.2 81.4 68.6 76.1 64.0

+ AL-GCD 70.5 75.8 68.0 88.7 89.9 88.1 73.2 78.5 70.5
SelEx† 66.6 65.3 67.2 84.2 85.3 83.8 68.8 70.6 67.8

+ AL-GCD 76.6 78.9 75.6 86.6 90.9 80.5 75.1 79.6 71.5
Avg. Improv. +7.1 +6.1 +7.6 +2.7 +2.4 +3.4 +5.0 +4.2 +5.5

(b) Clustering without the GT number of categories K given

CMS △ 64.5 71.4 61.0 81.4 87.5 75.9 65.8 74.5 60.6
+ AL-GCD 69.6 76.2 66.4 84.5 90.7 80.2 69.8 78.2 65.2

Improvement +5.1 +4.8 +5.4 +3.1 +3.2 +4.3 +4.0 +3.7 +4.6

pipelines—SimGCD-CLIP, CMS-CLIP, and SelEx-CLIP.
To ensure direct and fair comparisons, CLIP ViT-B/16 is
used for CLIP-based baselines; results for GCD-CLIP and
CMS-CLIP are taken from [6], while SimGCD-CLIP and
SelEx-CLIP are reproduced by us. We evaluate overall ac-
curacy, known-category accuracy, and novel-category accu-
racy on six benchmarks. Per-dataset results are reported in
Table 1; aggregated averages over fine-grained sets, stan-
dard classification sets, and all datasets are in Table 2.
Classification Datasets. On CIFAR100 and ImageNet100,
attaching ATCG improves overall accuracy for all pipelines.
For instance, SimGCD-CLIP + AL-GCD reaches 84.7%
on CIFAR100 and 92.6% on ImageNet100; SelEx-CLIP +
AL-GCD attains 92.7% on ImageNet100. Aggregates in
Table 2(a) show average gains on classification datasets of
+2.7% in overall accuracy after attaching ATCG. When the
number of categories is unknown, Table 1(b) and Table 2(b)
indicate consistent improvements over CMS-CLIP on the
classification aggregate by +3.1% for all categories, +3.2%
for known categories, and +4.3% for novel categories.
Fine-Grained Datasets. On CUB, Stanford Cars, and
FGVC-Aircraft, AL-GCD yields substantial gains. Ta-
ble 1(a) reports strong per-dataset results, such as 84.1%
on CUB and 66.6% on FGVC-Aircraft with SelEx-CLIP +
AL-GCD. Aggregated fine-grained averages in Table 2(a)
confirm consistent improvements of +7.1% in overall ac-
curacy, +6.1% in known-category accuracy, and +7.6% in
novel-category accuracy. In the setting without the ground-
truth number, Table 2(b) shows further gains over CMS-
CLIP of +5.1% for all categories.

Challenging Dataset: Herbarium19. Herbarium19 is a
long-tailed, fine-grained benchmark with large per-category
sample imbalance. As reported in [42], CLIP achieves only
0.037% zero-shot accuracy on this dataset, indicating negli-
gible benefit from pretraining memorization. Table 1 shows
that AL-GCD lifts SimGCD-CLIP to 50.3% overall and
43.1% on novel categories. Under the unknown-category
setting, AL-GCD raises CMS-CLIP to 41.2% overall and
31.6% on novel categories. These gains demonstrate that
analogical visual–textual fusion sharpens novel-category
separation on highly imbalanced, fine-grained data.
All Datasets. On the aggregated “All Datasets” met-
rics in Table 2, attaching ATCG raises the averages by
+5.0% in overall accuracy, +4.2% in known-category ac-
curacy, and +5.5% in novel-category accuracy when the
category number is given; under the unknown-category set-
ting, the gains are +4.0%, +3.7%, and +4.6%, respectively.
These improvements align with the per-dataset results in
Table 1, indicating that analogical textual concepts consis-
tently sharpen novel-category separation while maintaining
strong performance on known categories.

4.3. Ablation Study

All ablations are conducted on SimGCD-CLIP + AL-GCD.
The Effectiveness of Each Component. To evaluate the
contributions of the Initial Layer and Stacked Layers in the
Analogical Textual Concept Generator (ATCG), we con-
ducted an ablation study with three configurations: (1) with-
out ATCG, (2) using only the Initial Layer, and (3) incor-
porating both the Initial Layer and Stacked Layers. Table 3
summarizes the results across multiple datasets.
Initial Layer: The Initial Layer, equipped with the Text
& Image-Analogical Attention (TIAA) module, generates
meaningful text embeddings by leveraging relationships
between known and novel categories. On CIFAR100,
adding the Initial Layer increases all-category accuracy to
83.7% and significantly enhances novel category accuracy
to 82.7%, while maintaining stable old-category accuracy.
Similar improvements are observed on CUB, where novel
category accuracy rises to 71.8%. These results demon-
strate that analogical learning effectively structures novel
category representations, improving category separation.
Stacked Layers: Extending ATCG with Stacked Layers,
which integrate the TSA and TIAA modules, further re-
fines text embeddings through iterative updates. On Ima-
geNet100, the addition of Stacked Layers raises all-category
accuracy from 90.4% to 92.6%, with novel-category accu-
racy increasing by +3.2%. The impact is even more pro-
nounced on fine-grained datasets such as Stanford Cars,
where all-category accuracy improves from 74.9% to 78.3%
and novel category accuracy increases by +5.4%. These
gains highlight the iterative refinement’s role in capturing
subtle visual and semantic distinctions, particularly for vi-



Table 3. Ablation study results for ATCG with various initial and stacked layer settings across different datasets.

ATCG
Initial Layer

ATCG
Stacked Layers

CIFAR100 ImageNet100 CUB Stanford Cars FGVC Aircraft Herbarium19

All Old New All Old New All Old New All Old New All Old New All Old New

✗ ✗ 81.1 84.2 75.2 89.9 94.2 87.5 69.6 75.8 66.5 69.4 82.2 62.9 53.5 57.9 51.7 47.9 62.3 39.9
✓ ✗ 83.7 84.3 82.7 90.4 94.9 88.0 73.4 76.7 71.8 74.9 86.1 69.0 56.1 56.5 55.9 48.8 62.9 41.3
✓ ✓ 84.7 84.5 84.9 92.6 95.3 91.2 74.7 79.6 72.3 78.3 86.3 74.4 58.6 61.5 57.2 50.3 63.6 43.1

Improv. over baseline +3.6 +0.3 +9.7 +2.7 +1.1 +3.7 +5.1 +3.8 +5.8 +8.9 +4.1 +11.5 +5.1 +3.6 +5.5 +2.4 +1.3 +3.2

Table 4. Ablation study on the number of ATCG layers.

Num. of
ATCG Layers

CUB CIFAR100

All Old New All Old New

0 69.62 75.78 66.53 81.11 84.22 75.23
2 74.73 79.59 72.31 84.67 84.54 84.94
4 74.80 78.48 72.87 84.87 83.77 86.76
6 74.69 78.12 72.97 84.76 83.67 86.63

sually similar categories.
The ablation shows a clear synergy between ATCG’s two

types of layers: the Initial Layer shapes novel-category em-
beddings by referencing known categories, and the Stacked
Layers further refine them for sharper semantic separation.
Without ATCG, models struggle with look-alike novel cat-
egories; the Initial Layer adds structured textual concepts,
and the Stacked Layers sharpen boundaries. Overall, AL-
GCD couples analogical learning with self-supervised tex-
tual refinement to improve novel discovery while preserving
performance on known categories.
The Influence of the Number of Layers. To evaluate the
impact of ATCG depth, we conduct ablations with 0, 2, 4,
and 6 layers on CUB and CIFAR100. The results in Table 4
show that iterative refinement improves novel-category dis-
covery and overall performance. As the number of layers
increases, overall and novel accuracies improve consistently
up to 4 layers. On CIFAR100, overall rises from 81.1%
(0 layers) to 84.9% (+3.8%) with 4 layers, while novel in-
creases from 75.2% to 86.8%. Similarly on CUB, overall
improves from 69.6% to 74.8% (+5.2%), and novel from
66.5% to 72.9%. These results underline the benefit of
deeper analogical refinement. However, beyond two lay-
ers, known-category accuracy tends to plateau or slightly
decline. This trend reflects a mild trade-off: as new cate-
gory concepts are refined by analogy to known categories,
the optimization focuses more on novel-category, which can
slightly affect recognition of known categories.
The Influence of the Vision-Text Coefficient α. The
vision-text coefficient α controls the relative contribution
of visual and textual information in the fused embedding.
As shown in Fig. 4, higher values of α generally lead to
improved old category accuracy but result in a decline in

Figure 4. Ablation study of the α on Stanford Cars.

novel category accuracy. On Stanford Cars, when α in-
creases from 0.4 to 0.7, old category accuracy rises by 1.8%,
while novel category accuracy decreases by 1.7%. This is
because a stronger emphasis on visual features aligns well
with the rich representations of old categories but is less ef-
fective in discovering novel categories, where textual analo-
gies play a more significant role. Conversely, lower α prior-
itizes textual embeddings, enhancing novel category sepa-
rability. This trade-off highlights the complementary nature
of visual and textual information. A balanced value, such as
α = 0.4, achieves strong performance across both old and
novel categories by leveraging the complementary strengths
of visual and textual information.

5. Conclusion and Future Work
In this work, we presented AL-GCD, an analogical learning
framework for generalized category discovery built upon
the Analogical Textual Concept Generator, which reasons
over a visual-textual knowledge base to produce analog-
ical textual embeddings that complement visual features.
AL-GCD plugs seamlessly into existing GCD pipelines and
consistently improves overall, known-class, and novel-class
performance on six benchmarks, with particularly large
gains on fine-grained datasets. In future work, we plan
to explore more expressive analogical reasoning mecha-
nisms, incorporate richer semantic sources such as large
language models, and extend ATCG to continual and open-
world discovery scenarios where analogical cues may pro-
vide stronger robustness under distribution shifts.
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