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Abstract

Novel class discovery(NCD) aims to cluster the unlabeled
data with the help of a labeled set containing different but re-
lated classes. The key to solving NCD is the knowledge trans-
fer between labeled and unlabeled sets. Since NCD requires
that known classes and unknown classes are related, it is sig-
nificant to explore class-level relationships between known
and unknown for more effective knowledge transfer. How-
ever, most existing methods either facilitate knowledge trans-
fer by learning a shared representation space or by modeling
coarse-grained or asymmetric relationships between known
and unknown, neglecting class-level relationships. To tackle
these challenges, we propose a symmetric class-to-class re-
lationship modeling and knowledge transfer method, achiev-
ing bidirectional knowledge transfer at class-level. Consider-
ing that class-level modeling often overlooks the subtle dis-
tinctions between samples, we propose pairwise similarity-
based relationship modeling and consistency constraint for
instance-level knowledge transfer. Extensive experiments on
CIFAR100 and three fine-grained datasets demonstrate that
our method achieves significant performance improvements
compared to state-of-the-art methods.

Introduction

The remarkable success of deep learning in image classi-
fication relies heavily on abundant labeled data. However,
data-labeling is cost-prohibitive at scale. In addition, labeled
data cannot encompass all potential categories. This means
that the trained model can only recognize a limited set of
predefined categories, lacking the ability to discover and
identify novel classes. Inspired by this, Novel Class Discov-
ery(NCD) has been proposed and garnered significant atten-
tion(Troisemaine et al. 2023; Zhu et al. 2024).

NCD refers to the process of identifying previously un-
known classes within an unlabeled set with the help of
knowledge from a labeled set. Unlike semi-supervised learn-
ing, NCD typically assumes that the samples in the unla-
beled set are all from unknown classes and the number of
unknown classes is known. Existing NCD methods can be
divided into two categories: two-stage methods and one-
stage methods. Two-stage methods typically involve train-
ing a network on labeled data and then applying the learned
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Figure 1: Differences between IIC, CrKD and our method.
In figure, different colors represent different classes, classes
with the same color family(such as dark green and light
green) have higher semantic similarity. Unlabeled sample in
light green belongs to the class in same color.

network to unlabeled data(Hsu, Lv, and Kira 2017; Hsu
et al. 2019). In two-stage methods, labeled data and unla-
beled data streams remain disjoint. On the contrary, one-
stage methods focus on the simultaneous utilization of la-
beled and unlabeled data(Fini et al. 2021; Li et al. 2023a).

The basic hypothesis of NCD is that unknown classes are
related to known classes(Zhao and Han 2021). Therefore, a
widely accepted key to solving NCD is the knowledge trans-
fer from known classes to unknown classes(Li et al. 2023b,
2022). Unfortunately, most existing work achieves knowl-
edge transfer by learning a shared representation space,
without considering how to leverage the the relationships
between known and unknown classes to enhance perfor-
mance. Recently, IIC(Li et al. 2023a) and CrKD(Gu et al.
2023) proposes to achieve knowledge transfer through rela-
tionship modeling. In detail, IIC emphasizes the “disjoint”
characteristic of known and unknown classes, and forces
known classes to be distant from unknown ones. As shown
in Figure.1(a), this “forced separation” may cause classes
with high semantic similarity to be pushed apart.

CrKD, on the other hand, takes the unlabeled samples’
predicted logits output by classification head trained on
known classes as class relation representation. It claims that
such class relation should be maintained during discovery
stage and proposes a knowledge distillation framework for
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Figure 2: Calculation of relationships between an unknown
class and each known class. “R” means “Relationship”.

this purpose. However, class relation encodes relationships
between unlabeled samples and known classes. This asym-
metric relationship modeling means that the known(labeled)
end is adjusted at class-level, while the unknown(unlabeled)
end is adjusted at sample-level during knowledge distilla-
tion. As shown in Figure.1(b), to maintain the class rela-
tion, some unlabeled samples may approach the prototypes
of other unknown classes, causing incorrect classification re-
sults, which exacerbates bias towards known classes. To sum
up, although both IIC and CrKD attempts to model the re-
lationships between known and unknown, the relationships
they model are either coarse-grained(set of known classes
— set of unknown classes) or asymmetric(unlabeled sam-
ples — known classes), rather than class-level relationships
emphasized in the basic hypothesis of NCD, which may
lead to sub-optimal results.

To address the above issues, we propose a method to ex-
plicitly model the class-level relationships in a symmetric
and fine-grained manner, enabling more effective knowl-
edge transfer. Considering that NCD does not require cor-
relations between known classes or correlations between
unknown classes, we propose to only model the symmet-
ric class-to-class relationships between known and unknown
classes. Furthermore, while class-level knowledge transfer is
meaningful, it relies on the average of all samples, overlook-
ing the fine-grained distinctions between samples, which
limits its effectiveness for individual cases. Thus we propose
instance-level relationship modeling and knowledge transfer
to reveal subtle characteristics that might be overlooked by
averaged class semantic relationships.

To achieve these goals, we need to clarify how to mea-
sure the class-level and instance-level relationships. Follow-
ing CrKD, we employ predicted logits output by classifier
to measure relationships. For convenience, we will refer to
the logits on known classes as labeled logits and the logits on
unknown classes as unlabeled logits. And readers can equate
known with labeled and unknown with unlabeled. For class-
level relationships, we have following assumptions: (1) For a
sample, excluding its ground-truth class, the larger the logit
is on a class, the higher the similarity is between the sample
and this class, which indicates a stronger correlation. (2) The
relationship between a class and others can be measured by
the average similarity between all samples belonging to this
class and other classes.

Based on the above two assumptions, a known class’s
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Figure 3: Knowledge transfer at class-level. (a) Transition
matrix from unknown to known; (b) Transition matrix from
known to unknown. Through “cyclic transition” by using
known classes as transfer medium, we can obtain relation-
ships between unknown classes in (c) and then we maximize
the similarity between the unknown class u and itself(u’),
which corresponds to “PULL” operation. In (d), unknown
class u is adjusted to an appropriate location.

relationship with each unknown class can be measured by
averaging the unlabeled logits of all samples belonging to
this class. However, this straight-forward idea can not be ap-
plied to an unknown class because we are unable to iden-
tify which samples belonging to it. Therefore, as shown in
Figure.2, to measure the relationships between an unknown
class and each known class, we propose to use all unlabeled
samples’ logits on this unknown class as weights to com-
pute the weighted sum of labeled logits. Then by weighting
unlabeled samples’ labeled logits with unlabeled logits, we
can obtain relationships between unknown classes and each
known class, i.e., transition matrix from unknown to known.
To ensure fairness, we can also obtain transition matrix from
known to unknown by weighting labeled samples’ unlabeled
logits with labeled logits.

Given the estimated two transition matrices, we need
to consider how to leverage these relationships to achieve
class-level knowledge transfer. We believe that transition
probability from a class to itself should be the largest among
other transition directions. Inspired by this, we perform
“cyclic transition” by multiplying the two transition matri-
ces. In this way, as shown in Figure.3, using known classes
as transfer medium, we can obtain relationships between
unknown classes, i.e., transition matrix from unknown to
unknown. We propose to maximize the transfer probability
from a class to itself, which corresponds to the “PULL” op-
eration in Figure.3(c). In this way, the prototype of the un-
known class is further adjusted. Similarly, using unknown
classes as transfer medium, the prototypes of known classes
can be adjusted continuously. Thus we achieve bidirectional
class-level knowledge transfer.

For instance-level relationships, we use widely-applied
pairwise similarity as the measurement and transfer knowl-
edge within and between sets(labeled set and unlabeled set).
The information encoded in labeled logits and unlabeled
logits differs for labeled and unlabeled samples. For exam-
ple, labeled samples’ labeled logits encode the predictions of
the ground truth class, while unlabeled samples’ labeled log-
its encode the relationships between unlabeled samples and
known classes. Taking this into consideration, we decouple
the logits-based pairwise similarity into labeled-logits-based



pairwise similarity and unlabeled-logits-based pairwise sim-
ilarity. We believe they should be consistent and we use KL-
divergence to constrain this consistency.

To validate the effectiveness of our method, we conduct
extensive experiments on four benchmarks, including CI-
FAR100, Stanford Cars, CUB, and FGVC-Aircraft. The re-
sults show that our method can significantly boost the per-
formance compared to existing methods. In summary, our
contributions are as follows:

* We propose a novel method that models symmetric class-
to-class relationships between known and unknown,
achieving bidirectional class-level knowledge transfer.

* We propose to constrain the consistency of pairwise sim-
ilarity among samples, achieving intra-set and cross-set
instance-level knowledge transfer.

* We evaluate our method on four datasets and achieve no-
table improvements compared to state-of-the-art meth-
ods, highlighting the effectiveness of our design.

Related Work

Novel Class Discovery. Novel class discovey(NCD) aims
to discover undefined classes in an unlabeled set with the
help of labeled set. The early work of NCD mostly em-
ploys two-stage approach, including KCL(Hsu, Lv, and Kira
2017), MCL(Hsu et al. 2019) and DTC(Han, Vedaldi, and
Zisserman 2019) that apply networks trained on labeled set
to unlabeled set. Specifically, KCL and MCL learn similar-
ity prediction networks and cluster based on pairwise simi-
lary. DTC learns a feature extraction network and then uses
DEC(Xie, Girshick, and Farhadi 2016) to cluster.

Subsequent work mostly adopts a single-stage approach.
RS(Han et al. 2020) uses rank statistics to transfer the
knowledge to the unlabeled set. DualRank(Zhao and Han
2021) expands RS to a two-branch framework focusing on
both local and global features. Afterward, NCL(Zhong et al.
2021a) uses contrastive loss to learn discriminatory features.
OpenMix(Zhong et al. 2021b) mixes the unlabeled and la-
beled samples to build relationship between labeled and un-
labeled set. UNO(Fini et al. 2021) introduces a unified ob-
jective function to collaborate supervised and unsupervised
learning. SNCD(Wang et al. 2024) proposes a semantic-
guided method that introduces unknown classes’ category
name. There are also some work that focus on debias(Feng
et al. 2024) and forgetting(Joseph et al. 2022).

Some methods propose to model the relationships to
boost performance. IIC(Li et al. 2023a) focuses on the “dis-
joint” nature of labeled set and unlabeled set. CrKD(Gu
etal. 2023) only cares about relationships between unlabeled
samples and known classes. Although both consider rela-
tionships, neither of them establishes relationships between
known and unknown at class-level. Different from them, we
propose to model class-level and instance-level relationships
to achieve knowledge transfer for novel class discovery.

Method
Overall

Problem Formulation. In NCD, the dataset is divided into
two subsets: labeled set D' = {(x},4}), ..., (xly, v)} and
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unlabeled set D" = {x{, ...,x}, }, where each x} or x} is an

image, y! is corresponding label for x}, and N and M repre-
sent the numbers of labeled and unlabeled samples respec-
tively. Known classes in the labeled set and unknown classes
in the unlabeled set are disjoint, thus known class labels
V! and unknown class labels )" can be respectively repre-
sented as: V! = {1,...,C'} and Y* = {C'+1,...,C'+C"},
where C' is the number of known classes and C"* is the num-
ber of unknown classes.

Framework. As shown in Figure.4(a), our model con-
sists of an encoder X and two classification heads: labeled
head h for known classes and unlabeled head g for unknown
classes. The encoder is a standard CNN network or a ViT
that converts input images into features. A is a linear clas-
sifier with C! output neurons, and g consists of a MLP and
a linear classifier with C'* output neurons. Our model train-
ing is divided into two stages: in the pretraining stage, we
train the encoder and labeled head using labeled data in a
supervised manner; in the discovery stage, we train the en-
tire model with both labeled and unlabeled data.

In the discovery stage, given an image x;, we first project
it to the feature z;. Then, we feed the feature into the
two classification heads, regardless of whether x; is labeled

or unlabeuled. The logits I, € RC' generated by h and
I, € RY" generated by g are concatenated: I = [I;,,1,] €

RCE'+C"  Next, concatenated logits I is fed into softmax
layer o which produces the class probability distribution:
p = o(l/7), where 7 is the temperature coefficient.

We use cross-entropy loss to simultaneously classify la-
beled samples and cluster unlabeled samples. The assign-
ment of pseudo-labels can be solved following conventional
procedures in UNO(Fini et al. 2021). Once we get pseudo-
labels, we can calculate cross—entropy loss as follows:

—= ZZy (e)log(p"(c)),

bl(‘l

where C = C* + C!, y® is the b-th image’s zero-padded
ground-truth label or pseudo-label in a batch, p® is the b-th
image’s prediction probability, and (c) represents the c-th
element of the vector.

According to the basic hypothesis and prior research(Li
et al. 2023b), the correlation between known and unknown
classes is the premise, and knowledge transfer is the key to
solving NCD. Therefore, analyzing the relationship between
known and unknown classes is of great importance. How-
ever, existing work either focus on constructing a shared
representation space while neglecting how known and un-
known classes are related and how to utilize class-level re-
lationships for more effective knowledge transfer; or at-
tempt to construct coarse-grained and asymmetric rela-
tionships without adequately addressing the class-to-class
relationships between known and unknown. In this pa-
per, we propose a class-level relationship modeling method
through predicted logits. The relationships we model are
“directional” and “symmetric”, specifically from known
to unknown and from unknown to known. By performing
“cyclic transition” on relationships, we optimize the learn-
ing of unknown classes using known classes as medium

(D
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Figure 4: Overview of our proposed method. In (a), we show the architecture of our model. The cross-entropy serves as the
main loss for classification and clustering. In the upper of (b), we demonstrate class-level relationship modeling; in the lower
part, we achieve class-level knowledge transfer by modeled relationships. In (c), we show the instance-level pairwise similarity
computation and consistency constraint, and we omit the relationships within unlabeled set due to space limits.

and optimize the learning of known classes using unknown
classes as medium simultaneously. Thus, we achieve sym-
metric bidirectional class-level knowledge transfer.

Class-level relationship modeling may obscure distinc-
tions between samples within closely related classes by
emphasizing general similarities over specific differences.
Therefore, instance-level relationship modeling is essential
for capturing finer-grained distinctions and refining deci-
sion boundaries. In this paper, we use pairwise similarity
to model the relationships between samples within and be-
tween labeled set and unlabeled set. Considering the infor-
mation encoded in labeled logits and unlabeled logits differs
for labeled and unlabeled sample, we decouple logits-based
pairwise similarity into labeled-logits-based pairwise simi-
larity and unlabeled-logits-based pairwise similarity. We be-
lieve that decoupled pairwise similarity should be consistent,
and we use KL divergence to enforce this consistency.

Class-level Relationship Modeling and Knowledge
Transfer

NCD requires that known classes and unknown classes are
related, so analyzing the relationships between known and
unknown classes is crucial for achieving knowledge trans-
fer and solving the NCD problem. However, previous work
largely focus on learning a shared representation space,
while neglecting how known and unknown classes are re-
lated. CrKD, for the first time, proposed that the logits out-
put by the classification head encode the similarity struc-
ture between samples and classes, but it is limited to asym-
metric relationships between unlabeled samples and known
classes rather than relationships between known and un-
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known classes, which may exacerbate bias and lead to sub-
optimal results as shown in Figure.1(b).

In this paper, we take it a step further by proposing a
class-level relationship modeling method based on logits.
Based on the assumptions regarding class-level relationship
measurement presented in Introduction, the relationships we
model are directional and symmetric. We represent rela-
tionships between known classes and each unknown class as
transition matrix from known to unknown, and relationships
between unknown classes and each known class as transi-
tion matrix from unknown to known. Transition matrix from
unknown to known can be roughly measured by weighting
unlabeled samples’ labeled logits with unlabeled logits, as
shown in Figure.2; while transition matrix from known to
unknown can be measured by weighting labeled samples’
unlabeled logits with labeled logits. Once we get these two
transition matrices, we perform “cyclic transition” by mul-
tiplying them. Using unknown classes as medium, we can
get transition matrix from known to known; using known
classes as medium, we can get transition matrix from un-
known to unknown. We believe that transition probability
from a class to itself should be the largest among other tran-
sition directions, and we designate maximizing this proba-
bility as our optimization objective. In this way, the learning
of known and unknown classes is optimized continuously.
Thus we achieve bidirectional class-level knowledge trans-
Jer between known and unknown as shown in Figure.3.

Specifically, as shown in Figure.4 (a), given a batch of

l
data, let Lt = [IL ... 1P'] € RC"*B' be the labeled logits of
B! labeled samples, Lé € RC"*B' be the unlabeled logits



of B! labeled samples, LY € R *B" and Ly € RO"™B"
be the labeled and unlabeled logits of B unlabeled sam-
ples respectively. Then we can obtain transition matrix from
known to unknown classes by using Lﬁl as weights to com-
pute the weighted sum of Lé:

Trans;_,, = Lﬁl ~ngT S Rclxcu’ 2)

where the rows of Trans;_,, indicate the relationships be-
tween a known class and each unknown class. Subsequently,
we can calculate transition matrix from unknown to known
classes in the same manner:

T u 1
Trans, ., =Ly, -L; € REXC

3

Then, we perform “cyclic transition” by multiplying these
two matrices. Taking unknown classes as medium, we can
obtain transition matrix from known to known by multiply-
ing the transition matrix from known to unknown with tran-
sition matrix from unknown to known:

Trans,_,; = Norm(Trans,_,,, - Trans,,_;)

“

where Norm(-) denotes the normalization performed on the
rows. Taking known classes as medium, we can obtain tran-
sition matrix from unknown to unknown as:

&)

Transition probability from a class to itself should be the
largest among other transition directions. That is, the ele-
ment on the diagonal of the corresponding transition matrix
should be the largest. Inspired by this, we maximize the sum
of the elements on the diagonal of the transition matrices
after cyclic transition:

Trans,_,,, = Norm(Trans,_,; - Trans;_,,,),

(6)

Leiass = mazx[Tr(Trans;—,;) + Tr(Trans, )]

Instance-level Relationship Modeling and
Knowledge Transfer

Although class relationship modeling is reasonable and sen-
sible, it relies on the average of all samples, making it diffi-
cult to abstract more valid information at the instance-level.
Instance-level relationship modeling can help the model to
understand the structures within the data, allowing for recog-
nition at a finer-grained granularity.

We use logits-based pairwise similarity to measure the
relationships between samples. Based on samples’ origin,
instance-level relationships can be classified into cross-set
modeling that concentrate on the relationships between la-
beled and unlabeled samples, and within-set modeling that
focus on the relationships among labeled samples or among
unlabeled samples. Additionally, the information encoded in
labeled logits and unlabeled logits differs for samples from
different origins. For example, labeled samples’ labeled
logits primarily encode the prediction of the ground-truth
classes, while unlabeled samples’ labeled logits encode the
relationships with each known class. Therefore, we decouple
the logits-based pairwise similarity into unlabeled-logits-
based pairwise similarity and labeled-logits-based pairwise
similarity, which is also referred to as the decoupled pair-
wise similarity. We believe that decoupled pairwise similar-
ity should be consistent. By using KL divergence to enforce
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consistency, the predictions for the samples are further re-
fined. Moreover, the relationships encoded in certain logits
plays a significant role in pairwise similarity calculations,
which also facilitates class-level relationship modeling.

As mentioned above, let L} and LY be the labeled log-
its of labeled samples and unlabeled samples, L' and L"
be the unlabeled logits of labeled and unlabeled samples,
respectively. Then for labeled samples, decoupled intra-set
pairwise similarities can be computed as:

T T
Sy =L, -Lh, S,=Lj -L, @)

where the rows of Sil and Slg denote the similarity between

labeled samples. And Slh is more influenced by the logits

on ground-truth classes, while Slg depends more on relation-

ships between labeled samples and each unknown class. We
use KL-Divergence to constrain their consistency:
Ly = KL(S} 1) + KL(Sy|IS,), ®)

Similarly, for unlabeled samples, decoupled intra-set pair-
wise similarities and consistency constraint are as follows:

)
£, = KL(SYISY) + KLSUISE.  (0)

Therefore, the intra-set pairwise similarity consistency
constraint can be defined as:

u

u _ yul u _ gul u
h _Lh N hs Sg —Lg 'lzg7

1
Eintra—set = §(£l + Eu)~ (11)
For cross-set instance relationships, we similarly compute
decoupled pairwise similarity, and use KL divergence to en-
force their consistency:

u

p=Ll oLy, so=L LY (12)

Leross—set = KL(S3[|S5) + KL(Sg|[S,).  (13)

In conclusion, instance-level relationship consistency can
be expressed as:

ﬁinstance = »Ccrossfset + ['int'r‘afset (14)

Overall Objective

In summary, to maximize the sum of the elements on the
diagonal of class relationship transition matrices and the
instance-level pairwise similarity consistency, while mini-
mizing cross-entropy, the overall objective function is:

L= ﬁce — Otﬁclass + BﬁinstanCEa

where «, 8 are two hyperparameters.

15)

Experiments
Experimental Setup
Datasets. We conduct experiments on CIFARI00 dataset
and three fine-grained datasets: Stanford Cars, CUB, and
FGVC-AirCraft. Following CrKD(Gu et al. 2023), we do

not conduct experiments on the widely-used CIFARI0 and
ImageNet-882 benchmarks in previous work, as the results



Method CIFAR100-50 CIFAR100-80 Stanford Cars CUB Aircraft
Kmeans 28.3+0.7 56.3+1.7 13.1£1.0 42.2+0.5 18.5+0.3
DTC(Han, Vedaldi, and Zisserman 2019) 35.9+£1.0 67.3+1.2 - - -
RS+(Han et al. 2020) 44.1+£3.7 75.2+4.2 36.5+0.6 55.3+0.8 38.4+0.6
NCL(Zhong et al. 2021a) 52.7+1.2 86.6+0.4 43.5+1.2 48.1£0.9 43.0+0.5
UNO(Fini et al. 2021) 62.3+1.4 90.5+0.7 49.8+1.4 59.2+0.4 52.1+0.7
ComEx(Yang et al. 2022) 53.4+0.7 85.7+£1.3 - - -
IIC(Li et al. 2023a) 65.8+0.9 92.4+0.2 53.8+0.9* 68.4+1.4*% 55242 8%
CrKD(Gu et al. 2023) 65.3+0.6 91.2+0.1 53.5+0.8 65.7+0.6 55.8+0.9
SNCD(Wang et al. 2024) 62.2+0.07 93.7+0.07 - - -
Ours 68.2+1.8 92.4+1.0 53.5+£2.0 69.1+2.7 56.1+2.1

Table 1: Comparison with the SOTA methods on the unlabeled training set under task-aware protocol. Average clustering accu-
racy(%) is reported as mean + standard deviation (averaged over 5 runs). Results marked with ‘*’ are the ones we reproduced.
In the results marked with f, the standard deviation is set to O as the authors did not report it in paper.

Method CIFAR100-50 Stanford Cars CUB FGVC-Aircraft

Lab Unlab All Lab Unlab  All Lab Unlab  All Lab Unlab  All
RS+(Han et al. 2020) 69.7 409 553 81.8 31.7 56.8  80.7 51.8 66.3 664 36.5 51.5
NCL(Zhong et al. 2021a) 724 257  49.1 83.5 244 540 79.8 13.1 46.5 62.8 26.5 44.7
UNO(Fini et al. 2021) 750 576 663 81.7 46.7 642  78.7 62.1 704 712 524  61.8
IIC(Li et al. 2023a) 75.1 61.0 68.0 80.1* 51.5* 658 75.5%* 67.7* 71.6 71.3* 53.6% 625
CrKD(Gu et al. 2023) 786 594 69.0 839 51.3 67.6 81.1 67.5 743 72.2 552  63.7

SNCD(Wang et al. 2024) 77.2  60.5 68.9 - - - - - - - - -
Ours 76.3 642 703 84.2 514 67.8 80.1 685 743 713 56.1 63.7

Table 2: Comparison with the SOTA methods under task-agnostic protocol. Classification accuracy(%) and clustering accu-
racy(%) are reported on the labeled test set and unlabeled test set, respectively. Results marked with ‘*’ are our reproductions.

Labeled Unlabeled
Dataset
Images Classes Images Classes
CIFAR100-20 40.0k 80 10.0k 20
CIFAR100-50 25.0k 50 25.0k 50
Stanford Cars ~ 4.0k 98 ~ 4.1k 98
CUB ~ 3.0k 100 ~ 3.0k 100
FGVC-Aircraft = 3.3k 50 ~ 3.3k 50

Table 3: Details of dataset splits.

on these two datasets are nearly saturated. We divide each
dataset into two parts: a labeled set and an unlabeled set.
The number of classes and samples in each split are shown
in Tab.3. Note that we assume that the number of unknown
classes is known during the experiments.

Evaluation Metrics. We evaluate our method using both
task-aware and task-agnostic protocols. In the task-aware
protocol, we can identify if a sample is labeled or unla-
beled, allowing labeled samples to be classified as known
classes and unlabeled samples as unknown classes. In con-
trast, there is no prior about which subset a sample comes
from in task-agnostic protocol. For labeled set, we use clas-
sification accuracy as metric. And for unlabeled set, we use
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average clustering accuracy, which is defined as:

ClusterAcc = max

1N

Jmaz o ; Hy; = perm(y;)}  (16)
where y; and y; represent ground-truth label and predicted
label, respectively. P is the set of all permutations and the
best one can be found by Hungarian algorithm(Kuhn 1955).

Implementation Details. For a fair comparison with the
existing methods, we use the same experimental setup as
previous methods. Due to space limitations, more details
will be included in the supplementary materials.

Experimental Results

Comparison with State of the Arts. We compare our
method with current state-of-the-art methods, including
DTC(Han, Vedaldi, and Zisserman 2019), RS+(Han et al.
2020), NCL(Zhong et al. 2021a), UNO(Fini et al. 2021),
ComEx(Yang et al. 2022), IIC(Li et al. 2023a), CrKD(Gu
et al. 2023) and SNCD(Wang et al. 2024). We report re-
sults on two wide-used benchmarks and three fine-grained
datasets in Tab.1 and Tab.2.

In Tab.1, we report the average clustering accuracy on the
unlabeled training set under task-aware protocol. It can be
observed that our method performs better than other meth-
ods. In particular, our method outperforms UNO by 5.9%,
IIC by 2.4%, CrKD by 2.9% on CIFAR100-50 benchmark.



Lo Linet CIFAR100-50 Stanford Cars CUB FGVC-Aircraft
ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
X X 62.3 - - 498 - - 59.2 - - 52.1 - -
v X 670 071 053 513 070 037 670 081 055 530 070 041
X v 63.1 0.68 050 520 070 038 620 077 047 536 070 042
v v 682 071 053 535 071 039 691 081 057 561 072 044

Table 4: Ablation study on CIFAR100-50 and three fine-grained datasets. Results are reported on the unlabeled training set.
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Figure 5: T-SNE visualization on CIFAR100-50 benchmark.

And on the three fine-grained datasets, our method outper-
forms UNO by 3.7%, 9.9% and 4.0%, respectively. On the
Stanford Cars and Aircraft datasets, our approach does not
differ much from CrKD and IIC, which may be due to the
generally high semantic similarity of the classes.

In Tab.2, we report results on the labeled unlabeled test
sets under task-agnostic protocol. Our method shows a sig-
nificant performance improvement over UNO, averaging
1.68% on the labeled split and 4.73% on the unlabeled split.
Notably, it outperforms IIC by an average of 2.83% on the
labeled split and 1.03% on the unlabeled split. In addition,
our method outperforms CrKD on the unlabeled split by
1.2%, but it is 0.63% lower on the labeled split, which may
be due to CrKD’s preservation of supervised information
from the teacher model.

Ablation Study. To evaluate the effectiveness of class-
level and instance-level relationship modeling, we conduct
ablation study on CIFAR100-50 benchmark and three fine-
grained datasets. Following IIC, we introduce normalized
mutual information(NMI) and adjusted rand index(ARI) as
metrics, which measure the similarity between clustering
results and the ground-truth distributions. The results are
shown in Tab.4. Both class-level and instance-level relation-
ship modeling improve clustering performance, with the best
results achieved by combining them.

Results on ImageNet and Herbarium-19. To evaluate
our method on more challenging datasets, we conduct ex-
periments on a larger dataset, ImageNet, and a more unbal-
anced dataset, Herbarium-19k. As shown in Tab.5, our meth-
ods outperforms the SOTA methods.

T-SNE Visualization. To illustrate the differences be-
tween our method and others, we visualize the predicted log-
its using t-SNE on the CIFAR100-50 benchmark in Figure.5,
comparing our method with UNO, IIC and CrKD. Known
classes are shown in “bright” style and unknown classes
in pastel” style, appearing lighter in color. Compared to
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ImageNet-1k  ImageNet-100  Herbarium-19

Method
Lab Unlab Lab Unlab Lab  Unlab
UNO 12.8 14.9 65.0 45.1 30.9 33.1
1IC 13.1 15.5 67.2 45.6 30.0 32.7
CrKD 15.5 150 684 46.3 31.0 32.1
Ours 13.5 15.8 69.5 47.7 32.1 33.8

Table 5: Results on more challenging datasets. The number
of labeled and unlabeled classes are: ImageNet-1k(500/500),
ImageNet-100(50/50), Herbarium-19(341/342).

UNO, IIC separate the labeled set from the unlabeled set,
which makes a clear distinction between known and un-
known classes. CrKD maintains the distribution of known
classes but shows significant confusion among unknown
classes, indicating bias towards known classes. In contrast,
our method achieves a more balanced class distribution, with
known and unknown classes intermingling, which demon-
strates the superiority of class-level modeling.

Conclusion

In this paper, we propose a novel class-level relationship
modeling and knowledge transfer method. Based on logits,
we model symmetric and directional relationships for known
and unknown classes, represented as transition matrix from
known to unknown and transition matrix from unknown to
known. Then, by “cyclic transition” conducted on transi-
tion matrices, we achieve bidirectional knowledge transfer
at class-level. Considering the subtle distinctions between
samples, we also model the relationships between samples
through pairwise similarity. Thus, we achieve knowledge at
both class-level and instance-level, which is more balanced
and fine-grained. Extensive experiments demonstrate the ef-
fectiveness of our method.
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