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Abstract

This paper investigates the recently emerged problem of
Language-assisted Image Clustering (LalC), where textual
semantics are leveraged to improve the discriminability of
visual representations to facilitate image clustering. Due
to the unavailability of true class names, one of core chal-
lenges of LalC lies in how to filter positive nouns, i.e., those
semantically close to the images of interest, from unlabeled
wild corpus data. Existing filtering strategies are predom-
inantly based on the off-the-shelf feature space learned by
CLIP; however, despite being intuitive, these strategies lack
a rigorous theoretical foundation. To fill this gap, we pro-
pose a novel gradient-based framework, termed as Grad-
Norm, which is theoretically guaranteed and shows strong
empirical performance. In particular, we measure the pos-
itiveness of each noun based on the magnitude of gradients
back-propagated from the cross-entropy between the pre-
dicted target distribution and the softmax output. Theoret-
ically, we provide a rigorous error bound to quantify the
separability of positive nouns by GradNorm and prove that
GradNorm naturally subsumes existing filtering strategies
as extremely special cases of itself. Empirically, extensive
experiments show that GradNorm achieves the state-of-the-
art clustering performance on various benchmarks.

1. Introduction

As a fundamental problem in pattern recognition and ma-
chine learning, image clustering [36] seeks to separate a set
of unlabeled images into multiple groups such that images
in the same group are semantically similar to each other.
Due to its ability to reveal the inherent semantic structure
underlying the data without requiring laborious and triv-
ial data labeling work, clustering has been shown to benefit
downstream tasks [4, 5, 27, 43-46, 69, 72, 74,75, 77=79] in
computer vision. Despite increasing attention, the vast ma-
jority of strategies [18, 26, 34, 39, 61, 64, 66] to image clus-
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tering reply on purely visual supervision signals and there-
fore inherit limitations especially when images of interest
are visually similar to but semantically different from each
other.

This paper delves into a new landscape for image clus-
tering by departing from the classic single-model toward a
multi-modal regime. In the visual domain, (deep) clustering
methods usually learn discriminative representations from
distributional priors [22, 39, 49], pseudo-labels [2, 3, 17,
62], neighborhood consistency [10, 56, 70] and augmen-
tation invariance [12, 29, 31], which, however, can not be
directly transferred into the vision-language regime due to
the heterogeneous relation between visual and textual data.
While the advanced vision-language pre-training schemes,
e.g., CLIP [50], have emerged as promising alternatives for
visual representation learning by mapping textual and vi-
sual inputs into a unified representation space, harnessing
the power of texts to facilitate image clustering is still non-
trivial due to the unavailability of class name priors.

To address this challenge, the mainstream solutions [1,
32] are to select positive nouns, i.e., those who best describe
images of interest, from unlabeled lexical databases in the
wild' (e.g., WordNet [38]) for the textual pseudo-labeling of
each image. Despite recent empirical successes, the sep-
arability of positive nouns remains theoretically underex-
plored, with no prior work providing a rigorous formaliza-
tion or provable error bounds. Our work thus complements
existing works by filling in the critical blank. In this paper,
we design a simple yet effective framework that provides a
provable guarantee for Language-assisted Image Clustering
(LaIC) from a novel perspective of gradient.

Methodologically, our proposed method GradNorm be-
gins by learning a single-layer self-supervised classifier us-
ing CLIP features extracted from pseudo-labeled images.
Leveraging the alignment between the CLIP image and text
feature spaces [7], we extend the learned classifier to han-
dle text features as well. Subsequently, we employ CLIP
features of unlabeled wild texts as input to compute the gra-

!Generally, “in-the-wild” data are those that can be collected almost for
free upon deploying machine learning models in the open world.
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dients of the classifier back-propagated based on the cross-
entropy between the softmax output and the predicted target
distribution. In this process, we consider unlabeled wild
nouns as positive samples if the magnitude of the corre-
sponding gradients falls below an adaptive threshold.

Theoretically, we justify GradNorm in Theorem | and
Section 4. Our theoretical insights are twofold. First, we de-
rive a rigorous upper bound on the error rate for separating
positive nouns from unlabeled wild data. This upper bound
is proportional to the optimal risk, which can approach zero
in practice especially when the size of the pre-trained CLIP
model is sufficiently large. Second, our analysis establishes
a unified framework for existing filtering strategies [1, 32]
by demonstrating that, despite their apparent differences in
motivation and methodology, they can be interpreted as de-
generated cases of GradNorm.

Extensive experiments on multiple benchmarks demon-
strate the empirical effectiveness of our proposed Grad-
Norm method. For example, GradNorm achieves 60.6%
ACC and 81.2% ACC on CIFAR-20 and ImageNet-Dog
datasets, respectively, outperforming the latest TAC [32] by
4.8% and 6.1%. Additionally, on three more challenging
datasets (DTD, UCF-101, and ImageNet-1K), our method
surpasses TAC [32] by an average of 3.2%, 1.7%, and 2.4%
in terms of ACC, NMI, and ARI, respectively.

2. Related Work
2.1. Deep Image Clustering

The popularity of deep image clustering can be attributed
to the fact that distributional assumptions in classic cluster-
ing methods, e.g., compactness [14], connectivity [42, 58],
sparsity [73, 76] and low rankness [33], can not be necessar-
ily conformed by high-dimensional structural RGB images.
To exploit the powerful representative ability of deep neural
networks in an unsupervised manner, the earliest attempts
seeks self-supervision signals by considering image recon-
struction [15, 47, 61], probabilistic modeling [22, 39, 49]
and mutual information maximization [16, 20] as proxy
tasks. Despite remarkable progresses, the learned repre-
sentations may not be discriminative enough to capture the
semantic similarity between images. More recently, the ad-
vance in self-supervised representation learning have led to
major breakthroughs in deep image clustering. On the one
hand, IDFD [53] proposes to perform both instance discrim-
ination and feature de-correlation while MICE [54] propose
a unified latent mixture model based on contrastive learn-
ing to tackle the clustering task. On the other hand, CC [29]
and its followers TCC [31] perform contrastive learning at
both instance and cluster levels. Different from above meth-
ods, ProPos [18] performs non-contrastive learning on the
instance level and contrastive learning on the cluster level,
which results in enjoying the strengths of both worlds.

2.2. Vision-language Models

Leveraging large-scale pre-trained vision-language models
(VLMs) has emerged as a remarkably effective paradigm
for multi-modal downstream tasks. Regarding the type of
architectures, exisitng VLMs can be divided into two cate-
gories: 1) single-stream models like VisualBERT [28] and
VILT [23] feed the concatenated text and visual features into
a single transformer-based encoder; 2) dual-stream models
such as CLIP [50], ALIGN [21], and FILIP [65] use sep-
arate encoders for text and image and optimize with con-
trastive objectives to align semantically similar features in
different modalities. In particular, CLIP enjoys popular-
ity due to its simplicity and strong performance. CLIP-
like models inspire numerous follow-up works [30, 68, 71]
that aim to improve data efficiency and better adaptation to
downstream tasks. This paper uses CLIP as the pre-trained
model, but our method can be generally applicable to con-
trastive models that promote vision-language alignment.

2.3. Language-assisted Image Clustering

The core of LalC lies in how to leverage texture semantics
as the supervision signal to guide clustering in the visual
domain. The seminar work called SIC [1] uses textual se-
mantics to enhance image pseudo-labeling, followed by per-
forming image clustering with consistency learning in both
image space and semantic space. Note that, SIC essentially
pulls image embeddings closer to embeddings in semantic
space, while ignoring the improvement of text semantic em-
beddings. Differently, TAC [32] focuses on leveraging tex-
tual semantics to enhance the feature discriminability by ei-
ther simply concentrating textual and visual features or its
proposed cross-modal mutual distillation strategy. Despite
their variety in the usage of texture semantics for image
clustering, both SIC and TAC requires filter positive seman-
tics from unlabeled wild textual data due to the lack of true
class names. However, to the best of our knowledge, a for-
malized understanding regarding the separation of positive
semantics is currently lacking for this field, which directly
motivates our work.

3. Proposed Framework: GradNorm

3.1. Preliminary: Zero-shot Classification

Let X and 7 be the visual and textual input space respec-
tively, CLIP-based models adopt a simple dual-stream ar-
chitecture with one text encoder f7 and one image encoder
fa to map inputs of two modalities into a uni-modal hyper-
spherical feature space Z £ {z € R?|||z||, = 1}. Consid-
ering an image classification task with the known classes
{c1,...,cK}, CLIP-based models make class prediction
for any input image x € X by computing the following

19806



exp [Tf)( (x)TfT(A(cZ-))]

rg max » (D
a gi:l,.a..K Zszl exp [fo(X)TfT(A(Cj))]

where 7 > 0 is a temperature hyper-parameter, A(c;) € T
with A(+) as the prompt template for the input class name.

3.2. Leveraging Unlabeled Textual Data in the Wild

Despite remarkable effectiveness [50] and provable guaran-
tees [6], the zero-shot paradigm in Eq. (1) suffers from the
reliance on the prior knowledge of true class names, there-
fore inapplicable to the task of image clustering since we
have access to only the number of ground-truth classes K.

In this paper, we address this challenge by leveraging
unlabeled “in-the-wild” textual data which can be collected
almost for free in the open world. However, it is important
to note that wild textual data inevitably contains a mixture
of positive’ and negative semantics regarding to the image
dataset of interest. In view of this, we propose to use the
Huber contamination model [ 19] to model the marginal dis-
tribution of the wild textual data as follows:

Definition 1 (Wild Data Distribution). Let P, and Py, be
the distributions of positive and negative textual data de-
fined over T, respectively. According to the Huber contam-
ination model [19], we can model the unlabeled textual data
distribution P,y as follows:

]Pwild £ - ]Ppos + (1 - 7T) : ]Pneg; (2)
where w € (0,1] is typically unknown in practice.

Definition 2 (Empirical Wild Dataset). An empirical wild
textual dataset D is sampled independently and identically
distributed (i.i.d.) from the wild data distribution P,;,.

Following prior works [1, 32], we simulate the wild dataset
D+ by resorting to the off-the-shelf WordNet [38]. In par-
ticular, let {Cy,...,€xs} be a pre-defined subset of nouns

from WordNet, we can write Dy = {t; = A(éi)}fil.
Remark 1. While wild textual data can be available in
abundant without requiring human annotations, harnessing
such data is non-trivial due to the lack of clear member-
ship (either positive or negative) for textual data in Dr.
Therefore, we aim to devise an automated strategy that es-
timates the membership for samples within the unlabeled
textual data, therefore enabling the assistance of language
forimage clustering. In what follows, we describe these two
stages in Section 3.3 and Section 3.4 respectively.

2Examples of positive semantics can be synonyms of the name of ob-
jects in given images or those of adjectives that describe objects in given
images.

3.3. Filtering Candidate Positive Semantics

Overview. To separate candidate positive semantics from
the wild dataset D, we employ a level-set estimation based
on the gradient information. The gradients are estimated
from a classifier trained on the pseudo-labeled images. We
describe the procedure formally below.

3.3.1. Classifier Pre-training

To realize the idea, let Dy = {x1,...xy} denotes the im-
age dataset of interest, we begin with extracting features
from CLIP-based models for images in the dataset Dy to
have E = (ey,...,ey) € RN where e; = fy(x;) € 2
for each i € [N] := {1,..., N}. By performing a classical
clustering algorithm, e.g., k-means, on the image feature
matrix E to grouping given images into C' clusters, we can
produce pseudo-label y; € ) = [C] for each image x; €
Dy to learn a single-layer classifier h(-; W) : Z — R¢
parameterized by W = (w1,...,w¢) € R¥*C with the
following empirical risk minimization (ERM):

N
1
W* = arg min d " (h(ess W), ui), 3)
=1

where W is the parameter space and ((h(e; W), ;) is
the cross-entropy between the softmax output h(x;; W) =
softmax (7 - eiT ‘W) and the pseudo-target distribution, i.e.,

exp(re] wy,)
Zke[C] exp(re/ wi)

0(h(ei; W), y;) = —log )

3.3.2. Membership Estimation via Gradient Norm

Key to this step, we perform a scoring procedure to mea-
sure the positiveness of each text in the wild dataset D7 to
Dy, the image dataset of interest. To formulate the score
function S, we forward the feature of each text in the wild
dataset Dy into the learned classifier h(-; W*) to calcu-
late the gradients w.r.t. the classifier parameters W* by
back-propagating the cross entropy between the softmax
output and the predicted target distribution. In particular,
let R = (F1,...,Fa) € RM ag the textual feature ma-
trix for the wild dataset D where &; = fr(t;) € Z for
each Ei € Dy, we define the gradient matrix G as follows:

U (h(F1; W*),§1) /OW*
G= : ; ®)

where §; = argminge(c) £(h(F;; W*), k). To assign the
membership with Ei € Dy, we define the estimation score
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S as follows °:

2
~ ol(h ~¢;W* 7~i
s(@y = [| 24 W), 5:)
OW* p
(6)
2
=T Ty +1 —2maxm; |,
k;?] ’ sete)
where || - || p denotes the Frobenius norm and
. exp(T - T, W* %) .
M5 = vj e [C]. @)

<o) exp(T - r—r X))’

Finally, we can arrive at the (potentially noisy) set of candi-
date positive text semantics as follows:

Pr(k) £ {fi € Dr: S(t:) < Ty and k = arg m?Cx] 'ﬁ'ij} , (8)
JjE

where T}, denotes the -th smallest score of text semantics
in the set {f,; € Dr: k = argmax;¢c(c] Tij } In the follow-
ing, our main theorem formally quantifies the separability
of truly positive text semantics from the wild dataset D by
leveraging the filtering strategy in Eq. (8).

Theorem 1. * Let us define the ground-truth set of truly
positive semantics from the wild data as

Pr(k) = {f:i eEDrt; ~ Ppos and k = arg max ﬁij}
JEIC]

and |Py (k)| = By. Under mild assumptions (cf. Appendix.
3), i.e., the loss function { is ~y-smooth and the parameter
space W is bounded, with the probability at least 0.97, we
have the following:

bty L2510 )
29 | . T T

where QW) = E, )p.,, 0 (h(z; W), y) is the expected
risk and we use O(-) to hide universal constant factors.

Remark 2. Theorem I states that, under mild assumptions,
ERR,,05(k) is upper-bounded. In particular, if the following
two regulatory conditions hold: 1) the size of the image data
N and that of the wild textual data By, are sufficiently large;
2) the minimal expected risk minw cyy Q(W) is sufficiently
small, then the upper bound is also small.

3We provide detailed deviation of the second step in the appendix
“Due to space limitation, we defer detailed proofs in the appendix.
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Algorithm 1 Pipeline of GradNorm

Input: Image features {ei}fvzl, Text features {i‘z}ﬁl,
Randomly initialized parameters W
> Stage 1: Filtering Candidate Positive Semantics

: Apply k-means on image features {ez} , to obtain

pseudo-labels {y; € [C ]}511

Obtain W* by performing ERM in Eq. (3)

3: Compute S(t;) in Eq. (6) to obtain P(k) via Eq. (8)
Get candidate positive semantics DY = [ J5_, Pr (k).
> Stage 2: Clustering with Candidate Positive Semantics
Compute v; for each e; via Eq. (9)

Apply k-means on the concatenated image-text features
{les; vi]}i]\il to obtain final cluster assignment

3.4. Clustering with Candidate Positive Semantics

After extracting the candidate positive semantics set 751;9 s
US_, Pr(k) from the wild textual dataset D, it is essen-
tial to design an effective collaboration mechanism between
text semantics and image semantics for clustering. Given
that the primary contribution of this paper is to reliably se-
lect positive semantics from unlabeled wild textual data, we
adopt the same post-hoc collaboration strategy as [32].

In particular, for each image x;, we build the correspond-
ing text counterpart v; by resorting to deep set representa-

tions [51, 67], i.e.,

Vv, = Z
t;eDy
where k£ > 0 is a temperature hyper-parameter.

Finally, we compute the cluster assignment for the im-
age dataset Dy by applying k-means on the concatenated
image-text features {[e;;v;] € RM}?;. For clarity, we
summarize the details of GradNorm in Algorithm 1.

exp(e/ T;/k)
Zheﬁ‘?’ exp(e; T /K

4. Discussions

In this section, we discuss the theoretical connection be-
tween our method between prior works [1, 32] by showing
that the latter can be explained as extremely special cases of
the former though they indeed seem to be quite distinct re-
garding their proposed filtering strategies. In particular, our
theoretical analysis is motivated by SeCu [48] to consider
training the classifier h(-; W) with the following objective:

.
{(h(ei; W), y;) = exp(Te; wy,)

exp(re] w,,) + 3 exp(re, wi)’
k#y;

10)

where w = sg(w) with sg(-) as the stop-gradient operator.
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Remark 3. Clearly, Uin Eq. (10) differs from the standard
cross entropy in Eq. (4) in that each weight vector wy, is
only updated by image features whose pseudo label y; = k.
While it has been shown in SeCu [48] that lin Eq. (10) can
be more stable than the standard cross entropy when the size
of training batch is so small that the weight vector Wy, is
only updated by image features whose pseudo label y; # k,
we note that, since the memory complexity of the classifier
h(-; W) is only O(d - C), training with large batches (e.g.,
2048) can be applicable in this paper.

Theorem 2 ([48]). Let W* = (w7,..., W{) be the empir-
ical risk minimizer of the loss function in Eq. (4) over the
dataset {(ei,yi)}f\il. If we fix ||wy||, = 1 for any k € [C],
we then arrive at the closed form of W* given by:

Y i i (L —mi5)e;
*=A LYiZ) , 11
Wj < Zzyl:](]‘ - 7r7]) ( )

where the operator A(+) denotes the Lo-normalizer and

7 Wj
exp(Te;-'—W;) + Y exp(re] wi)’
k#y;

exp(Te, w*)

7T'L'j =

4.1. Connection to TAC [32]

In the extremely special case where 7 — 0, we have m;; —
1/C to approximate w7 in Eq. (11) as the center of image
features that belongs to k-th cluster:

Wi — A (ZZ]I(?!@/_];)) as 70, (12)

where I(-) is the indicator function. In this way, we can
arrive at the same maximum softmax probability (MSP)-
based filtering score used in TAC [32] as a special case of
our proposed score in Eq. (0), i.e.,

00 (h(&5; W), ) ||

S(E) = ‘ oW~

v (13)
2

2
o <1 — max ﬁ'ij) ,
) JE[C]

so that S(EZ) <T, & m?éc]ﬁ” > T]i as maX;e[c] 7~T7;j <1
JjE

6€(h(f‘l, W*), :ljb)
ow;,

Remark 4. It is important to note that the effectiveness of
MSP-based score function S in Eq. (13) can be challenged
by the notorious overconfidence phenomenon [40] where
neural networks tend to produce overconfident predictions,
i.e., abnormally high softmax confidences, even when the
inputs are far away from the training data.

4.2. Connection to SIC [1]

Assumption 1 (Self-normalization [54, 60]). An unnormal-
ized classifier h(-, W) is self-normalized, i.e., for any pos-
sible input z € Z, 3 1 (o exp(z' wy,/T) = const, so that
eXp(Tf‘,LTW;)

Ykejc) exp(TE] W)

7Tij =

o exp(Tf‘;rW]*-),Vj € [C].

In the extremely special case where 7 — 0, if Assumption |
holds for the classifier h(-, W*) given by Eq. (12), we have:

~ —
arg max m;; = arg maxr, w,. 14
Bieic) 9 T e 1
Combining Eq. (14) and Eq. (13), we can arrive at the same
cosine similarity-based scoring function used in SIC [1] as
a special case of our proposed score in Eq. (6), i.e.,

ST ~ =T ok
S(t) <Tp & ]r_réfxc)ﬁmj >T, & Jnel.[;g(] T, wi > Ty (15)

5. Experiments

5.1. Experimental Setups

5.1.1. Datasets

We evaluate the effectiveness of GradNorm by conduct-
ing experiments on 1) five widely-used datasets: STL-
10 [9], CIFAR-10 [25], CIFAR-20 [25], ImageNet-10 [3],
and ImageNet-Dogs [3]; 2) three more complex datasets
with larger cluster numbers: DTD [8], UCF-101 [52], and
ImageNet-1K [11]. Following prior works [1, 32], we filter
candidate positive semantics based on the train split of each
image dataset, followed by evaluate the clustering perfor-
mance on the test split of each image dataset. To keep the
main content concise, We summarize the details of these
datasets in the appendix.

5.1.2. Implementation Details

For a fair comparison with previous works [1, 32, 50], we,
unless explicitly stated, adopt the pre-trained CLIP model
with ViT-B/32 [13] and Transformer [57] as default image
and text backbones, respectively. For nouns from Word-
Net [38], we assemble them with prompts like “A photo of
[CLASS]” before feeding them into the Transformer. To
find semantics of appropriate granularity given a N-sized
image dataset, we, similar to TAC [32], set C = N/600
for datasets with an average cluster size larger than 600 and
C = 3K otherwise. We fix 7 = 1/0.08, x = 0.006 and
3 = 5 for all datasets. In most cases, we train the classifier
h by the Adam [24] optimizer for 30 epochs with learning
rate as 1le — 3 and batch size as 2048. The only exception
is that on UCF-101 and ImageNet-1K, where, the classifier
h is trained for 100 epochs with batch size as 8192. All
experiments are conducted on a single Nvidia A100 GPU.
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Table 1. Clustering performance (%) on five widely used image clustering datasets. The best results are highlighted in bold.

Dataset | STL-10 | CIFAR-10 | CIFAR-20 |  ImageNet-10 | ImageNet-Dogs
Metrics | NMI ACC ARI | NMI ACC ARI | NMI ACC ARI | NMI ACC ARI | NMI ACC ARI
CLIP (zero-shot) ‘ 939 97.1 93.7 ‘ 80.7 90.0 79.3 ‘ 553 583 398 958 976 949 ‘ 735 728 582
JULE (CVPR16) [63] 182 277 164 | 192 272 13.8 | 10.3 13.7 3.3 175 30.0 138 54 13.8 2.8
DEC (ICMLI16) [61] 276 359 18.6 | 2577 30.1 16.1 | 13.6 185 5.0 282 381 203 | 122 195 7.9
DAC (ICCV17) [3] 36.6 47.0 257 | 396 522 306 | 185 238 8.8 394 527 302 | 219 275 11.1
DCCM (ICCV19) [59] 376 482 262 | 496 623 408 | 28,5 327 173 | 60.8 71.0 555 | 32.1 383 182
IIC (ICCV19) [20] 496 596 39.7 | 51.3 61.7 41.1 | 225 257 117 — — — — — —
PICA (CVPR20) [17] 61.1 713 531|591 696 512 | 31.0 337 17.1 | 802 87.0 76.1 | 352 353 20.1
CC (AAAI21) [29] 764 850 726 | 70.5 79.0 63.7 | 43.1 429 266 | 859 893 822 | 445 429 274
IDFD (ICLR20) [53] 643 756 575 | 71.1 815 663 | 426 425 264 | 898 954 90.1 | 546 59.1 41.3
SCAN (ECCV20) [56] 69.8 809 646 | 79.7 883 772 | 48.6 50.7 333 — — — 612 593 457
MiCE (ICLR20) [54] 635 752 575 | 737 835 698 | 43.6 440 28.0 — — — 423 439 28.6
GCC (ICCV21) [70] 684 788 63.1 | 764 856 728 | 472 472 305 | 842 90.1 822 | 49.0 526 362
NNM (CVPR21) [10] 663 768 59.6 | 73.7 837 694 | 48.0 459 302 — — — 604 58.6 449
CRLC (ICCV21) [12] 729 818 628 | 679 799 634 | 41.6 425 263 | 83.1 854 759 | 484 46.1 59.7
TCC (NeurIPS21) [51] 732 814 689 | 790 906 733 | 479 49.1 312 | 848 89.7 825 | 554 595 41.7
TCL (ICV22) [31] 799 868 757 | 81.9 887 780 | 529 5311 357 | 875 895 837 | 623 644 51.6
SPICE (TIP22) [41] 81.7 908 81.2 | 734 838 705 | 448 468 294 | 828 92.1 836 | 572 646 479
SeCu (ICCV23) [48] 70.7 814 657 | 79.9 885 782 | 51.6 51.6 36.0 — — — — — —
DivClust (CVPR23) [37] — — — 710 815 675 | 440 437 283 | 8.0 900 819 | 51.6 529 376
RPSC (AAAI24) [35] 83.8 92.0 834 | 754 857 73.1 | 47.6 51.8 34.1 | 83.0 927 858 | 552 64.0 465
CLIP (k-means) 91.7 943 89.1 | 703 742 61.6| 499 455 283 | 969 982 96.1 | 39.8 381 20.1
SIC (AAAI23) [1] 953 98.1 959 | 84.7 926 844 | 593 583 439 | 970 982 96.1 | 69.0 69.7 558
TAC (ICML24) [32] 923 945 89.5 | 80.8 90.1 798 | 60.7 558 427 | 975 98.6 97.0 | 751 751 63.6
GradNorm (ours) 956 983 96.2 | 82.6 91.1 815 | 613 60.6 43.6 98.7 994 987 | 81.0 812 709

Table 2. Clustering performance (%) on three challenging image clustering datasets. The best results are highlighted in bold.

Dataset | DTD | UCF-101 | ImageNet-1K | Average

Metrics | NMI ACC ARI | NMI ACC ARI | NMI ACC ARI | NMI ACC ARI
CLIP (zero-shot) | 565 431 269 | 799 634 502 | 81.0 636 454 | 725 567 408
SCAN (ECCV20) [56] | 59.4 464 317 | 797 61.1 53.1 | 747 447 324 | 713 507 39.1
CLIP (k-means) 573 426 274 | 795 582 476 | 723 389 271 | 697 46.6 34.0
SIC (AAAI23) [1] 59.6 459 305 | 81.0 619 536 | 772 470 343 | 726 516 395
TAC (ICML24) [32] 60.1 459 29.0 | 81.6 613 524 | 778 489 364 | 732 520 393
GradNorm (ours) 63.1 509 342 | 829 627 532|792 526 391 | 749 554 417

5.1.3. Evaluation Metrics

We measure clustering performance by three popular met-
rics, including Accuracy (ACC), Normalized Mutual Infor-
mation (NMI) and Adjusted Rand Index (ARI).

5.2. Main results

5.2.1. Performance on Classical Datasets

We evaluate our proposed GradNorm on five widely-used
image clustering datasets, compared with 21 deep cluster-
ing baselines. Significantly different from early baselines
adopt either ResNet-34 or ResNet-18 as the backbone, this
paper mainly focuses on comparisons with zero-shot CLIP
and CLIP-based methods. As shown in Table 1, GradNorm
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consistently outperforms the mostly rececnt TAC [1] on 5
classic datasets. In particular, GradNorm achieves a no-
table 7.3% and 6.1% improvement in ARI and ACC on
ImageNet-Dogs respectively, which eposes its theoretical
superiority in Section 4. While SIC [32] slightly outper-
forms GradNorm on the CIFAR-10 dataset, it is worth men-
tioning that SIC [32] requires more trainable parameters and
a more sophisticated training strategy.

5.2.2. Performance on Challenging Datasets

Considering that the rapid development of network pre-
training has made clustering on relatively simple datasets
such as STL-10 and CIFAR-10 longer challenging, we eval-
uvate GradNorm on three challenging datasets with larger
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Figure 2. Clustering peformance on five image clustering datasets, where CLIP-B/16 is used as encoder.

cluster numbers. Table 2 depicts the results on three chal-
lenge datasets, where our method still achieves the best
performance. To be specific, our GradNorm outperforms
TAC [32] over 5.0% ACC and 5.2% ARI on DTD. Besides,
our method also outperforms supervised zero-shot CLIP,
which highlights the effectiveness of our approach in ap-
plying CLIP for clustering tasks.

5.3. Visualizations

To provide an intuitive understanding of our empirical su-
periority in clustering, we present t-SNE [55] visualiza-
tion on various features obtained by our GradNorm. Com-
pared with the pre-trained CLIP image features in Figure 5a
that suffers from remarkable overlapping among image fea-
tures of different classes, the constructed text counterpart
in Figure 5b exhibit better separation among clusters. Fi-
nally, Figure 5b implies that simply concatenating images

and text counterparts could better collaborate the image and
text modalities, achieving the best trade-off between within-
clustering compactness and between-cluster separation.

5.4. Ablation Study
5.4.1. Ablation on Hyper-parameters

We evaluate the hyper-parameters most essential to the al-
gorithmic design of our GradNorm. To assess the impact of
the temperature hyper-parameter « in Eq. (9), we vary the
value of x from 0.002 to 0.02. The resulting clustering per-
formance on UTD and CIFAR-20 is reported in Figure 4a
and Figure 4b respectively. To assess the impact of the tem-
perature hyper-parameter 7 in Eq. (4) and Eq. (6), we vary
the value of 7 from 5 to 100. The resulting clustering perfor-
mance on UTD and CIFAR-20 is reported in Figure 5a and
Figure 5b respectively. As illustrated in Figure 6a and Fig-
ure 6b, the clustering performance of GradNorm exhibits
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20 datasets, respectively.

an initial improvement as /3 increases, followed by either
reaching a stable level or degrading slightly when f is too
high. We suspect that incorporating excessive nouns can in-
troduce unrelated semantics, which has an adverse effect on
the clustering process.

5.4.2. Ablation on Visual Encoder

In principle, our GradNorm is generic to the choice of visual
encoder. We evaluate GradNorm with different visual en-
coder architectures, including ViT-B/16 and ViT-L/14, and
report the corresponding clustering results in Figure 2 and
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Figure 6. Analysis of clustering performance by varying 3, the
number of selected positive semantics, on (a) UTD and (b) CIFAR-
20 datasets, respectively.

Figure 3. On the one hand, the clustering performance can
be enhanced by more powerful visual encoders. On the
other hand, GradNorm consistently outperforms TAC re-
gardless of the backbone architecture used, which implies
the better generalization of GradNorm over TAC.

6. Conclusion

In this paper, we propose a novel gradient-based framework
GradNorm that exploits the unlabeled in-the-wild textual
data for LalC Theoretically, GradNorm answers the ques-
tion of how does unlabeled wild data help LalC by analyz-
ing the separability of truly positive semantics in the wild.
Empirically, GradNorm achieves strong performance com-
pared to competitive baselines on various datasets, which
echoes our theoretical insights. Besides, extensive ablations
provide further understandings of our GradNorm.
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