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ABSTRACT

Object recognition is the task of identifying the category of an object in an image.
While current models report excellent performance on existing benchmarks, most
fall short of the task accomplished by the human perceptual system. For instance,
traditional classifiers (e.g those trained on ImageNet) only learn to map an image
to a predefined class index, without revealing the actual semantic meaning of the
object in the image. Meanwhile, vision-language models like CLIP are able to as-
sign semantic class names to unseen objects in a ‘zero-shot’ manner, though they
are once again provided a predefined set of candidate names at test-time. In this
paper, we reconsider the recognition problem and bring it closer to a practical set-
ting. Specifically, given only a large (essentially unconstrained) taxonomy of cat-
egories as prior information, we task a vision-language model with assigning class
names to all images in a dataset. We first use non-parametric methods to estab-
lish relationships between images, which allow the model to automatically narrow
down the set of possible candidate names. We then propose iteratively clustering
the data and voting on class names within clusters, showing that this enables a
roughly 50% improvement over the baseline on ImageNet. We demonstrate the
efficacy of our method in a number of settings: using different taxonomies as the
semantic search space; in unsupervised and partially supervised settings; as well
as with coarse-grained and fine-grained evaluation datasets.

1 INTRODUCTION

Image recognition has emerged as a fundamental task for demonstrating progress in computer vision
and machine learning (He et al. 2016} [Simonyan & Zisserman, [2015} |Caron et al., [2020; 2021}
Radford et al 2021). However, in this work, we propose that current image recognition settings
fall short of the task accomplished by human visual systems. Specifically, given a set of images,
humans are able to directly map them to semantic object names — e.g., ‘that is a bird’, ‘that is
a fish’, ‘that is a lion’ if one were visiting a zoo. In a ‘zero-shot’ fashion, a human can leverage
relations between images to narrow down a large list of possible nouns to a small yet precise set of
semantic labels. This is the problem we tackle in this paper: given a collection of images and a large
(essentially ‘open’) vocabulary, assigning class names to each image. We term this task Semantic
Category Discovery, or SCD.

In contrast, consider the conventional image recognition task, which involves mapping a set of im-
ages to a static set of class indices (Russakovsky et al., 2015; |[Krizhevsky & Hintonl 2009), where
these indices represent a predefined set of class names. The limitation here is the finite set of class-
labels provided to the model as prior information for the recognition task. On the flip side, recent
vision-language models trained on internet scale data are endowed with ‘open’ vocabularies (Rad-
ford et al.||2021; J1a et al., 2021a)). These models have the ability to map images into a representation
space where they can be directly compared with semantic labels. However, again, during evaluation,
the models are always given a limited set of nouns from which to select the best match for an image.

Our solution is to this is to provide a vision-language model with a large, ‘open’ vocabulary of pos-
sible concepts (e.g WordNet with 68k nouns), and use relations between images to find the most
relevant set of concepts for the task. Specifically, we propose a solution based on non-parametric
clustering and iterative refinement. We first cluster the images using off-the-shelf non-parametric
clustering methods on top of self-supervised features, before employing a vision-language model to
infer an initial set of candidates names from the open vocabulary. Using a voting strategy within
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Figure 1: An illustration of how our proposed tasks extends existing image recognition settings.
Left: A model is trained to predict class indices for a pre-defined set of categories (e.g., supervised
recognition, unsupervised clustering, category discovery etc.) Middle: A vision-language model
is given a pre-defined set of class names to recognize images in a ‘zero-shot’ manner. Right: Our
proposed setting, a model must predict an image’s class name given only a large, unconstrained
vocabulary. Note that the leftmost setting (blue model) uses only a visual representation, while the
middle and right settings (orange models) use vision-language representations.

clusters to narrow down the initial set of candidate names, followed by an iterative refinement pro-
cess, we can build a zero-shot classifier which can reliably predict the class names of images.

We evaluate our solution in a number of experimental settings. We control for: the initial choice of
vocabulary, using the generic WordNet vocabulary as well as a task-specific vocabulary of 10k bird
species; and also dataset granularity, including a large-scale ImageNet experiment (Russakovsky
et al. 2015) as well as a fine-grained CUB evaluation (Wah et al., [2011a). We further conduct
experiments when only images are available (the unsupervised setting) as well as when we have
labels for a subset of the images (partially supervised (Vaze et all [2022a))). For the latter, we
further introduce a constrained semi-supervised clustering algorithm based on a Minimum Cost
Flow (MCF) optimization problem (Bradley et al.l 2000). In all cases, we find that our method
substantially improves performance over baselines (e.g 50% relative improvement on ImageNet). In
fact, surprisingly, we find that our method not only allows models to name the images, but in many
cases improves clustering performance over prior state-of-the-art.

In summary, we make the following contributions: (1) We propose a visual recognition task which is
closely aligned to that tackled by humans, which involves assigning semantic label names to a col-
lection of images, and which addresses limitations in current tasks; (2) We propose novel solutions
to this task using non-parametric clustering and iterative refinement with pre-trained vision-language
models; (3) In a range of evaluation settings, we find that our method achieves substantial improve-
ment of existing baselines and prior state-of-the-art. The task we tackle, and its distinctions with
prior problems, is illustrated in fig. [T}

2 RELATED WORK

Our work concerns assigning semantic label names to a collection of unlabelled images. Here, we
review the two most closely related fields to this task: clustering/category discovery, which aims
to group sets of semantically related images together; and semantic representation learning, which
concerns joint learning of visual and semantic (text) representations.

Clustering and category discovery Unsupervised clustering is a canonical problem in machine
learning, where the aim is to find natural groupings of data without any labels (Aggarwal & Reddy,
2013;|Van Gansbeke et al.;,[2020; MacQueen, |1967; |Lloydl, |1982;|Yang et al., 2017). With the advent
of deep learning, many works have tackled the problem of simultaneously learning an embedding
space and clustering data (Ji et al., 2019; |Caron et al., |2018; Ronen et al.,[2022). For instance, In-
variant Information Clustering, IIC (Ji et al.,2019)), seeks to learn a representation which maximizes
the mutual information between class assignments of two augmentations of the same image, while
DeepCluster (Caron et al 2018)) iteratively performs k-means (MacQueen) 1967} Lloyd, |1982)
and gradient descent, where the cluster assignments are used as pseudo-labels for learning. Recent
work has shown that, on top of well-trained features, the classic k-means algorithm can perform
comparably to more sophisticated methods (Ronen et al., 2022).
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Meanwhile, a rich vein of research considers ‘category discovery’, where labelled data is leveraged
to discover and group images from new categories in unlabelled data. Novel Category Discovery
(NCD) considers the setting in which the categories in the labelled and unlabelled data are disjoint
(Han et al.| [2019; Zhao & Han, [2021; Han et al.| [2020; [2021}; Jia et al.l 2021b). DTC (Han et al.}
2019) approaches this problem by first learning an embedding from the labelled data and using the
representation to cluster unlabelled data, while (Fini et al.| [2021)) proposes a SWaV-like (Caron
et al., |2020) clustering approach to partition the unlabelled data. Very recently, NCD has been
extended to a more generalized setting as ‘Generalized Category Discovery’ (GCD) (Vaze et al.
2022a)) and concurrently as ‘Open-World Semi-supervised Learning’ (Cao et al., 2022), wherein
unlabelled data can include instances from both labelled and new categories.

All methods and tasks described here involve only grouping similar images together or, equivalently,
predicting a cluster index for each image. In contrast, we extend these works by directly predict-
ing an interpretable, semantic class name, which we suggest results in a more useful and practical
perception system.

Semantic representation learning Most image recognition models are trained on fully annotated
data with a predefined set of class indices (Krizhevsky et al.| 2012;|Simonyan & Zisserman), [2015;He
et al.,|2016). Here, semantics are only recovered by mapping indices to names, which is limited by
the set of mappings defined a-priori. Meanwhile, multi-modal settings with vision-language models
involve the learning of an embedding space where images and semantic text are represented jointly
(Frome et al., 2013; Karpathy & Fei-Fei, 2015} [Faghri et al.| 2018}, Desai & Johnson, 2021; |Chen
et al., 2021} |Radford et al.l [2021} Jia et al., [2021a)). Notably, contrastive learning with image-text
pairs on internet-scale data (e.g., CLIP (Radford et al.,|2021) and ALIGN (Jia et al.,|2021a))) results
in a robust representation which embeds an ‘open’ vocabulary of semantic concepts. LiT (Zhai et al.}
2022) also introduced a more data efficient image-text embedding approach by freezing a pre-trained
image encoder and tuning only the text embedding. These large-scale models have been applied to
a range of downstream tasks such as image captioning (Lu et al.,[2019), VQA (Goyal et al., 2017,
visual commonsense reasoning (Zellers et al.,|2019), etc. They further show encouraging zero-shot
transfer performance, where the models are repurposed for image recognition without any labelled
data in the target domain. In this case, at test-time, the models are given a finite set of candidate
class names from which to select the best match for a given image.

In this work, instead of tasking the vision-language models to match images with a pre-defined set
of ground-truth names or text descriptions, we leverage such models to facilitate automatic semantic
category discovery using only a large, unconstrained vocabulary.

3 SEMANTIC CATEGORY DISCOVERY

In this paper, we consider the problem of Semantic Category Discovery. Given a collection of
images, the objective is to automatically assign a class name to each image, with only a large (‘open’)
vocabulary as prior information. In general, we assume datasets with K distinct semantic categories,
and the aim is to find the optimal set of K category names and assign each image to one of them.

In this section, we first describe our baseline for this task in sec. @ before describing our solutions
to SCD in two settings: a fully unsupervised setting where we are have no labelled data (sec. [3.2);
and a partially supervised setting, similar to Generalized Category Discovery (Vaze et al., [2022a)),
where we have some labelled data (though not from all categories, sec. [3.3).

3.1 BASELINE: ZERO-SHOT TRANSFER

Recent large-scale vision-language (VL) models, such as CLIP (Radford et al., 2021) and
ALIGN (Jia et al., 2021a), have demonstrated the ability to match images with arbitrary textual
(semantic) inputs by modelling in a joint embedding space. These models are pre-trained with weak
supervision on large-scale image-text pairs. In current evaluation settings, models are fed a finite set
of K possible nouns and tasked with selecting the best match for a given image. For instance, when
evaluating on ImageNet, VL models are given the class names corresponding to the K = 1000 cat-
egories in the standard ILSVRC dataset, and the models are expected to select one out of the 1000
predefined true names describing all classes of ImageNet. We argue that this is unrealistic prior
knowledge to obtain for many real-world tasks, and that humans are able to narrow down a large,
open vocabulary to assign semantic class names.
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Our baseline for SCD respects this intuition. Specifically, instead of giving the VL. model K possible
names for an image, we give it all nouns from a large dictionary, of size N > K, which is a proxy
for all possible nouns. This baseline is termed zero-shot transfer in this work. Unsurprisingly, if
we relax the semantic space from the true set of categories to a universal space, we find the model’s
performance degrades substantially. The goal in this work can be seen as finding a way to narrow
the large dictionary of size IV to the ground truth set of K class names automatically.

3.2 UNSUPERVISED SETTING

We first consider the situation where we only have unlabelled images. Different from conventional
clustering, we wish to recognize the images by their semantic names rather than simply a cluster
index. Specifically, we consider a collection of unlabelled images Dy = {(xi,y:)}, € X x Vy,
where y; € Vi = {1,..., K} are the ground truth class indices associated with a unique noun.

Our solution here leverages a pre-trained VL model (e.g., CLIP (Radford et al.l 2021)) and non-
parametric clustering. In a nutshell, we propose to first cluster images in an embedding space, before
using the VL model to bridge the gap between cluster assignment and object semantics. Next, given
an initial guess of the set of semantic category names, we perform iterative refinement to improve
the predictions.

3.2.1 INITIAL CLUSTERING

Image recognition with standard VL models is a form of parametric classification. Specifically, the
embeddings of the candidate semantic names through a text encoder form a (parametric) linear clas-
sifier on top of visual features. In contrast, we propose to also leverage a non-parametric recognition
signal through the form of clustering. (Ronen et al., 2022) shows that clustering of features is a
good replacement for parametric classification in the case when we have limited labelled data; in
our case, the clustering allows us to establish relationships between data points which the VL model
would otherwise be blind to. In detail, given a feature extractor fy, we extract a feature vector z; as
z; = fo(x;) for each image x; in D;,. We then run the standard k-means algorithm to partition the
data into K clusters.

Next, we use the cluster assignments to narrow down a large, open dictionary to an initial estimate of
the set of K class names by voting on class names within a cluster. In particular, provided with the
cluster assignment y, for each x;, we collect instances in a cluster with index c as D, = {x; | y} =
¢,x; € Dy}. Let f2 and f! be the pre-trained visual and text encoders of a large VL model. We
extract visual features Z{, = {z! = f5(x;) | x; € D.}, and text embeddings for all nouns in the
large dictionary A" as S7 = {s! = f!(n;) | n; € N'}. For each z! in cluster c, a predicted semantic
name s,(;) can be obtained by querying the nearest neighbour (NN) in St:

a(i) = argmax {z] - s} | s} € St}. (1)
J

After obtaining predicted the semantic name embedding vector s, ;) for each image ¢ in cluster c,
all the unique text embeddings in {s ;) } forms a subset of S, denoted as S$. We simply choose

the most common semantic name in the cluster to give an initial set of candidate names S?“ as:

S?u :{Sczargmaxpc(sj) ‘Sj 68%70217-.- ’K}, (2)

Sj
where P, (a) counts the occurrences of the semantic vector a of a noun in cluster c.

3.2.2 SEMANTIC REFINEMENT

Having obtained an initial estimate of the set of K class names, we perform two refinement steps.
Firstly, we note that by enforcing one semantic name to represent each cluster in the initial clustering
step, any duplicated class names would necessarily give us a smaller set of candidate names than
those actually present in D;;. To remedy this problem, instead of measuring the frequency of only
the nearest semantic name in eq. (1)) for each instance in a cluster ¢, we instead track the frequency
of the m-NN. In this way, for each cluster c, there are m candidate semantic vectors. This allows us
to form a cost matrix of assigning a class name to a cluster, where the cost is equal to the proportion
of instances in that cluster assigned that class name. Next, we solve the linear assignment problem
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Figure 2: An illustration of our proposed method. Left: We first perform non-parametric clustering
on deep features to get initial cluster assignments. Middle (Step 1): For each cluster, we use a VL
model to assign a class names for each image from the entire open vocabulary. We select one class
name for each cluster based on the most common occurrence. Right (Step 2): using the voted class
names, we label each image as one of these, using these assignments to form new clusters. We then
iterate steps one and two. Note: Here we have not illustrated refinement with top-k voting (see

sec.@[).

between class names and clusters, using the Hungarian algorithm to assign one semantic vector to
each cluster without duplication.

At this point, by stacking all the semantic vectors in SDu we construct a d x K matrix forming a
parametric, zero-shot linear classifier ¢ : R — RX. By applying this classifier on the the visual
features as j' = arg max; ¢(z)[;], we compute semantic assignments and can also construct a new
clustering of the data, which is not necessarily the same as the initial clustering assignment achieved
with the non-parametric algorithm. This new clustering of the data allows us to iteratively update the
candidate semantic vectors and the cluster assignments until convergence while ensuring K unique
semantic class names are assigned.

Intuitively, our final iterative process can be considered as analogous to the classic k-means algo-
rithm. Clusters are iteratively created and updated based on an energy, though the energy in our
case is based on similarities of the visual features to a set of semantic text embeddings, rather than
similarities only between visual features (as in standard k-means).

3.3 PARTIALLY SUPERVISED SETTING

We also consider a partially supervised setting where, in addition to the collection of unlabelled
images Dy = {(x;,¥:) f\il € X x Yy, we also have access to some labelled images D, =
{(xi,y:) Y., € Xx Y, where Y C V. This setting has recently been formalized as ‘Generalized
Category Discovery’ (Vaze et al.,2022a)), which we now extend to require the prediction of semantic
names rather than simply class indices.

Here, one could simply apply the method from sec. [3.2] and ignore the labelled data. However,
we can also leverage the labelled data to help us better recognize the unlabelled images. Similarly
to sec. [3.2] we first obtain cluster indices through a non-parametric clustering algorithm, followed
by narrowing down the candidate semantic names from the universal semantic space to a set of
elements with the same or more semantic names than the actual class number. However, differently
to sec.[3.2] we constrain the clustering stage using the labelled set.

3.3.1 CONSTRAINING K-MEANS

With D = D, U Dy, we adopt a semi-supervised k-means algorithm (SS-k-means) (Han et al.|
2019;|Vaze et al.||2022a) to obtain the cluster indices for each image. SS-k-means extends k-means
to cluster partially labelled data D by enforcing labelled instances (in D/ ) of the same class to fall
into the same cluster. Though it performs well in the GCD setting, we find that SS-k-means often
produces clusters that contain very few instances. This is the result of the supervision, as we find
that the forced assignment on the labelled set results in a few ‘attractor’ clusters which are bloated in
size. Here, we improve SS-k-means by introducing a loose cluster size constraint. Specifically, we
constrain the minimum size of the clusters during the SS-k-means clustering. Drawing inspiration
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from (Bradley et al.} 2000), we formulate the cluster assignment step of SS-k-means as a Minimum
Cost Flow (MCF) linear optimisation problem. We call the resulting algorithm constrained SS-k-
means (CSS-k-means). After running CSS-k-means on D, we obtain initial cluster assignments
y; for each x; in the unlabelled data Dy,. The refinement process remains largely the same as in
sec. However, the search space for the vision language model is reduced, as we know that
categories in D, must be present.

4 EXPERIMENTS

4.1 VOCABULARIES AND DATASETS

Recall that our aim is to take a collection of images and, using a VL model, assign a semantic
class name to every image, given only a large vocabulary as prior information. As such, a key
component in our pipeline is the choice of vocabulary. In this work, we consider nouns from the
generic WordNet taxonomy, which contains 68k concepts and can be considered to contain most
objects a human might typically encounter. We further test a domain-specific vocabulary for naming
bird-species, for which we scrape 11k bird names from Wikipedia.

For evaluation data, we first demonstrate results on ImageNet (Russakovsky et al [2015)), where
each class name is a node in the WordNet hierarchy. For comparison with GCD models (Vaze
et al., |2022a), we demonstrate results on ImageNet-100, a 100 class subset of the standard ILSVRC
benchmark (Russakovsky et al., 2015). We also show results on the full dataset in table E} Fur-
thermore, we show results on Stanford Dogs (Khosla et al.L|2011), a fine-grained dataset of 120 dog
breeds, whose classes also come from the WordNet hierarchy. Finally, for an evaluation with the
bird species vocabulary, we experiment with CUB (Wah et al.| 2011a)). In the partially supervised
setting, we use the data splits from GCD and refer to the original paper for details.

4.2 EVALUATION METRICS

The nature of the Semantic Category Discovery task can be captured by the metrics we choose for
evaluation. The primary aim of this work is assigning semantic names to a given image, rather than
a typical class index as in standard recognition. To this end, we first measure ‘Semantic Accuracy’
or ‘sACC’, which is analogous to standard classification accuracy. Specifically, given the ground
truth semantic name, s;, and the predicted name, 3;:

M
1
A = — E 1{s; = §;
sACC Mi:1 {si = &}, 3)

Secondly, we introduce a soft evaluation metric which accounts for the continuous nature of seman-
tic similarity. For instance, if a ‘mushroom’ is predicted as ‘fungus’, the prediction should not be
considered as completely wrong. It would be preferable to account for semantic similarity between
the ground-truth and predicted name during evaluation and, as such, we introduce the ‘soft Seman-
tic Accuracy (Soft-sACC) metric. We adopt the Leacock Chodorow Similarity (LCS) (Fellbaum,
1998)), which measures lexical semantic similarity by finding the shortest path in the WordNet graph
between two concepts, and scales that value by the maximum path length. The LCS between two
concepts ¢ and j is defined as:
p(i, j) )
2d 7’

;5 = —log( “)

where p(i, j) denotes the shortest path length between ¢ and j and d denotes the taxonomy depth.
We further re-scale the similarity score into the range [0, 1] by dividing with the maximum possible
score, with ‘0’ indicating no semantic similarity and ‘1’ indicating a perfect prediction. We eval-
uate the Soft-sACC on datasets for which the concepts are determined in the WordNet hierarchy:
ImageNet-100, Standord Dogs, and ImageNet-1K.

Finally, as in the existing recognition literature, we are also interesting in clustering performance,
or how often images from the same category are grouped together. A model could predict the wrong
name for every image but still achieve high ‘Clustering Accuracy’ (ACC), as long as images from
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the same category were predicted the same (incorrect) name. Clustering Accuracy is defined as:

M
1
Acc = — 3" 1y = plG0)}, 5
pe%%;(u)M; {vi = p(5)} 5)

where y; represent the ground truth label and ¢; the cluster assignment and P()),) denotes all
possible permutations of the class labels in the unlabelled data. Note that ‘sACC’ is generally a more
difficult metric than ‘ACC’, with random guessing performance being roughly 1/N (e.g., 1/68k for
WordNet), while random guessing for ‘ACC’ is roughly 1/K (e.g., 1/100 for ImageNet-100).

4.3 IMPLEMENTATION DETAILS

Models. For the visual feature extractor fy used for initial cluster assignment (sec.
and sec. [3.3.1) we could, in principle, use any feature extractor. For the unsupervised setting, we
use a self-supervised vision transformer (DINO ViT-B-16 weights (Dosovitskiy et al.| 2021} |Caron
et al., [2021))), while in the partially supervised setting we fine-tune the feature extractor with su-
pervised and self-supervised contrastive losses as in (Vaze et al.,2022a). For the vision-language
component (f2, f), we adopt the off-the-shelf pre-trained CLIP model with a ViT-B-16 backbone.

Compared methods. We can find no single existing method which can perform the Semantic Cat-
egory Discover task and, as such, we compare against a number of methods to benchmark different
aspects of our model. Firstly, we use the Zero-shot transfer (baseline) described in sec. [3.1} Next,
in the unsupervised setting, we employ k-means on top of DINO features as in (Vaze et al.,[2022a)
to compare clustering accuracy. It has been shown in (Ronen et al., [2022)) that k-means is compet-
itive with complex state-of-the-art methods when the underlying features are good. In the partially
supervised setting, we compare against GCD (Vaze et al.||2022a). We also provide an upper-bound
for performance as Zero-shot transfer (UB). Here, we evaluate performance if a zero-shot classifier
is evaluated on the unlabelled data using only the ground class names.

Finally, we report our results as Ours (Semantic Naming). In the partially supervised case, we also
report ACC after the initial non-parametric clustering step as Ours (CSS-KM) to demonstrate the
efficacy of our proposed constrained semi-supervised k-means algorithm.

Notes. In all cases, we assume knowledge of the ground-truth number of categories, k. Though this
is a limitation (see appendix [D), we highlight that the estimation of the true number of clusters in a
dataset is its own challenging research problem (Ronen et al.||[2022). As such, we treat the problem
of estimating the number of categories as orthogonal to our semantic naming question. We report
numbers with an off-the-shelf k-estimation technique from (Vaze et al.,[2022a)) in appendix

Finally, no existing method can be evaluated in all settings. Specifically, clustering based methods
cannot be evaluated for ‘sACC’. Also, we found it computationally infeasible to compute the ‘ACC’
for the zero-shot transfer baseline. The baseline predicts too many unique class names (usually over
10k) to reasonably compute the Hungarian assignment with the ground truth classes. In table [3]
when a method cannot be evaluated in a given setting, we fill the table entry with °-’.

4.4 MAIN RESULTS

We evaluate on ImageNet-100, Stanford Dogs and CUB in the unsupervised (table[I)) and partially
supervised (table [2) settings respectively, providing results for both semantic naming (left-hand
tables) and clustering performance (righ-hand). We first note that the SACC of the baseline is sur-
prisingly strong, given the random guessing performance of less that 0.1% in all cases. This speaks
to the strength of the underlying large-scale VL model. However, our method provides improve-
ments on this across the board. Specifically, our method roughly doubles sACC on ImageNet-100 in
both cases, and improves performance on CUB by roughly 50% in the partially supervised setting
for CUB. We note that gains are relatively modest for Stanford Dogs and in CUB’s unsupervised
evaluation. Next, we highlight a surprising finding that our method can usually also aid clustering
accuracy. That is, in addition to our method giving the model the ability to assign a semantic name
to an image, the resulting classifications can also be used to cluster images more reliably than prior
methods.

Finally, we demonstrate results in both the unsupervised and partially supervised settings on a large-
scale ImageNet evaluation in table [3] Particularly, in the partially supervised case, we are able to
substantially improve upon the baseline here, with a 13% boost in sACC.
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Table 1: Results in the unsupervised setting. We use DINO features for the initial clustering step
and report metrics for semantic accuracy (involving class naming, left) and clustering (right).

ImageNet-100 Stanford Dogs CUB ImageNet-100  Stanford Dogs CUB

SACC  Soft-sACC  sACC  Soft-sACC  sACC ACC ACC ‘ACC

Zero-shot transfer (UB) 85.0 92.0 60.4 832 54.1 Zero-shot transfer (UB) 85.1 60.8 55.8
Zero-shot transfer (baseline) 227 577 51.7 77.4 20.2 k-means (baseline) 73.2 472 34.4
Ours (Semantic Naming) 41.2 71.3 53.8 79.1 24.5 Ours (Semantic Naming) 78.2 579 46.5

Table 2: Results in the partially supervised setting. We use GCD features for the initial clustering
step and report metrics for semantic accuracy (involving class naming, left) and clustering (right).

ImageNet-100 Stanford Dogs CUB ImageNet-100  Stanford Dogs CUB
SACC  Soft-sSACC  sACC  Soft-sACC  sACC ACC ACC ACC
Zero-shot transfer (UB) 85.0 92,0 60.4 832 54, | | Zerosshottransfer (UE) B (kS SERS
N B GCD|Vaze et al. (2022a] (baseline) 74.1 60.8 54.0

Zero-shot transfer (baseline) 227 577 51.7 77.4 20.2
Ours (CSS-k-means) 78.7 62.1 529
Ours (Semantic Naming) 54.8 715 53.7 79.6 28.2 Ours (Semantic Naming) 83.0 56.6 46.8

Table 3: Results on the ImageNet-1k test set. We evaluate on the standard ILSVRC Russakovsky
et al.| (2015) benchmark in both unsupervised and partially supervised settings. We use DINO fea-
tures to provide initial cluster assignments in this case.

Unsupervised Partially Supervised
SACC  Soft-sACC  ACC sACC  Soft-sACC  ACC
Zero-shot transfer (UB) 63.4 81.3 64.1 63.4 81.3 64.1
k-means - - 50.2 - - 50.2
Zero-shot transfer (baseline) 24.3 57.5 - 24.3 57.5 -
Ours (Semantic Naming) 31.1 63.5 55.5 37.7 66.7 54.9

4.5 ANALYSIS

Here we investigate the various design choices in our solution to SCD. In table[d] we investigate both
the choice of features for the initial clustering step, as well as the effects of different components of
our semantic naming method, under the unsupervised setting.

Particularly, we gradually add our initial voting step, the iterative refinement, and the linear assign-
ment, as introduced in sec. and sec. on top of the k-means non-parametric clustering.
We experiment on the generic classification dataset ImageNet-100 and also the fine-grained Stanford
Dogs dataset. We experiment with both CLIP (Radford et al.,|2021) and DINO (Caron et al., [2021)
features for the initial £-means clustering.

As can be seen, each component of the semantic naming process improves SACC and ACC. The
trend holds for different datasets and different features used for the initial clustering. Furthermore,
DINO features provide a better starting point than CLIP in this setting. This is likely a result that
DINO features form strong nearest-neighbour classifiers (Caron et al., 2021). Our full method
gives an SACC of 41.2% on ImageNet-100 and 53.8% on Stanford Dogs using DINO based initial
clustering. We also note the boost our methods can give in clustering accuracy on ImageNet-100
over k-means clustering with DINO features. This is surprising as, despite not being designed for
this purpose, our semantic naming method is able to group similar images together more effectively
than the strong DINO baseline. We also investigated the effects of using different initial clustering
algorithms, and the results can be found at appendix |B} We find our constrained semi-supervised
k-means consistently leads to the best semantic naming results.

Table 4: Effectiveness of different components of our semantic naming method. Experiments
under the unsupervised setting with CLIP and DINO features.

CLIP DINO
Datasets ImageNet-100  Stanford Dogs ImageNet-100  Stanford Dogs
SACC  ACC sACC ACC SsACC ACC sACC ACC
k-means - 62.3 - 26.9 - 73.2 - 472
+ Initial Voting Step  35.6  70.8  41.8 47.0 407 775 453 50.1
+ Iteration 364 709 442 491 409 780 483 52.1

+ Linear assignment  37.1 71.3 50.3 55.2 41.2 78.2 53.8 57.9

In addition, we show qualitative results of our method in fig. [3] on unlabelled images in ImageNet-
100. We report correct, partially correct, and incorrect cases for our method, where the we use the
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e

L: minibus L: matchstick L: hen_of_the_woods L: kimono
P: minibus P: matchstick P: hen_of_the_woods P: kimono
S: 1.0 S: 1.0 S:1.0 S:1.0

= S

L: brabanc‘o‘nfgriﬁon L: arctic_fox L: ashcan L: white_wolf L: cardigan
P: saint_bernard P: keeshond P: litterbin P: arctic_fox P: shetland_sheepdog
S: 0.5575 S: 0.5074 S: 0.6979 S: 0.5575 S: 0.5074

- =
L: screw L: wok L: digital_watch L: fur_coat L: gondola
P: goldfish P: soap_bubble P: green_snake P: anglican_church P: baby_doctor
S:0.1764 S:0.1630 S: 0.1905 S:0.1905 S:0.1905

Figure 3: Qualitative results on unlabelled instances from unknown classes. Top row: correct
predictions; Middle row: partially correct predictions; Bottom row: incorrect predictions. P: predic-
tion; L: label; S: Soft semantic similarity score.

soft semantic similarity score (see sec.[.2)) to bin examples. For the partially correct predictions
(middle row), we can see that the predictions are actually highly semantically relevant to the ground-
truth names. The errors can be partially attributed to the pose (e.g., ‘brabancon griffon’ vs ‘saint
bernard’), occlusion (e.g., ‘cardigan’), and background clutter (e.g., ‘arctic fox’) in the content.
For the incorrect predictions (bottom row), we can see that the predictions are mostly semantically
relevant to the content. Incorrect predictions can also be caused by spurious objects appearing in the
image. For example, in the ‘screw’ vs ‘goldfish’ image, a goldfish-shaped object actually occupies
a higher region of the image than the screw, leading to an incorrect prediction.

When multiple dominant objects appear in the images, the model may get confused on which one to
predict. For example, in the ‘fur coat’ vs ‘anglican church’ image, both items appear in the image but
the latter occupies a larger region. Similar for the ‘bondola’ vs ‘baby doctor’ image. In these cases,
multi-label evaluations of ImageNet may also be beneficial (Ridnik et al 2021). Through these
qualitative results, we can see that our method can produce reasonably good results which reflect the
true semantics of the images, with failures generally occurring for understandable reasons.

5 CONCLUSIONS

In this work we have proposed and tackled the task of Semantic Category Discovery (SCD), where
a model must predict the semantic category name of an image given only a large, open dictionary
as prior information. This extends standard image recognition settings which only require mapping
images to a pre-defined set of class indices. It also extends zero-shot evaluations of large-scale
vision-language models, which assume a finite set of candidate class names will be given at test-time.
We propose a solution based on parametric clustering followed by iterative semantic refinement,
and show that this method substantially outperforms existing baselines for SCD on coarse and fine-
grained datasets, including a full ImageNet evaluation.
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A RESULTS WHEN ESTIMATING THE NUMBER OF CATEGORIES (K)

We use the method proposed in (Vaze et al.,[2022a)) to estimate the number of categories in the unla-
beled data, and we get 109 classes for ImageNet-100, 114 classes for Stanford Dogs and 231 classes
for CUB, respectively. We find a reduction in peformance on a number of datasets, including on
Stanford Dogs. However, on some datasets, we surprisingly find improved performance, which we
attribute to a quirk of the specific interaction of the initial clustering and semantic naming process.
Note that, overall, our method still substantially outperforms baselines and prior art.

Table 5] shows the results in the partially supervised setting.

Table 5: Results in the partially supervised setting with estimated class numbers. We use GCD
features for the initial clustering step and report metrics for semantic accuracy (involving class nam-
ing, left) and clustering (right).

ImageNet-100 Stanford Dogs CUB ImageNet-100  Stanford Dogs ~ CUB
SACC  Soft-sSACC  SACC  Soft-sACC  sACC ACC ACC ACC
Zero-shot transfer (UB) 85.0 92,0 604 832 54,1 | | Zero-shot transfer (U) 851 608 558
GCD (Va al.;2022a] (baseli 74.1 60.8 54.0

Zero-shot transfer (baseline) 22.7 57.7 51.7 77.4 20.2 (s 2] (baseline)
Ours (CSS-k-means) 75.49 60.9 522
Ours (Semantic Naming) 54.5 75.4 49.7 78.1 29.8 Ours (Semantic Naming) 79.1 54.8 49.71

A.1 EVALUATION ON THE PREDICTED SEMANTIC NAMES

One perspective of the Semantic Category Discovery task is narrowing an unconstrained dictionary
of N possible names to the optimal set of K categories for a given dataset (see sec. 3.1). As such,
a further possible metric is the overlap between the set of discovered class names and the ground
truth set of semantic labels. We evaluate the intersection over union (IoU) between the two sets and
report results in table [6§| We see that the reported IoUs are reasonably correlated with the SACC
performance, substantiating our assumption that discovering the true set of class names is a key
challenge in unconstrained semantic labelling.

Table 6: Evaluation on the predicted semantic names. We measure the IoU between the ground-
truth names and the predicted names for each dataset under both unsupervised and partially super-
vised settings.

Unsupervised  Partially supervised

ImageNet-100 0.290 0.575
ImageNet-1K 0.273 0.517
Standord Dogs 0.589 0.752
CUB 0.343 0.481

B EFFECTS OF DIFFERENT INITIAL CLUSTERING ALGORITHMS

In table[7] we investigate the effects of using different non-parametric clustering algorithms, includ-
ing k-means, semi-supervised k-means (SS-KM), and our constrained semi-supervised k-means
(CSS-KM), on both CLIP and GCD features under the partially supervised setting, where the latter
two clustering algorithms appears to be more demanding. Our semantic naming method can con-
sistently improve the ACC, regardless of the non-parametric clustering algorithms nor the features
used for initial clustering. Among these three different choices of algorithms, our CSS-KM gives the
best semantic naming performance. Interestingly, we observe that the overall initial ACC of CSS-
KM is not as good as SS-KM, but using our CSS-KM to provide initial clustering gives better ACC
after semantic naming, validating the effectiveness of the size contstraint we introduced in CSS-KM
for the name voting. As the GCD feature extractor is trained jointly using supervised contrastive
learning on the unlabelled data and self-supervised contrastive learning on all data for better visual
representation, the initial clustering results on GCD features are better and we obtain a better se-
mantic naming result with GCD features. As a stronger training signal is used for the ‘Old’ classes,
the ACC of k-means, SS-KM and CSS-KM are very high. Note the semantic naming is based on the
CLIP feature, which is not biased to the labelled data, thus our semantic naming gives the best ‘All’
and ‘New’ classes and the gap between ‘Old’ and ‘New’ is much smaller than the initial clustering
based on the GCD feature.

13
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Table 7: Effects of different initial clustering algorithms. Experiments under the partially super-
vised setting with CLIP and GCD features.

CLIP GCD
Classes All  Old New All Old New
k-means 623 572 648 782 89.0 72.8
k-means + Semantic Naming  71.3 64.6 747 809 85.1 789
SS-KM 68.1 741 650 732 878 658
SS-KM + Semantic Naming 712 80.7 664 740 819 70.0
CSS-KM 656 742 613 787 929 715

CSS-KM + Semantic Naming  79.9 83.7 78.0 83.0 849 821

" 4500 Ground Truth 4500 Ground Truth 4500 Ground Truth
N — - — -K-| — - K-
9 3000 K-Means 3000 SS-K-Means 3000 CSS-K-Means
]
351500 /__/’—-/ 1500 1500
o —J

0 0 0

0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
Sorted Cluster Index Sorted Cluster Index Sorted Cluster Index

Figure 4: Sorted cluster sizes obtained by different initial clustering algorithms. Results are
reported on ImageNet-100 dataset with DINO features.

C CLUSTER SIZE COMPARISON

Here, we compare the cluster sizes under the partially supervised setting with different clustering
methods, in order to illustrate the benefits of our constrained algorithm (sec. 3.3.1). As can be seen,
both k-means and SS-k-means can have clusters with very few instances (which is more severe
in SS-k-means), making the voting from these few-instance clusters less reliable. In contrast, our
improved CSS-k-means can give cluster sizes that are better aligned with the ground truth, thus
benefiting the subsequent semantic voting process. Note that in the partially supervised settings,
rough cluster sizes can be estimated from the labelled data (and used to guide the CSS-k-means
process).

D LIMITATIONS AND ETHICAL CONSIDERATIONS

In this work we have tackled the task of assigning semantic names to images by automatically
narrowing down an unconstrained vocabulary with a pre-trained vision language model. Here, we
highlight a number of considerations when deploying such a method, in addition to the assumption
of the number of ground truth classes (mentioned in the main paper).

Firstly, we note that though our method outperforms existing baselines for this task, its absolute
accuracy (both ACC and sACC) is quite low in absolute terms; for instance we achieve roughly
30% sACC on the unsupervised ImageNet setting. This suggests that, even with internet-scale pre-
training, current perception systems are not suitable for unconstrained deployment in the real-world.
However, we hope that by highlighting this poor performance in the unconstrained setting, we can
draw attention to an important research direction for the community.

Next, we note that our method hinges on a model trained on internet-scale data (CLIP (Radford
et al., [2021)) for which the training data is private and unavailable for inspection. As such, we are
unable to interrogate many sources of possible bias in the model, or else predict a-priori when its
predictions may be unreliable.

Finally, we highlight a more subtle technical consideration for our setting. In this work, we as-
sessed our model’s ability to name arbitrary objects by categorically measuring its accuracy against
a pre-defined vocabulary (i.e.its predictions were either considered correct or incorrect in a binary
fashion). This raises a technical issue as it assumes that there is a single underlying taxonomy for
the data, and does not permit other categorisation systems, which may be valid but do not align with
the selected vocabulary. Though this is perhaps less of an issue for the fine-grained CUB evaluation
(see (Vaze et al.l 2022b)) for a discussion on this point), there may be a number of equally valid
partitions of a generic object recognition dataset like ImageNet.
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E LICENSE FOR DATASETS

We carefully follow the licenses of the datasets in our experiments. ImageNet (Russakovsky et al.|
2015) and Stanford Dogs (Khosla et al.,[2011) apply the same license for non-commercial research
use. CUB (Wah et al.| 2011Db) dataset also allows non-commercial research use.
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