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ABSTRACT

Representation learning traditionally follows a simple principle: pull semantically
similar samples together and push dissimilar ones apart. This principle under-
lies most existing approaches, including supervised classification, self-supervised
learning, and contrastive methods, and it has been central to their success. Yet it
overlooks an important source of information: Even when classes appear unre-
lated, their samples often share latent visual attributes such as shapes, textures, or
structural patterns. For example, cats, dogs and cattle have fur and four limbs etc.
These overlooked commonalities raise a fundamental question: can models learn
from arbitrary pairs without explicit guidance?
We show that the answer is yes. The primary challenge lies in learning from dis-
similar samples while preserving the notion of semantic distance. We resolve this
by proving that for any pair of classes, there exists a subspace where their shared
features are discriminative to other classes. To uncover these subspaces we pro-
pose SimLAP, a Simple framework to Learn from Arbitrary Pair. SimLAP uses a
lightweight feature filter to adaptively activate shared attributes for any given pair.
Through extensive experiments we show that models trained via SimLAP can
indeed learn effectively from arbitrary pairs. Remarkably, models learned from
arbitrary pairs are more transferable than those learned from traditional represen-
tation learning methods and exhibit greater resistance to representation collapse.
Our findings suggest that arbitrary pairs, often dismissed as irrelevant, are in fact a
rich, complementary and untapped source of supervision. By learning from them
we move beyond rigid notions of similarity. Hopefully, SimLAP will open an
additional pathway toward more general and robust representation learning.

1 INTRODUCTION

The basic tenet of most of the tasks in machine learning, such as classification, clustering, image
segmentation, or self-supervised learning, is the notion of similarity or dissimilarity. They both serve
to highlight unique characteristics of objects or concepts. While similarities emphasise commonali-
ties, dissimilarities focus on distinctive characteristics. Both notions are essential for understanding
and categorising the world around us.

Conventional machine learning models seek representation which aims to maximise the similarity of
instances belonging to the same class, cluster or segment, while maximising dissimilarities of sam-
ples drawn from different categories. The success is typically measured using cross-entropy (LeCun
et al., 1989; Khalid et al., 2023; Sohn, 2016), when the learning is assisted by labels (Khosla et al.,
2020) or some other contrastive learning loss function, when labels are not available (Chen et al.,
2020; He et al., 2020; Atito et al., 2021). During training, the models fit weight vectors to the
respective groups of data so that samples from the same group are pulled together, while samples
from different classes are pushed apart (Liu et al., 2016; Wu & Wang, 2020). This objective focuses
on discrimination of one group against all the others, and implicitly promotes orthogonal repre-
sentations (Ranasinghe et al., 2021). However, this one against all approach ignores the potential
relationships between different groups, even though it is evident that classes may share common
features. For example, cats and dogs are distinct classes but share mammalian traits, such as four
limbs, fur, and tail. Even for distinct classes, snakes and ropes both follow elongated curves. The
conventional one-against-all learning fails to consider these relationships.

Recently, a resurgence of work has been aware of the importance of common features across classes
(Cabannes et al., 2023b; Sobal et al., 2024; Ridnik et al., 2021). These interesting methods apply
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additional sources of information to build a better definition of class similarity. However, it is infea-
sible to provide this Aristotelian annotation for all class pairs because of their tremendous number
in datasets, such as ImageNet-1K (Deng et al., 2009). Secondly, such auxiliary information, in the
form of e.g. semantic hierarchy (Ridnik et al., 2021), has limitations in annotating the relationship
between classes — birds and planes are similar in body shape but semantically distant from each
other.

In view of these comments, we propose a completely new paradigm of learning refered to as SimLAP
(a Simple framework for Learning from Arbitrary Pairs). Instead of maximising within group and
minimising between group similarity, we aim to optimise the between group similarity which is
distinct for each pair of groups (classes). This will automatically identify features that are shared by
pairs of classes. In the context of our proposition, the first fundamental question is how such learning
can be formulated. If we take any pair of groups or classes, we still want them to be distinguishable,
that is to be dissimilar, at the end of learning. Hence, any similarity between the pair can possibly
exist only in a subspace. Thus our desire to learn similarity between any pair of distinct classes can
be realised only by identifying the appropriate subspace for each pair. In conclusion, our learning
problem has to be stated as one of searching for subspaces where the similarity of the corresponding
class pairs is maximised.

The proposed formulation of learning is fundamentally different from the conventional one-against-
all approach pursued to date. It is directed to provide much richer information about the unique
groups of data in the training set. However, it raises a second fundamental question: Can it learn to
separate each individual group from all the other groups as well? In other words, if we learn that
a pair of groups, e.g. dogs and cats have shared features (four limbs), will we be able to separate
the groups as well. We do not have a theoretical underpinning for this, but we will demonstrate
experimentally in Sections 4 and 5 that this is a viable learning method, that achieves both objec-
tives. It leads to one-against-all separability, as well as providing much richer information about
the relationship of any pair of classes in our training set. This contrast with the supervised learning
methods that do attempt to reflect class relationships, e.g., Supcon (Khosla et al., 2020), which fail
to learn orthogonal representations when assembling distinct pairs as shown in Section 5 Figure 6.

We demonstrate our methodology of learning from arbitrary pair on IN1K. Its 1,000 classes comprise
500,500 (0.5M) pairs, with no explicit annotation regarding their pairwise similarity. To find the
requisite class-pairwise subspaces, we introduce a simple module, feature filter, to create a subspace
for each pair. For a chosen class pair, this adaptive filter learns a gate vector (values between 0
and 1) to identify the subspace in which their samples are discriminative to other class pairs. Our
model SimLAP can learn visual representations and subspaces for class pairs simultaneously by
gradient descent. We show that SimLAP achieved competitive performance with the models trained
conventionally, using the one-against all approach based on separating similar samples from the rest.
We will also discuss how the proposed approach can be combined with other forms of supervision,
such as text (Radford et al., 2021) and attributes (Ma et al., 2021).

Before discussing the methodology for the proposed learning method, in Section 3.1 we provide
experimental evidence in support of our motivation for learning the similarity (common features)
of pairs of distinct classes. The methodology is introduced in Section 3.3. We train our model on
IN1K and demonstrate the following experimental findings: SimLAP successfully promotes com-
pactness of distinct pairs in subspaces, while preserving class separability in global space, cf. Sec-
tion 4.1. Representations learned from arbitrary pairs are competitive or beat the one-vs-all approach
in many tasks, cf. Section 4.2. SimLAP is driven by a learning dynamic of representation learning
and subspace optimization, cf. Section 5. Furthermore, SimLAP exhibits amazing properties in pre-
venting collapse cf. Figure 7. Finally, we argue that SimLAP is complementary to existing learning
mechanisms and validate this by applying SimLAP in joint loss and mid-training, cf. Section 6. In
summary, our contributions are as follows: ❶ We propose a novel paradigm of learning from pairs
of samples drawn from an arbitrary pair of classes that groups them in their corresponding subspace.
❷ We show that the models learned from arbitrary pairs identify the features shared by each pair.
❸ Most importantly, the models learn to separate individual classes from all the other classes. ❹
Interestingly, the models exhibit better transfer learning performance than one-vs-all-approaches.
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2 RELATED WORK

Supervised Learning. Existing visual representation learning (VRL) paradigms, whether super-
vised learning (SL) or self-supervised learning (SSL), follow the intuition that learning objectives
should promote a predefined similarity structure (Cabannes et al., 2023a). The representations im-
plicitly learn the notion of similarity by pulling semantically identical pairs closer while pushing
semantically non-identical or distinct pairs away as a whole either directly or indirectly (Liu et al.,
2016; Wang et al., 2016). Despite the prevailing success of these VRL paradigms, they lack a
systematic mechanism to explicitly learn from semantically distinct pairs, regardless of the seman-
tic distance between these distinct pairs. Recent work finds that semantically distinct but visually
similar samples can help in representation learning (Cabannes et al., 2023a; Sobal et al., 2024), as
even dissimilar pairs may share semantic attributes (Tsai et al., 2021). Hierarchical representation
learning solves this problem by using a semantic hierarchy to capture the shared attributes between
different classes (Ridnik et al., 2021; Mohammed & Umaashankar, 2018). Positive Active Learn-
ing (PAL) (Cabannes et al., 2023a) reveals that the learning process of both SL and SSL can be
expressed in terms of a similarity graph. X-CLR (Sobal et al., 2024) utilizes the text caption to
facilitate the calculation of the similarity graph. Although these work has begun to explore more
complex relationships between samples, the requirements of additional annotation or labelling limit
their applications. Labels in SimLAP serve a distinct purpose compared to traditional supervised
learning methods like Liu et al. (2017); Morin & Bengio (2005); Murtagh & Contreras (2012). In-
stead of assigning each sample to a single corresponding cluster (Liu et al., 2017), our approach uses
labels to select relevant features.

Common Features across Classes. Some CL methods extract common features across classes by
using extra variables, such as auxiliary information (Tsai et al., 2021) and attributes (Ma et al., 2021).
Nevertheless, the above methods do not address the challenge of learning from distinct samples, e.g.
snake-lamp. For example, hierarchical classification methods (Deng et al., 2014; Yan et al., 2015)
utilize a predefined hierarchy to capture the shared attributes between different classes. However,
constructing such a hierarchy requires significant human effort and domain knowledge. Essentially,
these methods still rely on human knowledge to define the relationships between classes. Cross-class
features have been shown to mitigate the collapse of decision boundaries (Kim et al., 2024), yet this
exploration remains limited in incremental learning. Although common features across samples
bring insights on new pretext tasks, such as cross-view completion (Weinzaepfel et al., 2022) and
matryoshka representation (Kusupati et al., 2022), introducing this principle into CL is challenging.

3 ARBITRARY PAIR LEARNING

We introduce a novel learning paradigm that diverges from the conventional objective of maximis-
ing intra-group (i.e., class or instance) similarity while minimising inter-group similarity. Instead,
we optimize similarity between arbitrary pairs of groups, without assuming any predefined semantic
relationships or inter-class structure. A key challenge is how to formulate the learning, particu-
larly in the absence of supervision indicating which group pairs should be similar. To address this,
we introduce a subspace-based similarity optimisation framework, where learning is constrained to
subspaces defined by selected group pairs. Let us dive into motivation of learing in subspaces.

3.1 MOTIVATION FOR LEARNING IN SUBSPACES

A fundamental property of learning is that any pair of classes should be distinguishable from each
other. Therefore, maximisation of similarity between arbitrary pairs should only be done in a sub-
space. Before formulating our approach we would like to investigate whether any similarity between
arbitrary pairs in sub-spaces exists for current learning algorithms. To demonstrate we choose pre-
trained ResNet50 using supervised learning on IN1K from timm (Wightman, 2019). We extract the
class vectors for all the samples in IN1K validation set corresponding to two distinct classes ‘garter
snake’ and ‘table lamp’, which have no apparent common features. As shown in Figure 1 using dis-
tribution of cosine similarity, they are nearly orthogonal in the global (full) space, yet close in their
discriminative subspace. Our subspace selection, picking features that have the same sign, shows
similarity for arbitrary pairs in selected subspaces. The calculation of class similarity distribution
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can be found in Appendix B.2. This means that our learning can be achieved by learning/optimising
for subspaces where the similarity of the corresponding arbitrary class pairs is maximised.

Observation: For high-dimensional orthogonal representations, we can find a subspace
for an arbitrary class pair such that their samples are close to each other in that subspace and
far away from samples of other classes.

(a) Example
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Figure 1: Empirical evidence of discriminative subspaces for ResNet50 trained with SL. Two distinct
classes snake-lamp (a) are nearly orthogonal in global space but closer to each other than other
classes in a subspace (b). Micro-class similarity distribution of all pairs in global space or subspaces
(c). Calculation cf. Appendix B.2

3.2 CONTRASTIVE LEARNING

We revisit the basics of contrastive learning, which promotes the discovery of discriminative fea-
tures between positive and negative samples. The key to contrastive learning is defining positives
and negatives samples. For each anchor sample in the dataset x ∈ X , a conventional contrastive
learning method defines its positives x+ and negatives x− according to its learning principles. An
encoder network fV (·) is applied to map the images to a representation vector. A projection net-
work fP is critical for improving transfer learning performance (Chen et al., 2020) and mitigating
dimensional collapse (Jing et al., 2022). Overall, features are extracted by z = fP (fV (x)). The
objective helps to identify the features that can separate positives and negatives, which is achieved
by InfoNCE (Oord et al., 2018):

L = − log
exp(⟨z, z+⟩/τ)

exp(⟨z, z+⟩/τ) +
∑

z−∈Z− exp(⟨z, z−⟩/τ)
, (1)

where ⟨u, v⟩ = u·v
∥u∥∥v∥ denotes the cosine similarity between two vectors.

3.3 LEARNING FROM ARBITRARY PAIRS

SimLAP maximises the similarity between two samples drawn from an arbitrary pair of classes,
constrained to their corresponding subspace. In other words, the learning objective seeks subspaces
where the similarity in terms of common features between selected arbitrary class pairs is max-
imised. The overall architecture is depicted in Figure 2. We randomly pair two samples xi and xj

in a batch belonging to any class pair yi-yj and select their corresponding subspace by an adaptive
feature filter. The subspace can be sampled by shuffling cf. Appendix B.1. In this subspace, the
samples from yi-yj comprise positive pairs and the samples from any other classes comprise nega-
tive pairs. Specifically, for an anchor sample xi from class yi in a mini-batch, we randomly choose
one sample xj from the mini-batch belonging to class yj and treat the sample belonging to yj as
positive, P. The samples pairs in the mini-batch that do not belong to yi and yj pair are negative N.
To maximise the similarity between arbitrary positive pair corresponding to anchor sample xi and
minimise the similarity between negative pairs we adapt infoNCE loss. The loss function for the
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Figure 2: Learning from Arbitrary Pairs. SimLAP learns representations by maximizing the
agreement of common features between arbitrary classes in a subspace, cf. Appendix B.1.

anchor sample is formulated as follows: L(yi, yj) =

−
∑
z̄+∈P

1

|P|
log

exp(⟨z̄, z̄+⟩/τ)
exp(⟨z̄, z̄+⟩/τ) +

∑
z̄−∈N exp(⟨z̄, z̄−⟩/τ)

(2)

where {z̄, z̄+, z̄−} = g(yi, yj) ⊙ {z, z+, z−} denote the features in the subspace of yi-yj . The
elements of the gate vector g(yi, yj), ranging from 0 to 1, control the activation of each feature.

Note that from a mini-batch size of 100 it is possible to build 5050 arbitrary positive pairs. However,
for efficiency and for fairness to other learning methods we only consider 100 positive pairs where
each sample in the mini-batch becomes anchor only once.

Feature Filter. The feature filter is a vital component to enable learning from arbitrary pairs. It
selectively activates certain dimensions, effectively generating a subspace for the selected class pair,
to represent their common features. This module enables the discovery and utilization of shared
information between distinct samples. The feature filter is a simple lightweight module consisting
of two parts: a label embedding and an MLP network. The label embedding converts discrete labels
to continuous vectors. We use the mean of the two label vectors to represent the common information
between two classes. The MLP layer generates gate vectors to select the corresponding dimensions
for the common information. The calculation is

g(yi, yj) = σ(fg((fl(yi) + fl(yj))/2)), (3)
where fl(·) denotes an embedding layer that converts a label to a 512-dimensional vector, fg(·)
denotes MLP network consisting of three linear layers with ReLU non-linearity in between them,
and σ(·) is the Sigmoid activation function. In this framework, each class is equally pulled to
or pushed from other classes in different subspaces, meaning that labels do not promote compact
embeddings explicitly for any specific class pair.

All model parameters are randomly initialized to evaluate SimLAP capacity to learn from arbitrary
visual pairs using only discrete labels. While label embeddings could be initialized from a pre-
trained LLM to leverage semantic priors, including potential similarities between arbitrary class
pairs, we intentionally avoid this to isolate the learning ability of SimLAP without external knowl-
edge. Surprisingly, SimLAP learns the similarity between classes directly from visual information,
cf. Figure 3. Our analysis reveals that the gate vectors will learn to select the dimensions with the
same sign cf. Appendix A.2. Further details of SimLAP can be found in Appendix B.1 with a detail
algorithm outlined in Algorithm 1.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETTING

We trained SimLAP on ImageNet (Deng et al., 2009) where its 0.5M subspaces are optimized ef-
ficiently in only 1M iterations. We choose two baseline methods to compare the effectiveness of
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Table 1: Transfer learning performance with KNN (k=10) across 8 classification tasks.

top-1 Aircraft CF10 Cars DTD FLW Food Pets STL AVG
SL 28.5 88.0 31.6 66.5 68.3 58.4 91.1 97.3 66.2
Supcon* 33.7 83.8 30.6 55.0 68.3 53.5 88.8 95.4 63.6
SimLAP 40.5 85.3 34.8 62.0 74.9 55.3 89.2 95.4 67.2

arbitrary pairs compared to identical pairs. The backbone is ResNet50 (He et al., 2016). SL de-
notes the standard supervised setting with cross-entropy and one-hot vectors. We use the pretrained
ResNet-50 from timm (Wightman, 2019). We trained Supcon (Khosla et al., 2020) as described in
Appendix B.3. These two methods represent the majority in utilizing labels to promote the com-
pactness of identical pairs. Note that our implementation of Supcon* is not as good as reported in
the original paper due to a small batch size (1024) and a long-time training (1000 epochs), because
the contrastive framework is sensitive to batch size (Chen et al., 2020). We apply the same training
settings for both Supcon* and SimLAP to fairly compare the efficiency of learning from identical
pairs and arbitrary pairs.

Embedding Analysis. We visualize the learned embeddings from the backbone network (exclud-
ing the projector and filter) by analysing representations on the IN1K validation set. As shown
in Figure 5, SimLAP exhibits better statistical character in class separation. We also employ t-
SNE (Van der Maaten & Hinton, 2008) to visualize the embeddings of 10 classes from the IN1K
validation set in Figure 3. The visualization reveals two key findings: (1) In the global space, Sim-
LAP maintains clear class separation as good as the methods optimized in the global space, despite
being optimized in subspaces; (2) When examining the subspace for specific class pairs (e.g., Garter
snake-Chihuahua), our model successfully identifies shared features that bring these seemingly dis-
tinct classes closer while preserving the overall structure of the embedding space. (3) The feature
filter captures class similarity in gate vectors and label embedding as shown in Figure 4.

kingsnake
garter snake
water snake
vine snake
night snake
Chihuahua
Golden Retriever
Afghan Hound
Basset Hound
English foxhound

(a) SimCLR

kingsnake

garter snake

water snake

vine snake

night snake

Chihuahua

Golden Retriever

Afghan Hound

Basset Hound

English foxhound

(b) Supcon

kingsnake
garter snake
water snake
vine snake
night snake
Chihuahua
Golden Retriever
Afghan Hound
Basset Hound
English foxhound

(c) SimLAP (d) SimLAP in subspace

Figure 3: t-SNE visualization of learned embeddings for 10 classes from two groups: 5 dog breeds
(star) and 5 snake species (dot). Large markers indicate class centers, with stars representing dog
classes and points representing snake classes. All models separate coarse classes (dogs and snakes).
SimCLR struggles to differentiate between dog breeds. (d) highlights the unique ability of SimLAP
to bring Chihuahua and garter snake close together within a subspace. Interestingly, optimizing
disparate pairs in subspaces results in similar global embedding to supervised one (Supcon).

4.2 TRANSFER LEARNING

Although our framework optimizes representations in subspaces, global representations exhibit good
transfer learning performance and class separation. See more evaluations in Appendix C.

Image Classification with K-nearest Neighbour (KNN). We use the KNN protocol to present
the transfer learning performance. KNN can largely reveal the learned semantic measurement. As
shown in Table 1, SimLAP has a higher average classification accuracy on 8 tasks. Learning from
arbitrary pairs extract transferable features.

Image Retrieval. Retrieval is an important application of representation learning to find images for
a query image (Radenović et al., 2018). As shown in Table 2, SimLAP consistently outperforms two
baselines. These results confirm that the intra-class orthogonality encouraged by SimLAP produces
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Figure 4: Class similarity for gates, global features, and label vectors. Red numbers denote
the average similarity within each super synset region (snake, wading bird, furniture). Higher class
similarity of super synset indicates that feature filter in SimLAP learns the relationships between
classes from representations.

Table 2: Image-retrieval results (mAP) on ROxford5k and RParis6k (Radenović et al., 2018).

Medium (M) Hard (H)

SL Supcon* SimLAP SL Supcon* SimLAP
ROxford5k 27.13 26.28 30.82 9.22 6.6 9.48
RParis6k 53.41 49.35 54.29 28.62 24.8 28.31

more discriminative global descriptors, leading to superior image-search quality without any task-
specific re-ranking or query expansion.

Dense Prediction. Classification tasks reflect the quality of global features. To further study the
ability to extract subtle information in local representations, we performed semantic segmentation
with frozen features. As shown in Table 4, SimLAP has higher mIoU scores, revealing competitive
local characteristics.

Domain Shift. Models trained on a dataset may perform poorly when the input distribution changes
due to adaptive overfitting. We used several validation sets, different from the original ImageNet
dataset, to assess the robustness of the learned representations. For each model, we train a linear
classifier using the IN1K training set. We then evaluate the top-1 accuracy on different validation sets
to exhibit performance under domain shift. As shown in Table 3, MSimLAP exhibits competitive
performance with joint loss of ICL and CCL, which has been proven to solve class collapse (Islam
et al., 2021; Xue et al., 2023).

5 MODEL ANALYSIS

Finding 1: Filter makes learning robust to distinct pairs.

The major difficulty of SimLAP is dealing with distinct pairs in which common visual similarity can
hardly be found, such as snake-lamp. To study the impact of reducing common features in pairs, we
conducted a controllable experiment in increasing the semantic distance of positive pairs. We run
the experiment on IN25, a dataset of 25 classes with well-defined semantic relationships (details in
Appendix B.3). Each model was trained for 1000 epochs. As shown in Figure 6, the performance of
the model without the filter decreases over semantic distance, because distinct pairs define a wrong

Table 3: Domain shift of IN1K. We report top-1 accuracy on origin, ImageNet-Sketch (Wang
et al., 2019) and ImageNetv2 (Recht et al., 2019) (matched, threshold0.7, and top-images). SL+SSL
denotes a combination of SL and MoCo (Islam et al., 2021).

top-1 origin Scketch matched threshold0.7 top-images
SL 76.1 22.4 63.3 72.7 78.1
SL+SSL 76.7 26.1 64.8 73.6 78.3
SimLAP 76.0 29.3 64.1 73.6 78.83
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Figure 5: Inter- and intra- Similarity distribu-
tion on IN1K. The number in the middle denotes
the overlap of two distributions. The sharpest
inter-class distribution and the minimal overlap
indicate that SimLAP learns representations that
better preserve class-specific information while
maintaining clear class boundaries.
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Figure 6: Adaptive filter is crucial to deal with
distinct pairs. X axis denote semantic distance
of the positive set (ranked by CLIP). Models
can hardly learn meaningful representations from
distinct pairs without the feature filter.
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semantic relationship between classes. In contrast, the model with filter is robust in dealing with
distinct pairs.

Table 4: Semantic Segmentation
with frozen features via FCN.

mIoU cityscapes voc12aug
SL 52.14 54.9
Supcon* 50.50 43.8
SimLAP 49.92 45.76

Table 5: Optimizing multiple subspaces in a step.
Runtime (seconds) measures the elapse time to for-
ward 128 samples, tested on a single V100. Report
top-1 with KNN on CF10.

Num GFlops Runtime act. CF10
1 1,063 0.30 63 85.14
5 1,064 0.32 53 85.96

20 1,067 0.39 28 86.21

Finding 2: SimLAP simultaneously optimises representations from visual data and sub-
spaces for class pairs.

Our model involves two independent learning processes: identifying the subspace for each class pair
and learning the common features of the class pair. By default, we randomly select a single subspace
to optimize these representations. We investigate the impact of increasing the number of optimized
subspaces. Specifically, we first compute global features by forwarding images once, then generate
multiple subspaces using Equation (3) to optimize the objective in Equation (2). As shown in Table
5, increasing the number of optimized subspaces enhances performance but increases training time.
For simplicity and computational efficiency, we default to optimizing a single subspace for each
training step.

Finding 3: The common features across classes are effective in preventing collapse.

To thoroughly investigate the collapse issues, we construct IN1P, a focused subset of IN1K contain-
ing 12K images from 10 highly-related dog breeds. This small dataset allows us to train extensively
on all possible class pairs. We train models for 20,000 epochs to ensure that models reach minimum.
In Figure 7a, we compare the top-1 accuracy with KNN on CIFAR10 across different methods. Sim-
CLR exhibits clear signs of dimensional collapse (Jing et al., 2022) after 3,000 epochs, evidenced
by the declining performance and decreasing singular values, from Figure 7b. This reveals that
while the non-linear projector can relieve dimensional collapse, it cannot prevent it entirely. In-
corporating supervision into CL is a promising solution (Xue et al., 2023). SimLAP demonstrates
sustained performance improvement throughout the extended training period, surpassing both Sup-
con and SimCLR. This robustness against dimensional collapse and class collapse can be attributed
to discovering rich common features between classes.
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(a) Performance during training
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(b) Singular value spectrum of the embedding space

Figure 7: Preventing collapse by learning common features. Lower singular values suggest that
representations are concentrating information in fewer dimensions. Models trained on IN1P (10
dogs) and evaluated on CIFAR10 show that SimLAP consistently outperforms baseline methods.

6 APPLICATION

Joint Loss. Our learning paradigm is complementary to existing ones, bringing further im-
provements. To combine SimLAP and MoCov3 (He et al., 2020), we introduce a joint loss by
1

1+βLSSL + β
1+βLSimLAP. From Table 6, the performance is improved by balancing two losses.

Mid-training. Mid-training is a stage between SSL (MAE (He et al., 2022) here) and supervised
finetuning (SFT). From Table 7, we can see a significant performance drop for long SFT due to
over-adaptation (Hao et al., 2025). SimLAP relieves this problem and gains 0.4% improvement.

Table 6: Joint loss of SimLAP and
MoCov3 (ResNet50) improves representa-
tions, cf. Appendix B.3.

beta CIFAR10 DTD FLW
0 82.90 63.35 83.10
1 90.33 64.31 88.18
100 87.72 58.51 85.23

Table 7: SimLAP (ViT-Base) relieves over-adaption,
cf. Appendix B.3. FT and SimLAP train 100 epochs.
FT* trains 200 epochs.

training pipeline epochs top1
SSL → FT 100 83.6
SSL → FT* 200 83.1
SSL → SimLAP → FT 200 84.0

7 DISCUSSION

Our study demonstrates that learning from arbitrary pairs is not only feasible but also beneficial. By
introducing SimLAP, we show that even pairs of semantically distant classes can reveal common
features when constrained to appropriate subspaces. This challenges the conventional “one-vs-all”
paradigm and highlights arbitrary pairs as a complementary source of supervision. The framework
consistently preserves class separability while uncovering shared subspaces, leading to stronger
transferability and robustness against collapse. To keep the focus on this principle, we adopted a
minimal contrastive setup, avoiding additional components, e.g. momentum encoder. While such
techniques could further boost performance, our goal was to isolate the effect of arbitrary pairs and
make their contribution explicit. The results suggest that arbitrary-pair supervision is especially
valuable when identical pairs suffer from diminished signal due to overfitting, or (the second point).

Limitation. Given the large number of possible pairs (≈ 0.5M in IN1K), our 1M iteration training
could not fully explore the available space, leaving many informative relations not fully leveraged.
Further, not all pairs are meaningful, e.g., “snake-lamp” pair lack obvious commonalities. How to
efficiently identify and utilise the valuable pairs without prior annotation remains an open challenge.

Future Work. A promising direction is to extend arbitrary-pair learning with richer forms of su-
pervision. In multimodal data, for example, two images with captions such as “a clock is mounted
to a house” and “a clock beside a brick sidewalk on the Baker Street” both highlight the concept of
“clock”. Feature filters could exploit this overlap to align disparate visual inputs. Incorporating tex-
tual cues, attributes, or hierarchical metadata may further enhance the robustness and transferability
of learned representations.

9
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8 ETHICS STATEMENT

We study a generic mechanism for learning representations from arbitrary sample pairs. No private
or sensitive information was collected or processed. All experiments rely on publicly available
datasets (ImageNet-1K, CIFAR, etc.) or standard splits derived from them. We are not aware of any
foreseeable privacy breaches or discriminatory consequences arising from this work.

9 REPRODUCIBILITY STATEMENT

Implementation details, hyper-parameters, and training recipes are documented in Appendix B.
Source code and pretrained weights are provided in the supplementary material. All datasets except
IN1P and IN25 are publicly downloadable; the latter two can be constructed from ImageNet-1K
with the scripts we supply, ensuring full reproducibility. The training code of SimLAP on CIFAR10
is provided.
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Appendix

A THEORY PROOF

A.1 EXISTENCE OF DISCRIMINATIVE SUBSPACES

Our work is based on the hypothesis that there exists a subspace to allow arbitrary pairs to be close
while the other classes are far away.

Definition. Let N orthogonal class vectors be sampled from D-dimensional Gaussian distributions:
z ∈ RN×D, zd

i
i.i.d.∼ N (0, 1/D).

Subspace Selection. For an arbitrary pair (i, j) ∈ P+, we select the gate vector g(i, j) = Id =
⊮zd

i z
d
j >0. The chance of each dimension being positive is 0.5: p(g(i, j) = 1) = p(zd

i > 0)p(zd
j >

0) + p(zd
i < 0)p(zd

j < 0). Hence g(i, j) ∼ Binomial(D, 0.5).

For orthogonal representations, given an arbitrary pair, we can select a subspace with positive sign
and have the following:

E(i,j)∈P+ [z̄iz̄j ] =
1

π
,

E(i,k)∈P− [z̄iz̄k] = 0,
(4)

where z̄ = z ⊙ g(i, j).

Proof. Fix a positive pair (i, j) ∈ P+ and write

g = g(i, j) ∈ {0, 1}D, gd = 1zd
i z

d
j >0.

Because zdi , z
d
j

i.i.d.∼ N (0, 1/D), the product equals to only consider the half part. The coordinate-
wise conditional expectation of the product given the gate is

E
[
zdi z

d
j | gd = 1

]
= E[|zdi ||zdj |] =

2

π

1

D
,

because the mean of a standard half-normal is E[|X|] =
√

2

π
,X ∼ N (0, 1).

In addition,
Pr(gd = 1) = Pr(zdj > 0) = 1

2 and gd
i.i.d.∼ Bernoulli(1/2).

Hence

E(i,j)∈P+

[
g⊤(zi ⊙ zj)

]
=

D∑
d=1

E
[
gd z

d
i z

d
j

]
=

D∑
d=1

Pr(gd = 1)E
[
zdi z

d
j | gd = 1

]
= D

2

π

1

D

1

2
=

1

π
.

For a negative pair (i, k) ∈ P− the variables zdi and zdk are independent and zero-mean, so

E
[
zdi z

d
k

]
= 0 regardless of the gate.

Stimulation. We simulate the process of feature selection by positive contribution. We generate
10 class vectors from N (0, 1/D). The gap calculates the difference between macro-class similarity
and the largest similarity to negative samples, revealing the representation separability:

gap(i, j) = zizj −max
k

zizk. (5)

Our simulated results match our theoretical analysis as shown in Figure 9.
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Figure 8: Comparison of sample pairs in three CL methods.

Figure 9: The expectation of the gap between
intra-class and inter-class fits the theoretical
value.

Figure 10: Positive and negative samples in
SimLAP. ‘p’ denotes positive, ‘n’ denotes nega-
tive.

A.2 GRADIENT ANALYSIS

Consider a simplified situation, where C samples are drawn from C distinct classes, denoted (xi, yi).
The pairwise similarity score between samples i and j is defined as s(i, j) = ⟨g ⊙ zi,g ⊙ zj⟩/τ ,
parameterized by a gate vector g = g(yi, ȳj) ∈ RD, ȳ is the shuffled labels. For a subspace of class
pair yi-yj and temperature τ . The objective function L minimizes the InfoNCE loss for two positive
pairs:

L = − log

(
exp(s(i, j))∑
k ̸=j exp(s(i, k))

)
− log

(
exp(s(j, i))∑

k ̸=i exp(s(j, k))

)
. (6)

To optimize L, the gradient of L with respect to each dimension d of the gate vector g is derived as:

∂L

∂gd
=

2gd

τ

[ ∑
k ̸=i,j

p(xk|i)zdi zdj − (1− p(xj |i))zdi zdJ∑
k ̸=i,j

p(xk|j)zdj zdj − (1− p(xi|j))zdi zdj
]
.

(7)

Here, p(xk|i) = exp(s(i,k))∑
j ̸=i exp(s(i,j))

denotes the softmax probability of sample k being the class i. The

sign of the gradient is governed by the product zdi z
d
j , with its magnitude adjusted by g ∈ [0, 1]D.

Specifically, a positive product between positive pairs (zdI z
d
J > 0) or a negative product between

negative pairs (zdi z
d
j < 0) promotes an increase in gd. The gate vectors will be nearly binary to find

the subspace for an arbitrary pair by activating or inactivating dimensions cf. Figure 15.

B IMPLEMENTATION DETAIL

B.1 CONTRASTIVE LEARNING WITH ARBITRARY PAIRS

Another way of looking at SimLAP is from the prospective contrastive learning. SimLAP can
be seen as extending contrastive learning from similar sample pairs to arbitrary pairs. Figure 8
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Algorithm 1 SimLAP algorithm.

input: batch size N , constant τ , structure of fV and fP for encoding, structure of fl and fg for
the feature filter.
for sampled minibatch {xk}Nk=1, {yk}Nk=1 do
ȳ = shuffle({yk}2Nk=1) # Compose random class pairs.
for all k ∈ {1, . . . , N} do

hk = fV (xk) # representation
zk = fP (hk) # features in global space

end for
for all i ∈ {1, . . . , N} and j ∈ {1, . . . , N} do
gi = fg((fl(yi) + fl(ȳi))/2) # generate gate vectors.
z̄i = zi ⊙ gi # features in subspace
s̄i,j = z̄⊤

i z̄j/(∥z̄i∥∥z̄j∥) # pairwise similarity
end for
# Samples are from yk or ȳk are positive.
# Samples are not from yi or ȳi are negative.
define ℓ(i, j) as
ℓ(i) = − 1

|P|
∑

yp∈P log
exp(si,p/τ)

exp(si,p/τ)+
∑

k∈N exp(si,k/τ)

where P is the positive set, N is the negative set.
L = 1

N

∑N
k=1 ℓ(k)

update networks fV , fP , fl, and fg to minimize L
end for
return encoder network fV (·), and throw away others

compares the positive pairs in SimCLR, Supcon, and SimLAP. Our algorithm selects positive and
negative pairs according to the generated subspace as shown in Figure 10. Algorithm 1 outlines
our framework for learning from arbitrary pairs. The algorithm begins by sampling mini-batches
of input data and their corresponding labels. Notably, we sample positive pairs from the mini-
batch instead of augmented views. For each pair of classes y2k−1-y2k, it generates a subspace
representation using the gate function fg , which takes the average of the label embeddings as input.
The encoder fV extracts representations for both the reference sample and its arbitrary pair. These
representations are then projected into the global space using the projector fP and element-wise
multiplication with the gate vector gk to project into subspaces. Pairwise similarities are computed
for all samples in the batch using cosine similarity. The contrastive loss is calculated using these
similarities and a temperature parameter τ . This loss encourages the model to maximize similarity
between arbitrary pairs in their shared subspace while minimizing similarity with samples from other
classes. The networks fV , fP , fl, and fg are updated to minimize this loss. After training, only the
encoder network fV (·) is retained for downstream tasks, discarding the gating mechanism used
during training. This approach allows the model to learn transferable representations that capture
common features across seemingly disparate classes.

Subspace Sampling. Each sample can be optimized within multiple related subspaces. Ideally,
we uniformly sample one subspace from all available options. However, when the batch size is
small, there is a risk of sampling a subspace without positive pairs in the batch. To mitigate this, we
can resample until a non-empty subspace is obtained. Alternatively, we employ a simpler strategy
by shuffling the labels within a batch. This ensures that at least one positive pair is present in the
sampled subspace.

B.2 CLASS SIMILARITY

There are two types of class similarity calculation: micro-class similarity and macro-class similarity.
Micro-class similarity is a measure that focuses on the similarity between individual instances within
two classes, capturing the relationships between the elements from the class pair. Specifically, the
micro-class similarity between two classes y1 and y2 is defined as the expected value of the cosine
distance ⟨·, ·⟩ between pairs of instances from these classes:

Micro-Sim(y1, y2) = E[⟨zi, zj⟩], zi ∈ y1, zj ∈ y2. (8)
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Table 8: Pretraining details. The output size of Vision Encoder depends on the backbone (2048 for
ResNet50). The optimizer is LARS. Learning rate is scheduled by a cosine function with warmup.

(a) Hyperparameter.

SimLAP SimLAP†
Batch size 1024 1024
Epochs 1000 300
Warmup 40 40
LR 0.2 0.3
Weight decay 1e-4 1.5e-6
Runtime (h) 56.3 25.3

(b) Projector Structure.

Layer Output
Vision Encoder -
BatchNorm1d, ReLU 2048
Linear 2048
BatchNorm1d, ReLU 2048
Linear 256
LayerNorm 256

(c) Filter Structure.

Layer Output
Label Embedding 512
BatchNorm1d, ReLU 512
Linear 1024
BatchNorm1d, ReLU 1024
Linear 256
Sigmoid 256

This formulation ensures that the similarity is computed directly from the pairwise interactions of
instances, providing a detailed and granular measure of how closely the elements of the two classes
are related.

In contrast, macro-class similarity provides a more aggregate measure by comparing the expected
values (or means) of the instances within each class. This approach captures the overall similarity
between the central tendencies of the classes, rather than focusing on individual instances. The
macro-class similarity between y1 and y2 is defined as:

Macro-Sim(y1, y2) = ⟨E[zi], E[zj ]⟩, zi ∈ y1, zj ∈ y2 (9)

Here, E[zi] and E[zj ] represent the expected values (or means) of the instances in classes y1 and y2,
respectively. By comparing these expected values, macro-class similarity offers a higher-level view
of the relationship between the classes, which can be particularly useful when the overall trends or
central tendencies are of primary interest.

B.3 TRAINING DETAIL

IN1K Pretraining. We conducted extensive experiments on the ImageNet-1K (IN1K) dataset. Our
experimental settings are summarized in Table 8a. The data augmentation techniques utilized in
this work include random horizontal flipping, color jittering (brightness=0.4,contrast=0.4, satura-
tion=0.4, hue=0.1), normalization to ImageNet statistics, random grayscaling (p=0.2), and Gaussian
blurring. To accelerate the training procedure, we apply ESSL (Wu et al., 2024) and amp with half-
precision. Experiments are conducted on a single machine with 8 Tesla V100-SXM2-32GB-LSs,
512G Mem, and 2 E5-2698 (40 cores). SimLAP† applies the momentum encoder (m=0.996) to
enhance performance.

IN1P Pretraining. The IN1K pretraining comprises 0.5M pairs, and our implementation cannot
exploit every pair. To evaluate a well-trained SimLAP, we consider a small dataset IN1P Appendix E
to study how to effectively use class similarity. The model was trained on IN1P for 10,000 epochs
with a batch size of 512. The backbone is ResNet50.

IN25 Pretraining. We conduct experiments on IN25 to study the impact of distinct pairs in represen-
tation learning. To control the semantic distance of sample pairs, we first calculate the macro-class
similarity using CLIP (ViT-B/16). Then, we comprise positive sets according to the rank of class
similarity.

Joint Loss. Our learning paradigm extracts different aspects of features from existing learning
paradigms, thus is complementary to them. The simplest way to harvest both is to train with two
heads in parallel: one governed by SimLAP, the other by MoCov3 (Chen et al., 2021). Both heads
share the same projector architecture and receive identical augmented views; their losses are added
with equal weight and back-propagated through the common backbone.

Mid-training. The classic ‘pretraining-fientuning’ pipeline yields state-of-the-art results, yet longer
fine-tuning epochs inevitably tilt the model toward the downstream task and erode the generic rep-
resentations inherited from pretraining. The performance will drop for lone-time finetuning as a
consequence of over-adaptation.

We insert SimLAP as a bridging phase between the two stages to cushion this drift. Concretely,
starting from an ImageNet-1K pre-trained checkpoint, we continue self-supervised training with

4
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SimLAP for 100 epochs (batch size 1 024, cosine LR schedule). This brief mid-training refreshes
intra-class orthogonality without exposing the network to downstream labels, leaving the backbone
better balanced for subsequent fine-tuning: generic enough to retain prior knowledge, yet discrimi-
native enough to converge faster and plateau higher.

Transfer Learning via Linear Evaluation. A linear classifier was trained on features extracted
from a pre-trained neural network. The L-BFGS optimization algorithm was utilized to minimize
the softmax cross-entropy loss function. No data augmentation techniques were applied, aside from
random cropping and resizing images to 224x224 pixels. No regularization methods, such as weight
decay, were employed.

Transfer Learning via Finetuning. A linear classifier was attached to the vision backbone.
The AdamW optimization algorithm was utilized to minimize the objective. The learning rate
was dynamically changed by the cosine schedule. The maximum learning rate was deter-
mined by the base learning rate (following 1e-4 × BatchSize/256). Several regularization tech-
niques were applied to prevent overfitting, including strong data augmentation, weight decay, and
Mixup (Zhang, 2017). The data augmentation composes of RandCropResize(224, scale=(0.08,1)),
RandomHorizontalFlip(p=0.5), AutoAugment(rand-m9-mstd0.5-inc1) (Cubuk et al., 2018), and
RandErase(p=0.25) (Zhong et al., 2020). The images underwent mixup or cutmix (mixup alpha=0.8,
cutmix alpha=1, label smoothing=0.1). The weight decay was set to 2e-5. These settings may be
not optimal, but we use the same settings for all datasets except the training epochs. We set training
epochs to 90 for IN1K, 300 for iNat2018, 200 for Food, 1000 for the rest.

Semantic Segmentation via Linear Evaluation. MMSegmentation 1 was utilized to train
FCNs (Long et al., 2015) for segmentation. Specifically, frozen features from four stages
of ResNet50 are concatenated to represent local patterns. We applied three predefined con-
figures (fcn r50-d8 4xb2-40k cityscapes-512x1024.py, fcn r50-d8 4xb4-160k ade20k-512x512.py,
fcn r50-d8 4xb4-20k voc12aug-512x512.py) from MMSegmentation to train and evaluate our pre-
trained models.

B.4 BASELINE MODEL

We use pretrained models from official repositories: MoCo (He et al., 2020)2, DINO (Caron et al.,
2021)3, GPaCo (Cui et al., 2023)4, BarlowTwins (BT) (Zbontar et al., 2021)5, SimSiam (Chen &
He, 2021)6, SimCLR* (Chen et al., 2020)7. Supcon* (Khosla et al., 2020) were trained in the same
settings as SimLAP for 1000 epochs (see Appendix B.3). SimCLR* and Supcon* are worse than
these in the original papers due to different training settings.

C MORE EVALUATION

Finetuning. Pretraining-finetuning is a privilege way to leverage performance on various tasks.
However, this protocol is not a good approach to evaluate the effectiveness of pretraining. The final
results are largely effected by hyper-parameters. Training from scratch with a well-tuned recipe
can also achieve a competitive result (He et al., 2019). Table 9 compares the transfer learning
performance with finetuning protocol. SimLAP and SimLAP† are slightly worse than the SSL ones,
but the gap is small.

K-nearest Neighbors. We compare SimLAP with other SL and SSL models across 8 classification
tasks via KNN evaluation. We report the top-1 accuracy with k=10 in Table 10. Momentum is an
effective technique for improving transfer learning performance. For each category with or without
momentum, our learning paradigm gains transferable features and surpasses both the SL and SSL
models. Notably, SimLAP† gets the best results for 4 out of 8 tasks.

1https://github.com/open-mmlab/mmsegmentation
2https://github.com/facebookresearch/moco
3https://github.com/facebookresearch/dino
4https://github.com/dvlab-research/Parametric-Contrastive-Learning
5https://github.com/facebookresearch/barlowtwins
6https://github.com/facebookresearch/simsiam
7https://github.com/facebookresearch/vissl
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Table 9: Comparison of transfer learning performance via finetuning across 8 classification tasks.

top-1 STL CIFAR10 Food Aircraft Cars DTD FLW Pets AVG
Supcon* 97.7 95.0 83.2 78.5 93.0 70.1 91.1 92.2 87.6
GPaCo 97.9 98.3 89.1 89.3 92.8 70.4 94.1 92.2 90.5

SimSiam 94.9 96.7 88.7 91.1 93.7 68.5 92.2 90.1 89.5
BT 98.3 98.3 89.4 87.2 92.2 71.9 94.3 92.0 90.4
SimCLR* 97.7 97.9 89.1 89.8 93.0 72.4 95.3 91.1 90.8
DINO 97.9 97.9 90.3 88.6 93.2 73.1 95.7 91.7 91.0
MoCo 97.7 98.1 89.7 90.2 93.6 72.0 94.6 93.3 91.1
SimLAP 96.6 97.8 88.7 89.9 93.6 68.9 95.4 90.5 90.2
SimLAP† 98.0 98.3 88.7 89.3 93.6 71.8 94.5 93.2 90.9

Table 10: Comparison of transfer learning performance via KNN across 8 classification tasks.

top-1 Aircraft CF10 Cars DTD FLW Food Pets STL AVG
SL 28.47 88.02 31.55 66.54 68.33 58.38 91.11 97.3 66.21
GPaCo* 20.07 89.58 23.38 61.12 52.28 48.61 90.05 97.96 60.38
Supcon 33.66 83.79 30.62 55 68.32 53.52 88.83 95.41 63.64

SimCLR 21.15 85.25 15.22 67.61 66.87 51.08 71.65 93.39 59.03
BT 33.66 87.61 25.54 68.88 80.11 60.42 82.53 94.81 66.70
SimSiam 27.93 86.68 18.13 63.94 74.29 52.27 72.64 93.21 61.14
DINO 37.53 88.79 30.43 70.69 82.44 61.2 81.41 95.61 68.51
MoCo 39.15 91.62 29.13 68.03 80.42 59.36 86.75 96.89 68.92

SimLAP 40.47 85.32 34.78 62.02 74.91 55.25 89.21 95.42 67.17
SimLAP† 42.54 91.52 39.14 65.85 81.17 61.37 90 97.2 71.10

Dense Prediction. Classification tasks reflect the quality of global features. To further study the
ability to extract subtle information in local representations, we performed semantic segmentation
with frozen features. As shown in Table 4, SimLAP has higher mIoU scores except in voc12aug,
revealing competitive local characteristics.

Table 11: Semantic Segmentation with frozen features via FCN. We report mIoU for three bench-
marks.

mIoU SimLAP† MoCo GPaCo SimCLR Supcon

ade20k 22.45 22.13 19.1 22.32 19.27
cityscapes 55.77 54.48 47.41 54.49 49.69
voc12aug 48.56 52.83 56.09 44.80 39.35

Scaling with ViTs. Vision transformers have an increasing importance on computer vision. To study
the compatibility with ViTs, we trained SimLAP with ViTs in different model sizes. Each model
was trained for 300 epochs with the AdamW optimizer (blr=5e-4). Table 12 shows the CIFAR10
KNN performance for three ViT variants. While our method has competitive performance, the gains
from scaling model size were modest.

Arbitrary Pair vs. Instance Pair. To compare learning with arbitrary pairs and with instance pairs,
we consider two popular CL frameworks (SimCLR and MoCo). The instance-wise CL methods can
learn with arbitrary pairs by introducing our feature filter, resulting in SimLAP and MSimLAP. We
assess these models on CIFAR10 using KNN accuracy over different training durations. As shown
in Figure 11, converting CL with instance pairs to arbitrary pairs consistently improves performance.
The performance gain is significant for all scenarios, ranging from 1.4% to 1.8%. Notably, MSim-
LAP outperforms MoCo (trained for 1000 epochs) within a significantly shorter training duration
(300 epochs). While KNN accuracy on CIFAR-10 provides a limited evaluation scope, the observed
trends strongly suggest that cross-class CL is more efficient and effective than traditional instance-
wise CL.

6
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Table 12: Scaling with ViTs. We report top-1 accuracy on CIFAR10 with KNN.

ViT-tiny ViT-small ViT-base
Supervised 76.94 92.38 93.49
SimLAP 82.56 91.2 92.75
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Figure 11: Converting instance pairs with arbitrary pairs. We report the KNN accuracy on
CIFAR10. MSimLAP denotes SimLAP†.

D HYPERPARAMETER

Norm IN1K CF10
LN 70.5 82.9
BN - 18.5
None NaN NaN

(a) Normalization.

opt IN1K CF10 act.
AdamW 70.5 82.9 192
LARS 70.6 86.3 83

(b) Optimizer.
Dim IN1K CF10 act.
256 70.5 82.9 192
2048 70.3 82.9 306
4096 70.6 84.1 437

(c) Dimensions of features.

τ IN1K CF10 act.
0.05 71.2 84.11 70
0.1 69.8 82.9 108
0.15 70.5 82.9 192

(d) Temperature of CL.

Table 13: Tuning hyperparameters. * denotes the default setting for tuning hyperparameters. We
report Top-1 accuracy of the linear prob (IN1K) on IN1K and KNN (k = 10) on CIFAR10. Layer
Normalization is vital to train SimLAP. LARS, high-dimensional projector, and τ = 0.05 are the
suitable for SimLAP.

We study the impact of hyperparameters for training. Each experiment was trained on IN1K for 100
epochs. The batch size was 1024. We apply the linear evaluation (Chen et al., 2020) on IN1K and
KNN (K=10) on CIFAR10 to assess the learned representations. Table 13 demonstrates the effects of
various hyperparameters. ‘act.’ calculates the average sum of gate vectors for class pairs, indicating
the mean dimensionality of subspaces. Default settings for training are highlighted in under line.

Normalization. We find that normalization at the end of the projector is critical to train SimLAP.
Without normalization, the training process becomes unstable, resulting in NaN errors. Conversely,
the model barely converges with Batch Normalization (Ioffe & Szegedy, 2015). This is because
Batch Normalization enforces each dimension to be informative (high variance), conflicting with our
filter module, which selectively eliminates certain dimensions. Our model only functions effectively
with Layer Normalization (Ba et al., 2016).

Training Parameter. Similar to other CL methods (Chen et al., 2020; He et al., 2020), SimLAP’s
performance is influenced by many factors.

Table 13b compares optimizers. AdamW (Loshchilov & Hutter, 2019) are more efficient in training
the neural networks. However, LARS (You et al., 2017) converges to a better solution by 3.4%
accuracy improvement. Optimization affects the average activation.
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Table 13c illustrates the effect of varying the projector’s dimensions. While a large projection space
is crucial for transfer learning, increasing dimensionality has minimal impact on linear probing. This
is because 256 dimensions suffice for major visual representations, but minor visual information
requires more dimensions.

We examined three temperature values (see Table 13d). While exploring more values might yield
further improvements, our chosen value (τ = 0.05) effectively demonstrates cross-class feature
learning within resource constraints. Notably, average activation correlates with τ .

E BENCHMARK

IN1P. To investigate the model’s ability to extract shared information among related classes, we
created the IN1P dataset. This dataset comprises ten dog breeds selected from ImageNet-1K: Chi-
huahua, toy terrier, Walker hound, English foxhound, Saluki, Chesapeake Bay retriever, Rottweiler,
Doberman, boxer, Great Dane. Figure 12 presents a sample image from each class in the IN1P
dataset. Despite the variations in breed, common features characteristic of dogs are evident across
all samples. This carefully curated dataset allows us to examine how effectively our model can
identify and leverage shared features among closely related, yet distinct, classes.

Figure 12: Random samples from IN1P.

IN25. We introduce IN25, a carefully curated subset of ImageNet-1K designed to study how the
semantic distance of positive pairs affects contrastive learning. The dataset comprises 25 classes
organized into 5 super-classes: cars, snakes, birds, dogs, and cats, with each super-class containing
5 sub-classes (Figure 13). This hierarchical structure creates multiple levels of semantic relation-
ships: Intra-super-class: Classes within the same super-class (e.g., different dog breeds) exhibit high
semantic similarity; Inter-super-class: Classes across super-classes demonstrate varying degrees of
semantic distance (e.g., dogs are semantically closer to cats than to cars). To quantify these semantic
relationships, we analyze class similarities using CLIP (ViT-B/16) embeddings. Figure 14a presents
a heatmap of average similarities between all class pairs, revealing clear block-diagonal patterns
that correspond to super-class groupings. For a more detailed view, Figure 14b shows similarity dis-
tributions relative to a single class (Golden Retriever), demonstrating how semantic distances vary
continuously across different super-classes.

Downstream Tasks. We use 8 downstream tasks to evaluate the transfer learning performance:
CIFAR-10: A widely-used dataset for image classification, consisting of 60,000 32x32 color im-
ages across 10 classes, with 6,000 images per class. It includes common objects such as airplanes,
automobiles, birds, and cats. The dataset is split into 50,000 training images and 10,000 test im-
ages. STL-10: Inspired by CIFAR-10 but designed with unsupervised feature learning in mind. It
contains 5,000 labeled images across 10 classes and 100,000 unlabeled images. The images are
larger (96x96) and of higher quality compared to CIFAR, making it more challenging and realistic.
Stanford Cars: A fine-grained visual classification dataset containing 16,185 images of 196 classes
of cars. The data is split into 8,144 training images and 8,041 testing images. Oxford-IIIT Pet
Dataset: Consists of 7,349 images of cats and dogs across 37 breeds. The dataset features 12 cat
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Figure 13: Random samples from IN25.

(a) Class similarity (b) Similarity to Golden Retriever.

Figure 14: IN25 demonstrates hierarchical semantic distances between classes.

breeds and 25 dog breeds, with roughly 200 images per class. It’s commonly used for tasks such as
fine-grained classification and segmentation. The data is split into 3,680 training images and 3,669
testing images. FGVC-Aircraft: A benchmark dataset for the fine-grained visual categorization of
aircraft. It contains 10,200 images of aircraft, with 100 images for each of 102 different aircraft
model variants, most of which are airplanes. The models are organized in a four-level hierarchy:
Model, Variant, Family, and Manufacturer. The data is divided into three equally-sized training, val-
idation, and test subsets. Describable Textures Dataset (DTD): An evolving collection of textural

9
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images in the wild, annotated with a series of human-centric attributes, inspired by the perceptual
properties of textures. The DTD consists of 5,640 images, organized according to a list of 47 terms
(categories) inspired by human perception. There are 120 images for each category, with image
sizes ranging between 300x300 and 640x640. The images contain at least 90% of the surface rep-
resenting the category attribute. The data is split into three equal parts for training, validation, and
testing, with 40 images per class for each split. Food-101: A dataset for food image classification,
consisting of 101 categories, with 101,000 images. Each class includes 250 manually reviewed test
images and 750 training images, intentionally left uncleaned to include some noise, which mani-
fests as intense colors and occasional incorrect labels. To standardize the images for processing, all
images have been rescaled to have a maximum side length of 512 pixels. Oxford Flowers-102: A
fine-grained image classification dataset comprising 102 flower categories. It contains 8,189 images
in total, with each class consisting of between 40 and 258 images. The training set has only 2,040
samples. The dataset is particularly challenging due to the fine-grained nature of the categories and
the large variations in scale, pose, and lighting conditions. These tasks involve general image clas-
sification tasks and fine-grained classification tasks, providing a comprehensive evaluation of the
learned representations for the image.

F UNDERSTANDING FROM A CASE STUDY

We visualize the gate values of SimLAP in Figure 15. Specifically, we pass 1K classes to the filter
to generate 1000 vectors with 256-D gate values, which indicate the activation of the corresponding
dimensions for each class. Each light point on the heatmap represents the activation status of a
specific dimension for the corresponding class. From the figure, we can observe that the gates
exhibit roughly binary values (either activated or not), and the activation vectors for different classes
are distinct. This indicates that each class creates a unique subspace within the feature space. These
experimental observations support our hypothesis that SimLAP can effectively learn to create class-
level subspaces.
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Figure 15: Gate Visualization. The activated dimensions are identified by the sum of gate values
for each class, defining the size of the subspace. Gate matrix denotes the activation of one dimension
for a class. The filter selects different dimensions for each class, demonstrating the creation of class-
specific subspaces.

Considering the large number and diversity of classes in IN1K, we use a case study to demonstrate
how SimLAP interprets the similarity between classes. Specifically, we select 17 classes belonging
to the super synset ‘snake.n.01’, 16 classes belonging to the super synset ‘wading bird.n.01’, and 21
classes belonging to the super synset ‘furniture.n.01’ from the IN1K validation set. Each class con-
tains 50 images. This case study help us to understand that SimLAP promotes cross-class features
as well as class-level features.

Subspace of Common Features. We investigate how SimLAP identifies common features between
similar classes within a coarse category. For the subclasses within a coarse class, the common
features are dominant, i.e. showing high similarity in the global space, as discussed earlier. To
delve deeper, we select the top 10 dimensions with the highest activation for subclasses within each
coarse class, as illustrated in Figure 17. These dimensions likely represent the most salient features
for distinguishing the subclasses. We then calculate the class similarity of features in the subspace
defined by these dimensions for each coarse class. Figure 16 visualizes the class similarity in the
subspaces computed for three coarse classes: Snake, Bird, and Furniture. Compared to the class
similarity in the global space, the discriminative information is strengthened for the corresponding
subspace. Specifically, the gap between intra and inter coarse-class similarity is magnified to 0.5 for

10
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Figure 16: Class similarity in subspaces. The gap between intra and inter coarse-class similarity
is widened in their corresponding subspaces, highlighting SimLAP’s effectiveness in creating dis-
criminative subspaces.

Snake in the Snake-Snake Subspace, 0.7 for Bird in the Bird-Bird Subspace, and 0.5 for Furniture in
the Furniture-Furniture Subspace. The features in the subspaces must contain distinct information
about the class pair. These features also contain visual information about other classes such that
these classes are still discriminative in the unrelated subspaces. These results demonstrate SimLAP’s
ability to create meaningful subspaces that amplify the differences between the classes, even when
no common features appear to exist in the global space, like Furniture-Snake.
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Figure 17: Illustration of selecting features for garter-lamp. Dimensions with the highest average
activation are selected (yellow).

Class Similarity in Global Space. We investigate three similarity measurements to evaluate the
ability to identify the relationships between classes: 1) Dot product of gates: We calculate the gates
for each class and sharpen the values to 1 if above 0.5 and to 0 otherwise. This measure indicates
how similar the activated dimensions are between classes, reflecting the structural similarity of their
subspaces. 2) Features in the global space: For each class pair, we use the global features to cal-
culate the cosine similarity between all sample pairs coming from each class pair. We then use the
average to denote the similarity between classes. This represents the overall visual similarity in the
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original feature space. 3) Class similarity in label embedding: We obtain the class vectors through
the label embedding in the feature filter, and then calculate their cosine similarity. This measure
reflects the learned semantic relationships between class labels. Figure 4 compares these three sim-
ilarity measurements. All results indicate that SimLAP automatically discovers both semantic and
visual similarities between classes, with clearer distinctions between the super synsets compared to
within them. This suggests that SimLAP effectively captures the hierarchical structure of the classes,
maintaining strong similarities within super synsets while preserving distinctions between them.

G LLM USAGE

We leverage a large language model (LLM)8 to identify related work by find related work about
using common features. Grammatical correctness is enforced within Overleaf via the Writefull plug-
in. The proof presented in Appendix A.1 is examined by Gemini. ChatGPT is further consulted to
corroborate the novelty of learning from arbitrary pairs; the model cautions that such an approach
is viable only when an appropriate inductive bias is imposed, and its proposed solutions diverge
materially from SimLAP.

CONVERSATION TO CHATGPT

8https://www.kimi.com/
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We ask:

We propose a new learning paradigm which learns by optimising similarity between arbitrary pair of groups (classes). This is different then the current learning
algorithms which maximise within group (class) similarity and minimise between groups (classes) similarity. Is this kind of learning from any distinct or arbitrary
pair possible? Is it possible to train on ImageNet with class labels?

You're proposing an interesting paradigm that seems to focus on optimizing similarity between arbitrary pairs of classes, rather than the traditional approach of
maximizing intra-class similarity and minimizing inter-class similarity. Let’s break down the key ideas to see if this is feasible:

1. Optimizing Similarity Between Arbitrary Pairs of Classes

Current Approach: In conventional supervised learning, the goal is typically to reduce the variance within each class (maximize intra-class similarity) and
increase the variance between classes (minimize inter-class similarity). This helps in clearly distinguishing between different classes by learning
discriminative features.
Your Approach: Optimizing for similarity between arbitrary pairs of classes suggests you want the model to understand how two different classes (even if they
are unrelated) are similar in some latent feature space. This could lead to learning more nuanced, complex, or abstract representations of data that might not
be immediately obvious from the class labels alone.

The critical question here is: How do you define similarity between arbitrary pairs of classes?

Defining similarity: One way could be based on semantic or structural relationships (e.g., classes like "cat" and "dog" might be considered similar because they
are both pets), or it could be based on visual features shared by some classes.
Challenges: One issue could be how to ensure that learning this kind of similarity still leads to good classification performance. The model might learn to
group classes based on some other latent property (like shared visual features) but could struggle when it’s time to distinguish between classes with very
different visual characteristics but similar latent structures.

Is it possible? Yes, in theory, it is possible to design a model that optimizes similarity between arbitrary pairs of classes. However, the method for choosing these pairs
and how to guide the optimization effectively would be key. It may require rethinking loss functions or creating novel similarity metrics that work across arbitrary pairs
of classes.

2. Training on ImageNet with Class Labels

Traditional ImageNet Setup: ImageNet contains a large set of images labeled with one of 1,000 predefined classes. This classification setup involves training a
model to learn representations that distinguish between these classes (using softmax or cross-entropy loss, for example).
Training with Class Labels Under Your Paradigm: If your model is to be trained with class labels but with the goal of optimizing similarity between arbitrary
pairs of classes, you would still use ImageNet, but the loss function would be modified to focus on pairs of classes, possibly choosing which pairs to
emphasize.

You could use some of these approaches:

Contrastive Learning: You could adapt contrastive learning or triplet loss methods, where the model tries to push classes that are arbitrarily chosen to be
closer together or further apart in the latent space. However, the selection of which pairs to use during training would be crucial.
Metric Learning: You could leverage metric learning techniques, where you learn a distance function between classes instead of learning to classify them
directly. This would allow you to learn similarity between pairs of classes without traditional softmax classification.

3. Challenges with ImageNet and Class Labels

Balance between pair-wise similarity and traditional classification: One concern would be ensuring that the model doesn’t lose the ability to perform well on
the standard classification task, since your method could introduce ambiguity if it's not properly regularized.
Defining Pairs of Classes for Similarity: You’d need a robust strategy for choosing pairs of classes for training. Random pairs may not work as expected since
certain classes may be too dissimilar in terms of features, leading to poor learning signals. Instead, you could consider semi-supervised or unsupervised
methods to decide which pairs are most informative for learning.

4. Possible Benefits of Your Approach

More Generalizable Features: Focusing on class-to-class similarity could allow the model to learn more generalizable features that go beyond simple class
boundaries.
Representation Learning: Instead of purely discriminative features, this approach could lead to more generative or abstract representations of images.
Few-shot Learning or Zero-shot Learning: This could also improve the model's ability to recognize new classes that are somewhat similar to existing ones,
even if they weren’t seen during training.

5. Key Considerations for Implementation

Loss Functions: You’d likely need to design a novel loss function that takes into account the class-pair similarity rather than traditional categorical losses.
Pair Selection Strategy: This is crucial. Deciding on the pairs of classes to optimize for will require some careful thought. You might want to use methods like
triplet loss, contrastive loss, or even self-supervised learning techniques that learn to cluster similar data points.
Model Architecture: The architecture might need to change to accommodate this new learning paradigm, possibly incorporating more flexible embeddings or
attention mechanisms to measure pairwise similarity efficiently.

Conclusion

It is indeed possible to train a model using class labels while optimizing for similarity between arbitrary pairs of classes, although the specific method would depend
heavily on how you define and select the pairs for optimization. The major challenges would include ensuring effective optimization, defining useful similarity metrics,
and ensuring that the model doesn't overfit or fail to generalize when the similarity structure is more complex than typical class boundaries.

Would you like to dive deeper into the potential methods for pair selection or loss function design for such a model?
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We ask:

If we pair arbitrary classes (without known relationships, semantic structure, or labels) in a similarity-based learning paradigm, will the model learn anything
meaningful, or will it perform no better than random?

Perfect — thanks for the clarity.

You're aiming to build a learning system that discovers structure from data  without relying on semantic, hierarchical, or external knowledge (like WordNet or word
embeddings). You’re only allowed to use arbitrary class pairs — selected without any prior assumption of similarity.

So the core question becomes:

Can a model learn useful representations using only random class pairings, without external structure?

Let’s break this down clearly — and then look at possible solutions.

� Restating Your Setup

You have a labeled dataset (e.g. ImageNet), but you don't want to use the labels semantically — just to form arbitrary pairs of classes.
Your goal is to train the model to increase similarity between instances from randomly paired classes.
You want to see whether this kind of learning leads to generalizable or meaningful representations  — maybe for transfer, retrieval, or classification.

� Can this work?

� If you just push arbitrary pairs together (naively):

You’re giving the model no incentive to preserve meaningful distinctions.
Random pairs might even be anti-correlated, which causes confusion.
Without contrastive terms (negatives or variance preservation), the model could just collapse representations  (i.e., every image looks the same to the model).

So: naive random-pair similarity optimization will not work on its own.

But — here’s the twist:

� It can work — if you build in just the right kind of inductive bias

You can discover latent structure even from arbitrary pairings — if you preserve certain constraints in the architecture or training objective.

1. Constraint #1: Prevent Collapse

Use something like:

Variance regularization (as in VICReg)
Stop-gradient tricks (like in BYOL or SimSiam)
Orthogonality or decorrelation losses (as in Barlow Twins)

These ensure that the model doesn’t just learn a degenerate solution.

2. Constraint #2: Include negative signals — indirectly

You don’t have to use contrastive learning per se, but you can create implicit negatives by:

Using batch-level statistics (e.g., avoid making everything similar)
Encouraging diversity in representations across different pairings

This helps the model maintain distinctiveness, even while pulling certain arbitrary classes closer together.

3. Constraint #3: Temporal or curriculum structure

Random pairings can still reveal structure over time if you do things like:

Rotate class pairings slowly, so the model gradually sees diverse associations
Track which pairings consistently lead to lower loss — emergent patterns may surface
Introduce controlled noise into similarity — like stochastic similarity masks

This mimics a kind of self-discovery process — the model starts to “notice” that some pairs are easier to align than others.
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� What this learning resembles

Your setup starts to look like:

Method How it relates

VICReg / Barlow
Twins You can treat arbitrary class pairings as a “view” of the data

BYOL You can treat one image from each class pair as a “target”, the other as “predictor”

SwAV Encourages clustering from unlabelled data — similar to discovering structure from arbitrary
associations

DINO Uses self-distillation and augmentations — might be adapted for paired class learning

In other words: you’re inventing a new kind of self-supervised learning, based on arbitrary-but-consistent cross-class similarity.

� Key Insight

If your system can:

Prevent collapse,
Maintain diversity of features,
And leverage consistency across training steps (not just one-off random pairings),

Then yes — the model can learn meaningful, generalizable representations, even without any known similarity structure.

But you’ll need to design the loss and training pipeline carefully.

� Want to try a mini-thought experiment?

Would you like to brainstorm a toy version of this, say on CIFAR-10 or a synthetic dataset?

We could sketch out:

A pairing strategy
A basic loss function (inspired by VICReg or BYOL)
What “success” would look like (e.g., linearly separable features, or good transfer)

Would that help solidify your ideas?
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