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Abstract

Dense self-supervised learning has shown promise for ac-
quiring spatially rich visual representations without la-
bels, yet most existing methods rely predominantly on intra-
image signals and object priors, limiting their generaliza-
tion to complex, scene-centric data. In this work, we pro-
pose an inter-image slot contrastive learning framework
that enhances dense representation learning by compar-
ing part-level features across different images. Our method
builds on the dense clustering objective from [40] and intro-
duces a novel slot-based inter-image contrastive loss, which
mines semantically meaningful positive and negative image
pairs using prototype-driven context vectors. We evaluate
our approach on COCO and PASCAL unsupervised seg-
mentation benchmarks, demonstrating improvements over
intra-image-only baselines. Ablation studies further reveal
the importance of inter-image positives and highlight that
careful scheduling and weighting of the inter-image loss
are essential for stable training. These results underscore
the potential of inter-image supervision for learning more
generalizable and part-aware dense representations.

1. Motivation
Self-supervised learning has significantly advanced repre-
sentation learning by reducing dependence on labeled data.
This allows models to acquire generic representations be-
fore fine-tuning for specific tasks with limited labeled data.
However, most progress has been driven by image-level ob-
jectives, where models learn a single holistic representation
per image. While effective for tasks such as classification
and retrieval, this approach is insufficient for spatially di-
verse tasks like unsupervised image segmentation, where
fine-grained, part-aware representations are crucial. More-
over, much of this success is built on well-curated, object-
centric datasets such as ImageNet [6], which do not reflect
the complexity of real-world scene-centric data. When in-
stance discrimination is directly applied to such data, treat-
ing the entire scene as a single entity overlooks its rich in-
ternal structure—multiple objects, occlusions, and complex

layouts—limiting the effectiveness of learned representa-
tions for dense prediction tasks.

A natural extension is dense representation learning,
where models capture pixel-level features to support spa-
tially aware tasks. While pixel-level learning methods
[21, 29, 37] have shown strong performance in dense pre-
diction, they primarily focus on local pixel relationships
and fail to capture higher-level object relationships neces-
sary for understanding complex scenes. Object-level repre-
sentation learning has been explored as an alternative, but
many existing approaches [10, 27, 32] rely on hand-crafted
priors such as saliency estimation [26], object proposals
[31, 34], or unsupervised clustering [14]. These priors in-
troduce domain-specific biases that constrain representation
learning and limit generalization across diverse real-world
datasets.

To address these challenges, we propose a method that
enhances self-supervised learning by incorporating inter-
image relationships to improve dense representations. In-
stead of relying solely on augmentations of the same image,
our approach compares learned features across different im-
ages using a dynamically updated queue to form meaning-
ful positive and negative sample sets. Further, we integrate
our method into the dense clustering pretext task in [40] to
develop a finetuning procedure to learn richer, more trans-
ferable dense representations that effectively capture object
relationships in complex scene-centric data. Our approach
moves toward a more general and scalable self-supervised
learning framework that does not rely on domain-specific
priors, making it better suited for real-world dense predic-
tion tasks. Our key contributions are as follows:
• We propose an inter-image slot contrastive learning

framework for dense self-supervised representation learn-
ing, enabling part-level feature alignment across images.

• We develop a context-aware mining strategy that uses
prototype-driven context vectors to select semantically
meaningful positive and negative image pairs without re-
quiring labels.

• We integrate our method into a dense clustering pretext
task [40] and show that it can be applied on top of any
pretrained model, making it flexible.



Figure 1. Illustration of our additive inter-image contrastive pipeline for investigating inter-image relationships in dense representation
learning. To mine positive and negative samples, we compute a context vector from the anchor image’s teacher features. Images with
similar context vectors are selected as positives, while those with dissimilar context are treated as negatives.

• We conduct an extensive study on the role of mined inter-
image positives and negatives, analyzing their individual
contributions and interaction within the slot contrastive
framework.

• We demonstrate that careful scheduling and weighting
of the inter-image loss is crucial for stable training
and improves performance on unsupervised segmentation
benchmarks including COCO and PASCAL.

2. Related Works

2.1. Image-Level Representation Learning

Image-level representation learning treats the entire image
as a single sample, learning holistic embeddings by compar-
ing full-image representations. These methods have demon-
strated strong performance on classification benchmarks
such as ImageNet.

Intra-image supervision. Early approaches relied on
reconstruction-based objectives, such as colorization [38],
inpainting [20], image denoising [2, 28], or predicting pixel
representations [4]. Other works introduced context-based
reasoning using spatial jigsaw tasks [19], patch position
prediction [7], or contrastive objectives across augmented
views [8, 25]. Modern methods use self-distillation, where
a student model is trained to match a momentum-updated
teacher on different augmented views [3, 11].

Inter-image supervision. To enrich representations be-
yond intra-image cues, contrastive learning techniques have
been developed that compare features across different im-
ages [5]. These methods define positive pairs using aug-
mentations or nearest neighbors, while negatives are sam-
pled either from the minibatch [5] or a memory queue [13].
Queue-based strategies such as MoCo [13] enable more di-
verse and stable learning, and extensions have explored var-
ious mining strategies [1, 9, 35, 39]. Our work builds on this

line by applying inter-image supervision to dense represen-
tation learning rather than global image-level embeddings.

2.2. Dense Representation Learning

While image-level SSL excels at classification, it struggles
with dense tasks such as detection or segmentation, which
require spatially detailed and semantically structured fea-
tures [12, 22]. This has led to increasing interest in dense
representation learning.

Pixel-level contrastive learning. These methods extend
instance discrimination to the pixel domain, matching pixel
embeddings across views based on spatial alignment [24,
30, 36] or similarity in feature space [18]. While effective,
they often rely on auxiliary image-level losses to stabilize
training and prevent collapse.

Region-level learning. To capture more structured
object-centric representations, several works introduce
region-level objectives using heuristics such as saliency
maps, contour detection, or region proposals [18]. Others
discover semantic parts by maximizing mutual information
between image patches [15] or individual pixels [14]. Re-
cent works [17] have explored combining intra- and inter-
image signals for dense learning, which closely relates to
our approach. However, these often depend on handcrafted
priors to define objectness.

Our work builds on SlotCon [33], which uses learned se-
mantic slots instead of hand-designed priors to guide dense
contrastive learning. We extend this by introducing an inter-
image slot contrastive objective, encouraging feature con-
sistency across instances of the same part in different im-
ages—leading to more robust and generalizable dense rep-
resentations.



Figure 2. Inter-image slot contrastive objectives based on mined positives and negatives. Positive images, selected for high semantic
similarity to the anchor, contribute shared slots under diverse contexts to promote alignment across views. Negative images, chosen for
low similarity, provide additional contrastive supervision with stronger control over semantic dissimilarity. Both losses are designed to
complement the original intra-image slot contrastive objective.

3. Proposed Method

3.1. Baseline Framework Setup

To investigate the impact of inter-image relationships, we
begin with a strong baseline: SlotCon [33], a state-of-the-art
dense self-supervised learning framework that relies solely
on intra-image contrastive supervision. In our experiments,
we found that initializing SlotCon with a DINOv2 backbone
(as in [40]) led to significantly better performance compared
to training from scratch. We therefore adopt this configura-
tion as our default baseline, illustrated in Figure 1.

The architecture consists of a student-teacher setup,
where the teacher network ξ is updated using an exponen-
tial moving average of the student network θ. Both net-
works include an encoder (fθ, fξ), a projector (gθ, gξ), and
a set of K learnable prototypes Sθ, Sξ ∈ RK×D. Two
augmented views v1 and v2 of an input image are passed
through the encoder and projector to obtain spatial projec-
tions zθ, zξ ∈ RHW×D. These are l2-normalized to yield
z̄θ and z̄ξ, and similarly for the prototypes S̄θ and S̄ξ. The
full training objective follows the formulation introduced
in [33].

Object-level loss. This loss ensures that pixels belong-
ing to the same object group are semantically consistent by
matching ROI-aligned assignments between the teacher and
student networks. First, we compute the teacher and stu-
dent prototype assignments using their respective tempera-
ture parameters τt, τs > 0, a running logit center c, and an
Invaug function to align augmented views:

Q̃ξ = Invaug
[
Softmaxk

(
(z̄ξ · S̄⊤

ξ − c)/τt
)]

(1)

P̃θ = Invaug
[
Softmaxk

(
z̄θ · S̄⊤

θ /τs
)]

(2)

We then apply cross-entropy loss to enforce assignment
consistency between teacher and student across all spatial

locations, symmetrically:

Lobj
θ,ξ =

1

H ×W

∑
i,j

[
LCE(Q̃

(2)
ξ [i, j], P̃

(1)
θ [i, j])

+ LCE(Q̃
(1)
ξ [i, j], P̃

(2)
θ [i, j])

]
(3)

Intra-image contrastive loss. We perform a contrastive
loss between pooled group-level feature vectors, referred to
as slots. These are computed by first obtaining soft assign-
ments:

Aθ = Softmaxk
(
z̄θ · S̄⊤

θ /τt
)

(4)

Wθ =
1∑

i,j Aθ[i, j]

∑
i,j

Aθ[i, j]⊙ zθ[i, j] (5)

To avoid comparing slots that are inactive (i.e., do not
dominate any spatial location), we define a binary indicator:

1kθ =

{
1 if ∃ (i, j) such that argmaxK (Aθ[i, j]) = k

0 otherwise

The InfoNCE loss is applied across all valid slots, pulling
together the same slot across views while pushing away oth-
ers:

LInfoNCE
θ,ξ (Wθ,Wξ) =

1

K

K∑
k=1

− log
1kθ1

k
ξ exp

(
q̄θ(w

k
θ ) · w̄k

ξ /τc

)
∑

k′ 1kθ1
k′
ξ exp

(
q̄θ(wk

θ ) · w̄k′
ξ /τc

) (6)

where q̄θ is the slot projector and τc is the temperature pa-
rameter.

Combined loss. The final SlotCon training objective
combines the object-level loss and the intra-image slot con-
trastive loss:

Lbaseline = Lobj
θ,ξ + LInfoNCE

θ,ξ (7)



Figure 3. Example mined positives from contextual mining with pseudo-labels

Figure 4. Similarity scores for shared slots across (Top): two views
of the same image and (Bottom): two different images

3.2. Self-Supervised Inter-Image Mining
Why explicit inter-image supervision could help? The
slot contrastive loss in Equation 6 can be extended to cap-
ture inter-image relationships by comparing slot features
across different images, not just across views. To evaluate
this, we visualized slot distances within and across images
(Figure 4) and found that slots assigned to the same proto-
type across images are often closer than slots assigned to
different prototypes within the same image. This indicates
that intra-image training already induces inter-image se-
mantic alignment—motivating the addition of explicit inter-
image losses to further enhance representation quality.

A central challenge in inter-image contrastive learning
is selecting semantically meaningful positive and negative
images for each anchor, especially in the absence of labels.
Motivated by prior work on contrastive mining [16, 23], we
propose a self-supervised mining scheme that leverages the
model’s own prototype assignments as pseudo-labels.

Given the teacher feature map z̄ξ ∈ RHW×d and proto-
type matrix S̄ξ ∈ RK×d, we compute the soft assignment
of each pixel to the prototypes:

Z = Softmax

(
z̄ξ · S̄⊤

ξ

τm

)
, Z ∈ RHW×K (8)

where τm is a temperature parameter controlling the sharp-
ness of the assignments.

We summarize the prototype occurrence pattern for an
image using a context vector c ∈ RK , defined as the sum of
soft assignments over spatial positions:

c =

HW∑
i=1

Zi (9)

To measure the similarity between two images i and
j, we use a Mahalanobis-style metric that considers co-
occurrence patterns between prototypes. Let Σ ∈ RK×K

be the covariance matrix and µ ∈ RK the mean vector com-
puted over a queue of recent context vectors. Then, we de-
fine similarity as:

Similarity(ci, cj) = (ci − µ)⊤(Σ + γI)−1(cj − µ) (10)

where γ is a small regularization constant.
This similarity score allows us to mine semantically rel-

evant positive and negative images in an unsupervised man-
ner. Images with high similarity to the anchor are selected
as positives, while dissimilar ones are treated as negatives
in the inter-image contrastive loss.

3.3. Inter-Image Loss Formulation for Negatives
We also extend the baseline intra-image contrastive loss by
incorporating additional negatives from semantically dis-
similar images mined from the queue. While the original



SlotCon formulation contrasts each anchor slot against non-
matching slots from the same batch and different views, we
augment this by including dominant prototypes from KN

mined negative images, identified using the context-based
similarity metric.

Let Nintra denote the set of negatives from intra-image
and batch views, and Ninter denote negatives from the mined
images. The denominator in the InfoNCE loss becomes:

B =
∑

k′∈Nintra

1kθ1
k′

ξ exp

(
q̄θ(w

k
θ ) · w̄k′

ξ

τc

)

+
∑

k′′∈Ninter

1kθ1
k′′

ξ exp

(
q̄θ(w

k
θ ) · w̄k′′

ξ

τc

)
(11)

The updated contrastive loss with inter-image negatives is:

Linter-neg
θ,ξ =

1

K

K∑
k=1

− log
1kθ1

k
ξ exp

(
q̄θ(w

k
θ ) · w̄k

ξ /τc

)
B

(12)

This formulation replaces the original intra-image con-
trastive loss, allowing us to isolate the impact of additional
inter-image negatives.

3.3.1. Inter-Image Loss Formulation with Positives and
Expanded Negatives

In our final formulation, each anchor image is paired with
a mined positive image. The contrastive loss encourages
similarity between corresponding slots across the pair while
contrasting against an expanded set of negatives: intra-
image, batch negatives, and additionally mined negatives
from the queue.

Let P be the number of anchor-positive pairs, and K the
number of slots per image. For each anchor-positive pair p,
let wkp

θ be the anchor slot, w′kp

ξ the matching positive slot,
and B denote the total denominator including intra-image
and inter-image negatives (as previously defined). The full
inter-image contrastive loss with positives is:

Linter
θ,ξ =

1

K

P∑
p=1

K∑
kp=1

− log
1
kp

θ 1
kp

ξ exp
(
q̄θ(w

kp

θ ) · w̄′kp

ξ /τc

)
B

(13)

To ensure stable optimization, especially during early train-
ing when mining quality is poor, we apply a ramp-up weight
winter ∈ R. The total loss becomes:

Ltotal = Lobj
θ,ξ + LInter-Neg

θ,ξ + winter · Linter
θ,ξ (14)

This formulation unifies intra- and inter-image contrastive
objectives, allowing the model to benefit from both local
consistency and semantic alignment across diverse scenes.

4. Results

Training Details. We train our model on the COCO dataset
using a ViT-Small architecture with patch size 16, initial-
ized from DINO-pretrained weights. The training follows
a student-teacher framework, where the teacher is updated
via an exponential moving average of the student with a co-
sine schedule (starting at 0.9995 and annealed to 1.0). We
train for 50 epochs using a batch size of 32 on 2 GPUs,
with cosine learning rate schedules—starting at 1e−4 for
the projection head and 1e−5 for the backbone. The pro-
jection head comprises three linear layers with GELU acti-
vations and outputs 256-dimensional features. All models
are implemented in PyTorch and PyTorch Lightning, and
clustering is performed using Faiss.

4.1. Evaluation Metrics
We assess dense representation quality via an unsupervised
segmentation protocol based on overclustering, which di-
rectly operates on learned spatial features without addi-
tional supervision.
• Feature Extraction. Spatial features are extracted from

the final layer of the backbone, discarding the projection
head.

• Overclustering. K-Means clustering is applied to all spa-
tial tokens from the validation set using K = 500 clusters
to generate part-level pseudo-labels.

• Label Matching. Predicted clusters are matched to
ground-truth classes by maximizing pixel-wise precision.
The Hungarian algorithm ensures a permutation-invariant
mapping.

• Metric. Mean Intersection over Union (mIoU) is com-
puted between the aligned cluster map and ground-truth
segmentation, averaged over five random K-Means seeds.

This protocol evaluates the semantic structure and spatial
consistency of the learned representations without super-
vised fine-tuning.

4.2. Benchmarks
Table 1 presents a comparison of our method against a
range of supervised and self-supervised baselines for trans-
fer learning on unsupervised semantic segmentation. Re-
sults are reported in mIoU on PASCAL VOC 2012, COCO-
Things, and COCO-Stuff.

Comparison with Supervised and Instance-Level
Methods. Supervised models trained on large-scale
datasets such as ImageNet (IN) and ImageNet21k (IN21)
serve as upper bounds. Notably, our method—despite be-
ing trained in a self-supervised manner and only fine-tuned
on COCO—achieves performance comparable to or better
than supervised baselines on COCO-Things and COCO-
Stuff. Compared to instance-level self-supervised methods
like MoCo-v2 and SwAV, our approach provides substantial



Method Train PVOC12
(K=500)

COCO-Things
(K=500)

COCO-Stuff
(K=500)

Sup. ViT IN + IN21 55.1 50.9 35.1
Sup. ResNet IN 36.5 44.2 30.8

instance-level

MoCo-v2 IN 39.1 36.2 28.3
DINO IN 17.4 23.5 32.1
SwAV IN 35.7 37.3 33.1

pixel/patch-level

MaskContrast IN + PVOC 45.4 37.0 25.6
DenseCL IN 43.6 41.0 30.3
Ours (Best Neg.)CC 47.5 51.1 43.9
Ours (Best Pos.) CC 48.7 49.2 42.5

Table 1. Transfer learning results for semantic segmentation using
KNN (K = 500). ’IN’, ’IN21’, ’CC’, & ’PVOC’ indicate training
on ImageNet, ImageNet21k, COCO, & Pascal VOC training sets,
respectively.

improvements, particularly on COCO-Things where object-
level consistency is more critical.

DINO-V2 as Backbone. We fine-tune a strong pre-
trained ViT backbone (DINO-V2) on COCO using our pro-
posed inter-image contrastive framework. The standalone
DINO baseline shows significantly lower performance com-
pared to our method, especially on PASCAL VOC (17.4 vs.
48.7), demonstrating that the gains are not merely due to the
backbone but rather the effectiveness of ourobject-level loss
and inter-image loss formulation.

Effect of Inter-Image Loss. Both of our con-
figurations—using best-performing inter-image negatives
and positives—outperform pixel-level baselines such as
DenseCL and MaskContrast, highlighting the importance
of modeling relationships across images. Our best negative
mining configuration achieves the highest performance on
COCO-Things (51.1 mIoU), while the best positive min-
ing configuration achieves the strongest result on PASCAL
VOC (48.7 mIoU). These results indicate that inter-image
relationships improve generalization across datasets with
diverse scenes and object distributions.

4.3. Effect of Mined Negatives and Queue Size

Table 2 summarizes the impact of varying both the num-
ber and hardness of negatives in the inter-image contrastive
loss. Increasing the number of negatives or selecting harder
negatives (top 2% most similar images from the memory
queue) resulted in negligible performance gains. These
findings suggest that SlotCon’s original slot-contrastive
loss—based on negatives from other images within the
batch—already provides a strong supervisory signal, and
that supplementing it with additional or harder negatives of-
fers limited improvement.

Experiment No. of Mined
Negatives

Queue
size PASCAL COCO

Stuff
COCO
Things

Baseline 0 47.2 43.8 50.7
Num Negatives Exp

8 Rand negs 8 1024 47.5 44.1 50.3
15 Rand negs 15 1024 47.6 43.1 49.9
32 Rand negs 32 1024 46.9 43.45 49.8
64 Rand negs 64 1024 46.7 44.0 50.2
128 Rand negs 128 1024 47.5 43.9 51.1

Queue Size Exp
Queue size 512 15 512 46.8 43.9 49.6
Queue size 1024 15 1024 47.6 43.1 49.9
Queue size 2048 15 2048 47.5 44.0 50.2
Queue size 4096 15 4096 46.9 43.5 50.2

Table 2. Hyperparam. sweep on #mined negatives & queue size.

No. of
Positive Images

winter
Scheduling

Queue
Size PASCAL COCO

Stuff
COCO
Things

0 (Baseline) – – 47.2 43.8 50.7

Num Positive Experiments

3 1 1024 46.1 40.1 46.4
6 1 1024 45.0 40.4 45.5

winter Experiments (Varying winter)

6 1 1024 45.0 40.4 45.5
6 0.1 1024 48.7 42.3 49.2
6 0.01 1024 48.5 42.5 49.7

Table 3. Positive mining evaluation results with different weight-
ing factors introduced from 10th epoch.

4.4. Effect of Positive Sampling & Loss Weight
Scheduling

Table 3 demonstrates that incorporating additional positive
samples and enforcing prototype consistency with the an-
chor improves representation learning. To ensure the reli-
ability of positive samples, we adopted a stringent similar-
ity threshold (<1% to the anchor, instead of the conven-
tional 25%). The consistency loss was introduced only in
later training stages, once prototypes had stabilized, as early
inclusion was found to degrade performance due to noisy
feature representations. Additionally, we applied a small
weighting factor to this loss to prevent interference with the
primary objective and to reduce noise.

5. Conclusion
In summary, our proposed method leveraging inter-image
information shows promise for learning more generalizable
& part-aware dense representations. Our findings under-
score the utility of inter-image supervision & the practical-
ity of fine-tuning existing pretrained models. We demon-
strate that object-centric contrastive learning can be effec-
tively adapted for scene-centric datasets without requiring
full retraining, making it broadly applicable to downstream
dense prediction tasks.



References
[1] Mehdi Azabou, Mohammad Gheshlaghi Azar, Ran Liu, Chi-

Heng Lin, Erik C Johnson, Kiran Bhaskaran-Nair, Max
Dabagia, Bernardo Avila-Pires, Lindsey Kitchell, Keith B
Hengen, et al. Mine your own view: Self-supervised
learning through across-sample prediction. arXiv preprint
arXiv:2102.10106, 2021. 2

[2] Piotr Bojanowski and Armand Joulin. Unsupervised learning
by predicting noise. In International Conference on Machine
Learning, pages 517–526. PMLR, 2017. 2

[3] Mathilde Caron, Hugo Touvron, Ishan Misra, Hervé Jégou,
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