DIP: Unsupervised Dense In-Context Post-training of Visual Representations
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Figure 1. Dense retrieval-based semantic segmentation in low-shot regimes (40 examples) using patch feature similarities. For each
query image (a), we show the ground truth (b), our DIP model’s prediction (c), and its retrieved neighbor (d) for the patch marked with
a red cross in (a). In (e) and (f), we display DINOV2R’s (Dv2R) output and its nearest neighbor, respectively. Our DIP representations
retrieve more coherent neighbors, yielding more accurate segmentations than DINOVZ2R.

Abstract

We introduce DIP, a novel unsupervised post-training
method designed to enhance dense representations in large-
scale pretrained vision encoders for in-context scene un-
derstanding. Unlike prior approaches using complex self-
distillation architectures, our method trains the vision en-
coder using pseudo-tasks that simulate downstream in-
context scenarios, inspired by meta-learning principles. To
enable post-training on unlabeled data, we propose an
automatic mechanism for generating in-context tasks that
combines a pretrained diffusion model and the vision en-
coder. DIP is simple, unsupervised, and computation-
ally efficient, requiring under 9 hours on a single A100
GPU. By learning dense representations through pseudo in-
context tasks, it achieves strong performance across a vari-
ety of downstream real-world in-context scene understand-
ing tasks. It outperforms both the initial vision encoder and
prior methods, offering a practical and effective solution for
improving dense representations. See code here

1. Introduction

Our goal is to learn dense image representations from un-
labeled data for effective in-context scene understanding.
In-context learning, which enables models to adapt to tasks
without updating parameters, has seen remarkable success
in large language models (LLMs) [7]. By providing a few
examples within the input prompt, LLMs generalize effec-
tively to new tasks. Inspired by this, recent efforts aim to
bring similar in-context learning capabilities to vision-only
models [3, 5]. A notable approach by Balazevic et al. [3]
reformulates dense prediction tasks as nearest-neighbor re-
trieval problems using patch feature similarities, demon-
strating strong performance, especially with limited data.
However, while recent self-supervised Vision Transform-
ers (ViTs) [3, 56, 75] show promise for in-context scene
understanding, they still fall short of matching LLMS’ in-
context learning success. To bridge this gap, it is crucial
to learn dense features that establish strong semantic corre-
spondences between patches in test and training images.

A key insight from prior work [58, 64, 84] is that leverag-



ing pretrained Vision Foundation Models (VFMs), such as
DINOV2R [16, 56], and specializing them through unsuper-
vised post-training is more computationally efficient and ef-
fective than training from scratch. This aligns with trends in
LLMs, where large-scale pretraining is followed by cheaper
post-training stages to specialize in specific skills of in-
terest. We refer to the pretrained VFM undergoing post-
training as the base model.

Most methods, whether trained from scratch or post-
trained, rely on self-distillation, where the teacher is an ex-
ponential moving average of student weights [26]. These
frameworks use architectures and objectives designed to
promote dense nearest-neighbor retrieval skills. For in-
stance, state-of-the-art methods enforce object consistency
across images and views [46] or between patch rankings
from two random views of the same image [58]. However,
self-distillation often suffers from poor stability [83] and
hyperparameter sensitivity [2]. Moreover, these approaches
introduce additional complexity, such as differentiable sort-
ing [58], Rol alignment units [29, 58, 84], Sinkhorn-Knopp
optimization [64, 84], or learnable patch pooling [3, 46].
While improving performance, these components make the
methods harder to interpret and tune, and less transparent in
terms of their underlying mechanisms.

In this work, we adopt a post-training approach due to its
computational efficiency and effectiveness. Within this con-
text, we address two key questions: (1) Are there simpler
and more effective alternatives to existing self-distillation
frameworks with complex architectures and objectives?,
and (2) Beyond the base model, can we leverage other vi-
sion foundation models to achieve our goal?

We propose a simpler post-training approach with an
unsupervised learning objective explicitly designed for in-
context scene understanding. Inspired by meta-learning,
which learns general knowledge from diverse tasks to ad-
dress unseen but related tasks, we automatically construct
multiple in-context tasks from unlabeled data and train the
model on them. This enables the model to acquire trans-
ferable dense representations for efficiently solving new in-
context tasks during downstream stages. Unlike prior meth-
ods, our approach eliminates complex training objectives
and architectures, and avoids self-distillation frameworks.

To achieve unsupervised post-training, we generate in-
context pseudo-tasks that mimic the tasks encountered dur-
ing downstream use. Each pseudo-task consists of support
examples with segmentation masks and a query image seg-
mented using the support examples. The support set in-
cludes a positive example (sharing objects with the query)
and “distractor” examples (likely unrelated). Our pseudo-
tasks resemble meta-learning episodes [76] with the differ-
ence that we do not use any manual annotations.

Instead, we leverage pretrained VFMs to construct these
pseudo-tasks. Specifically, apart from the base model (DI-

NOV2R) that we post-train, we use an auxiliary pretrained
generative model, Stable Diffusion (SD) [27]. SD provides
high-fidelity, class-agnostic image segments in an unsuper-
vised manner, while the base model retrieves candidate pos-
itives for each query and assigns pseudo-labels to the seg-
ments. Although SD is pre-trained on image-caption pairs,
we consider our post-training unsupervised as we do not use
captions to extract image segments from SD, and neither SD
nor the base model rely on dense segmentation labels.

The main contributions of this paper are as follows:

e We introduce DIP, a novel unsupervised post-training
method that uses retrieval-based in-context learning to
improve dense image representations. Unlike prior work,
DIP is based on meta-training principles and eliminates
the need for complex self-distillation architectures. Fur-
thermore, DIP is computationally efficient, requiring less
than 9 hours on a single A100 GPU for post-training.

» To enable post-training on unlabeled data, we propose
an automatic mechanism for generating in-context tasks.
In addition to the base model, this approach leverages
the Stable Diffusion model (through the unsupervised,
training-free DiffCut [15] technique) to produce high-
quality pseudo-segmentations from unlabeled images.

» Experiments show that the learned dense representations
generalize effectively to a wide variety of downstream
tasks. These include six semantic segmentation datasets
and one monocular depth prediction dataset, even in low-
shot scenarios. Furthermore, we extend our approach to
other VFMs, such as CLIP [61], and show that it consis-
tently enhances their dense representations.

e Compared to DINOvV2R, DIP produces more seman-
tically coherent neighbors, leading to more accurate
retrieval-based scene understanding, particularly in low-
shot settings (see Fig. 1). Additionally, DIP outper-
forms recent state-of-the-art post-training methods in
most retrieval-based tasks while being simpler.

2. Related Work

Self-supervised learning. Self-supervised methods learn
rich representations from vast amounts of raw data via pre-
text tasks providing supervision signals from the data, later
enabling fine-tuning on downstream tasks with minimal an-
notations. The main self-supervised approaches for im-
ages include: contrastive objectives that distinguish similar
and dissimilar views [11, 30, 54], clustering-based objec-
tives [1, 8, 23], self-distillation objectives that match rep-
resentations across augmentations [6, 9, 12, 24, 26], and
reconstruction objectives that predict pixel colors [31, 80]
or masked patch features from a teacher network [2, 25,
39, 55, 75, 83]. Recent approaches use pretrained VFMs
for distillation in cooperation with self-supervised objec-
tives [4, 17, 36, 59]. These methods focus on learning



global image representations for classification tasks. How-
ever, without full-finetuning or task decoders, they are less
suitable for dense scene-understanding tasks like segmenta-
tion. We build DIP on contrastive objectives [54] equipped
with a memory bank [30].

Dense self-supervision. Learning localized image rep-
resentations that can be rapidly adapted to scene under-
standing requires specialized self-supervised objectives that
mimic downstream tasks [3, 10, 33, 34, 46, 68, 71, 78, 79].
One approach contrasts features from dissimilar pixels or
pseudo-segments within images, improving object detec-
tion [33, 34, 53, 78, 79]. Others employ clustering strategies
to produce object-aware supervision signals to improve se-
mantic segmentation [10, 71, 84], while some extend patch-
level contrastive learning across images [3] with nearest-
neighbor consistency [28, 46, 58]. Although we share sim-
ilar objectives with [3, 58] for in-context scene understand-
ing, we introduce a novel self-supervised objective inspired
by few-shot learning that leverages automatically computed
object segment pseudo-labels.

Recent works build upon pretrained VFMs [28, 41, 58,
69, 84] casting their self-supervised training as a post-
training stage for preparing the VFM for dense downstream
tasks. Similarly, DIP aims to rapidly endow pretrained
VFMs with in-context dense reasoning skills.

Unsupervised semantic segmentation. These works aim
to produce object segments via self-supervised training.
Earlier works employed clustering objectives, with segmen-
tations refined via consistency across augmented views [13,
37, 38, 40, 77]. Other works explore pretrained features
from self-supervised VFMs [28, 45, 47, 66, 77] or diffu-
sion UNet encoders [15, 73]. The recent DiffCut [15] lever-
ages recursive Normalized Cuts in the final attention layer
of a pretrained diffusion UNet encoder to produce object
segments without supervision. We use DiffCut to extract
pseudo-segmentation maps for our in-context post-training,
as these segments - while sometimes noisy - serve as effec-
tive proxies for actual object segments in our framework.

Few-shot learning. Few-shot learning develops models
capable of rapid adaptation from limited labeled exam-
ples. These models are typically trained on few-shot tasks
(or episodes) sampled from the training data, that sim-
ulate test-time conditions. Existing approaches include
memory-based methods that match queries to labeled ex-
amples [50, 65, 76], metric-learning techniques that learn
distance functions from few samples [70, 72], optimization-
based methods that learn efficient adaptation through few
gradient steps [20, 62], and generative approaches that pre-
dict classifier weights [21, 22, 60]. Inspired by Vinyals
et al. [76], we devise a self-supervised pretext objective
consisting of multiple in-context scene understanding tasks,
each with a set of support samples stored in a memory and a

query image to be segmented based on the support samples.
In contrast to few-shot learning, we use no human annota-
tion during post-training, generating labels automatically.

3. Method

Our goal is to fine-tune a pretrained vision encoder, typi-
cally a VIiT [18], to produce dense features suitable for in-
context dense prediction tasks framed as nearest-neighbor
retrieval. Given a set of support images (i.e., training im-
ages) with semantic segmentation annotations and a query
image (i.e., test image), we aim to ensure that patch-wise
features extracted from the query image are highly similar
(e.g., high cosine similarity) to support patches of the same
object category, while being dissimilar to features of differ-
ent objects.

To achieve this, we propose an unsupervised post-
training approach (Fig. 2) that fine-tunes the encoder on
dense nearest-neighbor retrieval tasks automatically gener-
ated from unlabeled data. Training on pseudo-tasks that
simulate real scenarios, the encoder learns robust features
transferable to real in-context tasks.

In the following sections, we first detail our dense in-
context post-training approach (Sec. 3.1) and then describe
the automatic process for constructing dense in-context
tasks (Sec. 3.2), including the pseudo-labeling of class-
agnostic segments and the selection of support examples.

3.1. Dense In-Context Training

During training, we sample an in-context task T from
dataset D. Each task T consists of K support examples
S = f(Xs;;Ys;)9i<, and one query example (Xq; Yq),
where Xq and Xs; are images, and Yq and Ys; are their
one-hot semantic segmentation pseudo-labels. Among the
K support examples, one is a “positive” example sharing
pseudo-classes with the query, while the remaining K 1
are “distractor” examples unlikely to share any pseudo-
class. Since our method is unsupervised, these tasks and
pseudo-labels are automatically constructed (see Sec. 3.2).

Feature extraction. Let f() be a pretrained encoder
that our method fine-tunes. Given an input image X (ei-
ther query or support), () produces patch-wise features
f(X) 2 R- P, where L is the number of patches and D is
the feature dimension. We further apply a patch-wise multi-
layer perceptron (MLP) network h() to project the features
into a D’-dimensional space: F = h(f(X)) 2 RL D',
The MLP includes an “,-normalization layer at the end. Let
denote the parameters of (h  )() model.

Label pre-processing.  To align label resolution with
patch features, we patchify the one-hot pseudo-labels Y.
We divide Yg, into patches matching the encoder’s patch
size and average the one-hot labels within each patch, yield-
ing Y2 2 R~ €, where C is the number of pseudo-classes.
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Figure 2. Our unsupervised Dense In-context Post-training (DIP) method. During post-training, the model is given a pseudo in-
context task, created automatically without human input. Each task includes a query image and a pseudo-labeled support set with a positive
example (sharing objects with the query, as shown in the zebra example) and “distractor” examples that contain different object categories.
The model predicts the pseudo-labeled semantic segmentation of the query image using the support set as reference. To do this, it (1)
extracts patch-wise features from both the query and support images using the vision encoder f( ) and projection head h( ); (2) computes
segmentation predictions for the query image through cross-attention (query patch features as queries, support patch features as keys, and
pseudo-labeled support patches as values). A pixel-wise cross-entropy loss is applied to the predictions. By training on these pseudo tasks,
DIP enables the encoder to learn transferable dense representations, which are later used to efficiently solve new real in-context tasks.

In-context dense predictions. Using patch-wise features
and patchified labels from the support set S, we define a
soft nearest-neighbor classification function cs () to predict
dense labels 9q = cs(Xq) for the query image Xq. First,
we compute attention scores for each query patch over all
K L support patches:

.
A = softmax 4TS , 1)

where Fs 2 R(-K) D’ concatenates patch-wise features
Fs, from all support images, and is the softmax tempera-
ture. The softmax normalization is over the support patches.
The attention weights A 2 [0;1]% & ¥ are used to com-
pute a weighted average of the patchified support labels:

Vo=A Y, )

where Y 2 R(-K) € concatenates patchified labels Y.

from all support images, and qu 2 RY C represents the
predicted patchified labels for query. Essentially, this de-
fines a cross-attention layer [74], with F, as queries, Fs as
keys, and Y as values.

Finally, we use nearest-neighbor interpolation to upsam-
ple 9q° to the original image size, yielding the final label
prediction Y = cs(Xq).

Training objective. For a single task T =fS; (Xq; Yq)0,
we minimize the pixel-wise cross-entropy  loss

Lce(Yq: cs(Xq); ) between the predicted labels cs(Xq)
and the pseudo-labels Yq. The model, comprising the

pretrained encoder and randomly initialized MLP (h  f)()
with parameters , is trained by optimizing the expected
loss over a collection of tasks sampled from D:

min Efs;(xq;Yq)g D [I—CE(Yq; Cs (Xq); )] . (3)

Downstream stage. For downstream in-context scene un-
derstanding tasks, we remove the head h() and use the
fine-tuned encoder (). Following [3, 57, 58], we con-
struct a larger memory bank (support set) than used dur-
ing post-training, with 10,240,000 patch-wise features ran-
domly sampled from the available training images for each
dataset. For a query image, we extract its patch-wise fea-
tures using f( ), retrieve the top-30 nearest neighbors from
the memory bank via cosine similarity, and apply cross-
attention (as in Egs. (1) and (2)) with temperature = 0:07.

3.2. Automatic Dense In-Context Task Construction

To apply our dense in-context post-training approach to un-
labeled data, we automatically generate in-context pseudo-
tasks with spatially coherent segmentation labels. This in-
volves two steps: (1) generating pseudo-segmentation maps
for dataset images and (2) selecting query and support ex-
amples to form each in-context task. These steps create
meaningful and challenging tasks, enabling the model to
learn transferable in-context visual learning skills. Exam-
ples of constructed pseudo-tasks are shown in Fig. 3.

Generating pseudo semantic segmentation labels. We
generate pseudo-segmentation maps by first dividing each
image into non-overlapping class-agnostic segments and
then assigning a pseudo-label to each segment.

4267



(a) Query (b)Pseudo labels (d) Pseudo labels

Figure 3. Examples of automatically constructed in-context
scene understanding tasks. Each row shows a query image and
its corresponding positive support example. (a) and (b) display the
query image and its pseudo segmentation labels, while (c) and (d)
show the positive support image and its pseudo segmentation la-
bels. Despite being generated in a fully unsupervised manner, the
segmentation masks for salient objects are highly accurate, closely
matching the actual objects. In addition, the query and positive
image pairs share a common object with the same pseudo-label.
During post-training with our DIP method, the model predicts the
query image’s segmentation using the positive example as a refer-
ence, along with distractor support examples (randomly sampled
from other images in the mini-batch, not shown here for brevity).

(c) Positive

For the first step, we use DiffCut [15], a training-free
zero-shot image segmentation method. DiffCut leverages
features from a pretrained diffusion model, SSD-1B [27],
along with a recursive graph partitioning algorithm to pro-
duce fine-grained segmentation maps. These maps, called
DiffCut masks, are generated and stored for the entire pre-
training dataset. Since DiffCut is unsupervised, our pre-
training approach remains fully annotation-free.

For the second step, we assign pseudo-labels to each seg-
ment using the self-supervised DINOvV2R feature encoder.
We compute the mean DINOV2R feature for each DiffCut
mask by pooling dense features within the mask region. To
group visually similar segments, we apply K-means cluster-
ing on these pooled features. The resulting clusters serve
as pseudo-classes for annotating the DiffCut masks. To as-
sign a pseudo-class to each DiffCut mask, we first assign
each pixel-wise DINOv2R feature the cluster ID of its clos-
est K-means centroid. Then, for each DiffCut mask, we
perform majority voting on all pixels within the mask and
assign the most frequent cluster ID. This ensures robust and
consistent pseudo-labels, even with noisy features.

Selecting examples for in-context tasks. To generate in-
context tasks, we pair each query image with one “positive”

LFor COCO [48], clustering is performed on the full dataset; for Ima-
geNet [44], clustering is performed on a random subset of 200,000 training
images for efficiency.
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Figure 4. In-context scene understanding in low-shot regimes.
mloU results with ViT-B/14 versus training data size.

Fraction of Data
(a) PascalvVOC

support image and K-1 “distractor” support images.

To find positive images sharing similar visual content,
we use DINOVZ2R global image representations. For each
image, we retrieve five nearest neighbors using DINOV2R
global features. This yields five positive pairs per image.
We then retain pairs where the query and positive-support
images share a common pseudo-class occupying more than
5% of each image’s area. This ensures semantically mean-
ingful positive pairs. The final refined list contains all pos-
sible query-positive support pairs for training.

For the K-1 “distractor” examples, we randomly sample
images from the current mini-batch during training. Includ-
ing distractors encourages the model to distinguish relevant
from irrelevant content, improving feature discriminability.

4. Experiments
4.1. Experimental Setup

Compared methods.  We compare our method with
state-of-the-art unsupervised learning approaches, includ-
ing DINO [9], Leopart [84], TimeT [64], iBOT [83],
CrOC [71], CrIBO [46], DINOv2R [16, 56], and
NeCo [58]. NeCo, a recent method (ICLR’25), is the most
related to ours, as it also post-trains DINOvV2R for dense
representation learning in in-context scene understanding
tasks. However, our post-training methodology differs sig-
nificantly: we explicitly train on in-context pseudo-tasks
relevant to our target applications, while NeCo adopts a
self-distillation-based approach.

Training setup. We apply our unsupervised post-training
to DINOvV2 [56] with registers [16] (DINOv2R), using ViT-
S/14 and ViT-B/14 models. In-context pseudo-tasks are
generated using DiffCut and the base model (e.g., DI-
NOV2R ViT-B/14 is used to generate pseudo-tasks for post-
training DINOV2R ViT-B/14; see Sec. 3.2). Except other-
wise stated, post-training is on COCO for 5 epochs with
1,000 pseudo-classes. We also explore post-training CLIP



Method Backbone 1 Pi\scaIV?C 1 1 ?DEZOT 1
1 8 64 128 1 8 64 128
DINOY [9] ViT-S/16 48.7 413 305 264 179 150 110 95
SelfPatchY [81] ViT-S/16 508 432 326 284 17.7 147 109 10.0
CroCY [71] ViT-S/16 605 538 418 340 173 152 108 8.7
TimeTY [64] ViT-S/16 62.3 552 438 381 232 189 141 121
Leopart” [84] ViT-S/16 645 584 497 446 239 196 148 129
CriBOY [46] ViT-S/16 724 669 599 539 266 227 173 146
DINOV2R? [16] ViT-S/14 794 752 677 607 393 332 249 226
NeCo? [58] ViT-S/14 810 773 715 658 389 325 241 219
DIP (ours)* ViT-S/14 81.0 777 714 659 397 337 256 232
DINOY [9] ViT-B/16 573 498 377 331 215 182 135 115
Leopart” [84] ViT-B/16 695 63.1 547 501 267 218 168 146
Hummingbird” [3] ViT-B/16 71.8 643 572 505 296 223 151 117
CriBOY [46] ViT-B/16 742 69.2 618 559 284 244 184 159
DINOV2R? [16] ViT-B/14  79.0 753 676 603 408 353 273 249
NeCo? [58] ViT-B/14 824 787 717 650 412 352 272 251
DIP (ours)* ViT-B/14 821 796 751 70.1 426 368 294 270

Table 1. In-context scene understanding with few training examples. Dense nearest neighbor retrieval performance on ADE20K and
PascalVOC datasets, evaluated using the mloU metric across varying proportions of training data. The fractions % below the dataset names
indicate the proportion of training data used. Results marked with y are from NeCo [58], while those marked with z are our own.

and MAE models with ViT-B/16 (using pseudo-labels from
DiffCut and DINOVZ2R ViT-B/14), as well as post-training
on ImageNet. Our post-training is efficient, requiring
17h52min on V100 (ViT-B) and 8h37min on A100 (ViT-
S). Pseudo-label generation for COCO, which is done only
once and offline, requires 17h on a V100 GPU. More im-
plementation details in Appendix A.

Evaluation setup. To assess our representations’ general-
ity, we evaluate them on diverse tasks and datasets. These
include semantic segmentation on PascalVOC [19], Pascal-
Context [51], ADE20K [82], Cityscapes [14], COCO [48]
(mloU™), and monocular depth prediction on NYUv2 [52]
(using RMSE#). COCO is in-domain, as its training
data is used for post-training, while the others are out-
of-domain. These datasets test generalization to domain
shifts between post-training and downstream tasks. We
also evaluate robustness to intra-task domain shifts using
the CS ¥ ACDC [63] setting, where Cityscapes (CS) pro-
vides the support set and ACDC provides the query images
for retrieval-based segmentation. While both datasets con-
tain autonomous driving images, ACDC introduces chal-
lenging conditions like snow, night, fog, and rain, unlike
Cityscapes’ clear-weather daylight images.

All results reported in this paper are produced using our
implementation unless marked with y. For DINOvV2R and
NeCo, we evaluate the publicly available pretrained model
checkpoints to ensure a fair comparison.

4.2. Retrieval-based Scene Understanding

Comparison with state-of-the-art in low-shot regimes.
In Tab. 1, we compare our DIP approach with prior state-

of-the-art methods for dense image representation learning
on retrieval-based semantic segmentation using the Pascal
VOC and ADE20K datasets. We evaluate both full-data (%)
and low-shot regimes (3, &, and 135), where only a frac-
tion of the training examples is used in the support set.

Our DIP approach consistently outperforms DINOV2R,
with the performance gap widening as the number of train-
ing examples decreases, particularly for the PascalvVOC
dataset (see Fig. 4). Notably, DIP achieves superior results
compared to prior work in most settings for both ViT-S and
ViT-B, while remaining competitive in others.

Comparison with DINOV2R and NeCo. We compare
our DIP method with DINOVZ2R, the base model for our
post-training, and NeCo, a recent method that also post-
trains DINOV2R. In Tab. 2 we evaluate these methods on
in-context semantic segmentation tasks across six datasets.
Our approach shows consistent improvements over DI-
NOV2R on all datasets, both in-domain (COCO) and
out-of-domain (ADE20K, Pascal\VVOC, Pascal-Context, and
Cityscapes), highlighting the generalization capability of
our representations. Unlike NeCo, our DIP consistently im-
proves over DINOV2R, achieving higher mloU and average
performance improvements (see “Avg. Delta” in Tab. 2).

Intra-task domain shift. In Tab. 2, the CS ¥ ACDC set-
ting evaluates the robustness of the learned representations
to domain shifts between the support set and query images
during the downstream stage, as explained in Sec. 4.1. Al-
though our post-training D 1P method is not specifically de-
signed to improve this type of robustness, it still achieves a
1.6 mloU improvement over DINOVZ2R for ViT-B.



Method Backbone ADE20K PascalVOC  Pascal-Context  Cityscapes CS¥ACDC COCO Avg. Delta
DINOV2R [16] VIiT-S/14 39.3 79.4 48.0 55.6 47.4 72.6

NeCo [58] ViT-S/14  389( 0.4) 81.0(+1.6) 49.4(+1.4) 539( 1.7) 472( 0.2) 743(+17) +0.40
DIP (ours) ViT-S/14  39.7 (+0.4) 81.0(+1.6) 49.5(+1.5) 55.8 (+0.2) 47.4(+0.0) 74.0(+1.4) +0.85
DINOV2R [16] VIiT-B/14  40.8 79.0 49.0 58.4 50.5 72.9

NeCo [58] ViT-B/14 412 (+0.4) 824 (+24) 51.2(+2.2) 57.9( 05) 515(+1.0) 75.4(+25) +1.50
DIP (ours) ViT-B/14 426 (+1.8) 821(+21) 515 (+2.5) 59.5(+1.1) 52.1(+1.6) 76.0(+3.1) +2.00

Table 2. In-context scene understanding benchmark. Dense nearest neighbor retrieval performance for semantic segmentation on six
scene-centric datasets: ADE20K, Pascal\VVOC, Pascal-Context, Cityscapes, CS ¥ ACDC, and COCO. The first five are out-of-domain, while
COCO is in-domain (used for post-training). Performance is measured using the mloU metric. For NeCo and our DIP, which post-train
DINOV2R, improvements over DINOV2R are shown in parentheses. The “Avg. Delta” column reports the average improvement.

Method DINOvV2R NeCo DIP (ours)
RMSE# J71 769 .756

Table 3. In-context monocular depth prediction on NYUv2
dataset [67]. RMSE scores (lower is better) scaled by 10 for read-
ability reasons. All methods use ViT-S/14.

Method Backbone  PascalVOC ADE20K
DINOvVZ2R [16] ViT-B/14 79.0 40.8

+DIP ViT-B/14 821 (+2.1) 42,6 (+1.8)
CLIP [61] ViT-B/16 71.8 29.0

+DIP ViT-B/16  73.8(+2.0)  30.1(+1.1)
MAE [31] VIT-B/16  13.9 5.1

+DIP ViT-B/16  47.3 (+33.4) 11.8(+6.7)

Table 4. Post-training with other base models. Dense nearest
neighbor retrieval performance (mloU) for semantic segmentation
on ADE20K and PascalVVOC, using DINOvV2R, CLIP, and MAE
as base models, before and after post-training.

Monocular depth prediction. In Tab. 3, we report in-
context depth results on NYUv2 (RMSE). Both DIP and
NeCo improve over DINOV2R, with DIP achieving the best
RMSE. This is notable, as our in-context pseudo-tasks are
designed for semantic segmentation, yet the representations
generalize well to depth prediction.

Post-training other base models. In Tab. 4, we evaluate
in-context segmentation on ADE20K and Pascal\VVOC using
CLIP [61] and MAE [31] as base models, before and af-
ter DIP post-training. Our method consistently improves
performance across all tested models, showing its versatil-
ity. MAE improves by +33:4 mloU on PascalVOC. These
gains transform MAE from weak to improved at in-context
segmentation, highlighting our approach’s effectiveness in
enhancing dense features.

Comparison with supervised baselines To automatically
generate pseudo-segmentations, our post-training approach
leverages Stable Diffusion (SD) features [27], trained on
weakly annotated (internet-scraped) image-caption pairs. In
Tab. 5, we compare DIP to SD and supervised encoder fea-
tures (SAM [43] and RADIOv2.5 [32]). Crucially, SAM

Method Backbone PascalVOC ADE20K
SD [27] SSD-1B 59.4 24.4
SAM [43] ViT-B/16 32.8 12.9
DINOVZR [16] ViT-B/14 79.0 40.8
RADIOvV2.5[32] ViT-B/16 81.3 42.1
DIP (ours) ViT-B/14 82.1 42.6

Table 5. Comparison with Superised Baselines. Dense nearest
neighbor retrieval performance (mloU) for semantic segmentation
on PascalVOC and ADE20K.

requires stronger supervision (manual segmentation masks)
than SD, while RADIOv2.5 distills multiple model types
(SAM, DINOV2, and CLIP-like features). Thus, both base-
lines leverage more supervision than our method. Addition-
ally, RADIOV2.5 requires significantly more training com-
pute. Despite these advantages, Tab. 5 shows D 1P surpasses
RADIOV2.5 in in-context semantic segmentation, confirm-
ing our method’s effectiveness. SAM underperforms in
this setting, consistent with prior findings [42]. Impor-
tantly, D1P outperforms the SD features it uses for pseudo-
segmentation.

Additionally, we report linear segmentation results with
consistent gains over DINOV2R and competitive results
compared to NeCo in Tab. 8 in supplementary.

4.3. Ablations

In Tab. 6, we evaluate key design choices of DIP approach.

In-context vs Direct dense prediction (Tab. 6a). We
compare our in-context dense prediction objective with di-
rect dense prediction, where the model predicts pseudo
semantic segmentation maps using a classification head.
Our in-context approach significantly outperforms the di-
rect method on PascalVVOC and reduces RMSE on NYUv2
depth prediction, while both perform similarly on ADE20K.

Impact of “distractor” examples (Tab. 6b). Remov-
ing the “distractor” support examples significantly reduces
performance, as the absence of “distractors” simplifies the
post-training task, limiting the model’s ability to learn dis-
criminative dense representations.



Objective  PascalVOC ADE20K NYUv2# Distractor PascalVOC ADE20K Positive example ~ PascalVOC ADE20K
In-context 81.0 39.7 .756 3 81.0 39.7 Nearest neighbor 81.0 39.7
Direct. 79.9 39.9 776 7 78.5 38.4 Two random crops 79.5 39.4

(a) In-context pretraining is more effective.

(b) Distractor examples are important.

(c) Constructing positive examples.

#Pseudo-classes

PascalVOC ADE20K

Segm. Labels PascalVOC ADE20K
Pseudo-labels w/ DiffCut 81.0 39.7 ggg
Pseudo-labels w/o DiffCut 59.1 25.5

1000
Ground truth labels 81.9 39.8 2000

80.8 395

80.9 39.7 Dataset PascalVOC ADE20K
81.0 39.7 Ccoco 81.0 39.7
80.8 39.8 ImageNet 80.8 39.6

(d) Pseudo-labels generation.

(e) Number of pseudo-classes.

(f) Post-training dataset.

Table 6. Ablation Study of DIP. Default settings in light blue . “Two random crops” in (c) refers to the case where the query and positive
image are constructed as two random crops of the same original image.

Construction of positive examples (Tab. 6¢). We com-
pare two strategies for creating positive examples: (1) re-
trieving nearest neighbors using DINOV2R image-wise fea-
tures and (2) using two random crops from the same image.
The nearest neighbor strategy outperforms random crops,
validating our design choice and showing that our method
avoids reliance on complex augmentations common in self-
distillation and contrastive approaches.

Impact of DiffCut (Tab. 6d). We assess the role
of DiffCut [15], which generates class-agnostic segments
for pseudo segmentation maps before K-means clustering.
Compared to direct K-means on DINOV2R features, Diff-
Cut significantly improves performance, demonstrating its
effectiveness as a training-free, unsupervised method lever-
aging Stable Diffusion. Furthermore, our pseudo labels
achieve results nearly matching ground-truth semantic seg-
mentation, underscoring their quality.

Impact of number of pseudo classes (Tab. 6e). We
study the effect of pseudo-class count (K-means clusters)
for pseudo-label generation. Our approach is robust to this
hyperparameter, with stable performance across values.

Post-training data: scene-centric vs object-centric
(Tab. 6f). We compare DIP post-trained on scene-centric
COCO vs. object-centric ImageNet. Results are compara-
ble, COCO slightly outperforms ImageNet. This indicates
that our method does not depend on human-curated, object-
centric data and performs better on scene-centric data, eas-
ier to collect at scale.

4.4. Qualitative results

In Fig. 5, we present correlation maps between a query im-
age patch and a reference image, comparing dense repre-
sentations from DINOv2R and our DIP. While DINOv2R
produces localized, part-based correlations, DIP captures
semantic-level correspondences, more accurately delineat-
ing entire objects of the same semantic type as the query.
This shows that D I P provides better semantic correspon-
dences. As visualized in Fig. 1, this enables DIP to retrieve
more semantically coherent nearest neighbors, particularly
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(a) Query (b) Reference (c) DINOV2R

Figure 5. Correlation maps between a query image patch (high-
lighted with a red cross) and a reference image, comparing DI-
NOV2R and DIP. DIP generates coherent, object-level correla-
tions, while DINOV2R produces localized, part-level responses.

(d)DIP

in low-shot regimes (as in Fig. 1), resulting in more accurate
segmentation outputs compared to DINOV2R.

5. Conclusion

We introduced DIP, a novel unsupervised post-training
method that enhances dense image representations for in-
context scene understanding. Leveraging meta-learning
principles and automatically generating in-context tasks
with pseudo-segmentations using Stable Diffusion, our ap-
proach avoids complex self-distillation architectures. DIP
is computationally efficient (<9h on an A100) and general-
izes well across downstream dense retrieval tasks, including
semantic segmentation and depth prediction. It outperforms
both the initial pretrained vision encoder and prior state-of-
the-art post-training methods, providing a simpler and more
effective solution for improving dense representations in vi-
sion models.
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