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Figure 1. Results and overview of INSID3, our training-free in-context segmentation approach. INSID3 performs in-context seg-
mentation directly from DINOv3 [56] features, without any decoder, fine-tuning, or model composition. (left) A single annotated example
guides the model to segment any concept, from object parts to medical images and aerial views. (right) Comparing generalization across
datasets and segmentation granularities: fine-tuned methods (orange) excel in-domain (®) but degrade out of distribution, while SAM-
based pipelines (h/ue¢) generalize better but rely on large, multi-stage architectures. INSID3 (purple) achieves the strongest generalization
with a single backbone, revealing that robust segmentation can emerge directly from the dense self-supervised representations of DINOv3.

Abstract

In-context segmentation (ICS) aims to segment arbitrary
concepts, e.g., objects, parts, or personalized instances,
given one annotated visual examples. Existing work relies
on (1) fine-tuning vision foundation models (VFMs), which
improves in-domain results but harms generalization, or (ii)
combines multiple frozen VFMs, which preserves general-
ization but yields architectural complexity and fixed seg-
mentation granularities. We revisit ICS from a minimalist
perspective and ask: Can a single self-supervised backbone
support both semantic matching and segmentation, with-
out any supervision or auxiliary models? We show that
scaled-up dense self-supervised features from DINOv3 ex-
hibit strong spatial structure and semantic correspondence.
We introduce INSID3, a training-free approach that seg-
ments concepts at varying granularities only from frozen
DINOv3 features, given an in-context example. INSID3
achieves state-of-the-art results across one-shot semantic,
part, and personalized segmentation, outperforming previ-
ous work by +7.5 % mloU, while using 3x fewer parame-
ters and without any mask or category-level supervision.

1. Introduction

Understanding visual scenes is a fundamental task with ap-
plications in autonomous driving [11, 31], robotics [18],
augmented reality [34], or medical image analysis [62]. In-
context segmentation (ICS) [39, 41, 72] approaches the task
of segmenting arbitrary concepts, such as objects, parts, or
personalized instances in images, given one or more an-
notated examples at inference time, cf. Fig. 1 (left). This
holistic and open-world scene understanding task requires
adaptability to different reference annotations and domains,
sharing the spirit of adapting large language models (LLMs)
through contextual instructions to novel tasks [3, 9, 48, 58].

ICS requires reliable visual correspondences between
annotated reference examples and target images. Previ-
ous work showed that such visual correspondences emerge
in features of vision foundation models (VFMs) [57, 70].
Based on this, recent work has explored how to endow
VEMs with explicit segmentation capabilities. For instance,
[38, 41, 74] augment a frozen DINOv2 [47] by training a
segmentation decoder on top or fine-tune a diffusion model
[52] through episodic training. These approaches aim to

21638


https://visinf.github.io/INSID3

translate implicit visual understanding of VFMs into dense,
pixel-level predictions. Although this boosts in-domain re-
sults, it requires additional supervision and narrows the
model scope to the training distribution (cf. Fig. 1, orange).

In contrast, recent training-free approaches [39, 69]
forego task-specific training, exploiting the complementary
strengths of multiple pre-trained components: DINOv2 [47]
for robust visual correspondence and SAM [33] for produc-
ing accurate masks. By relying purely on pre-trained mod-
els, these methods avoid the pitfalls of fine-tuning, achiev-
ing stronger generalization (Fig. 1, blue). Nevertheless,
they need to coordinate multiple VFMs, add significant
computational overhead, and cannot fully exploit the intrin-
sic synergy between correspondence and segmentation.

Overall, existing ICS methods rely explicitly or im-
plicitly on segmentation priors learned through supervi-
sion, whether from SAM pre-training or downstream fine-
tuning. The recent DINOv3 model [56] may hold the key
to changing this. This purely self-supervised VFM, trained
on massive-scale image corpora, is explicitly designed to
produce dense localized features, unlike its predecessors
[7, 47]. Its objective preserves spatial structure, enabling
robust region-level grouping (Fig. 2). This urges us to ask if
ICS can emerge directly from the DINOv3 representation,
without any decoder, fine-tuning, or model composition.

To this end, we propose INSID3 (Im-context
Segmentation wlth DINOv3), a minimalist and training-
free approach, relying solely on DINOv3 features. INSID3
operates in three conceptual stages: (i) Fine-grained clus-
tering of target image features allows to obtain part-level
region candidates (Fig. 2). (ii) Seed-cluster selection iden-
tifies the most discriminative cluster through cross-image
similarity between a prototype of the annotated example(s)
and each cluster in the target. Relying on region-level
similarity suppresses spurious pixel matches and resolves
competition among many candidates. (iii) Aggregation
guided by self-similarity of DINOv3 features within the
target image then merges the seed cluster with other highly
affine clusters, producing a spatially coherent mask that
recovers the full extent of the prompted concept.

Finally, we uncover a subtle, yet significant limitation of
correspondences from DINOVvV3: feature similarities across
unrelated images exhibit systematic activations aligned with
absolute spatial coordinates (e.g., features from the left side
of two images tend to spuriously match regardless of se-
mantics, as shown in Fig. 4). This positional bias, likely an
effect of the superposition of positional encodings and se-
mantic signals, hinders reliable correspondence reasoning
in matching tasks. We propose a simple correction: we es-
timate the subspace affected by positional bias from a noise
image and perform matching only in its orthogonal com-
plement. This lightweight operation improves cross-image
matching and, as we show, even generalizes beyond ICS.

Figure 2. Region-level grouping from DINOv3. Each pair shows
an input image (/eft) and the corresponding clustering map (right)
obtained by applying agglomerative clustering to dense DINOv3
features. The resulting clusters delineate coherent object- and part-
level regions, providing a structured decomposition of the scene.

In summary, we propose INSID3, a principled, minimal-
ist, yet accurate method for in-context segmentation from
DINOv3 alone. It is applicable across diverse semantic
granularities, e.g., from objects to parts, and demonstrates
that emergent segmentation behavior can arise naturally
from self-supervision without any training or fine-tuning.

Summarizing, we make the following contributions:

* We are the first to show that a self-supervised VFM suf-
fices for training-free in-context segmentation, building
on DINOV3’s core strengths of robust correspondence and
its dense, localized feature structure.

* Despite its simplicity, INSID3 generalizes better across
the board, from traditional, challenging benchmarks to
out-of-domain datasets and part segmentation (Fig. I,
purple), outperforming fine-tuned and training-free ap-
proaches relying on SAM by an average of +7.5 % mloU.

e We unveil a positional bias in DINOv3, which impairs
its effectiveness in matching features across images, and
present a simple training-free correction that generalizes
beyond ICS, achieving gains of up to +6.6 % PCK on the
related task of semantic correspondence.

2. Related Work

In-context segmentation (ICS) draws inspiration from
LLMs [3, 9, 48, 58], which can be adapted to new tasks
given contextual examples. SegGPT [64] and Painter [63]
translate this idea to computer vision by training a generalist
model to handle multiple segmentation scenarios. Recently,
this idea has been revisited in light of the advent of large-
scale pre-trained VFMs: Matcher [39] uses an annotated ex-
ample to perform one-shot semantic and part segmentation,
while PerSAM [72] focuses on one-shot personalized seg-
mentation. Although related in spirit to few-shot segmen-
tation [12, 27, 37, 61], which learns from base classes and
evaluates on disjoint novel ones defined within each dataset,
ICS differs in scope and evaluation. In particular, we refer
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Figure 3. Overview of INSID3. We leverage the semantic and spatial structure of DINOvV3 to perform in-context segmentation without
training or model composition. Dense features from the reference and target images are first debiased to suppress positional bias, improving
cross-image matching. The target is then decomposed into coherent regions through agglomerative clustering, providing a structured
representation. We retain candidate clusters that match the reference through backward correspondence in the debiased space; a reference
prototype derived from the annotated region anchors the seed cluster via cross-image similarity. Finally, we combine cross-image similarity,
capturing semantic alignment, with self-similarity, measuring the affinity of each cluster to the seed, to form the final mask from the seed.

to ICS as a unified formulation of one-shot semantic, part,
and personalized segmentation across different levels of se-
mantic granularity within a single, general-purpose model.
Recent work follows two trends: Training-free pipelines
[16, 39, 69] combine the semantic understanding of DI-
NOvV2 with segmentation priors from SAM, benefiting from
strong generalization but inheriting SAM’s mask granular-
ity and the computational burden of multi-stage designs.
Supervised methods [41, 74] aim to unify both capabilities
within a single VFM by injecting segmentation functional-
ity via task-specific supervision. SegIC [41] trains a seg-
mentation decoder on top of DINOv2, while DiffewS [74]
fine-tunes Stable Diffusion [52]. Such training/fine-tuning
couples the model to the training distribution, limiting its
flexibility on unseen domains and granularities. In contrast,
we address ICS with a single VEM and without training.

Dense self-supervised representation learning (SSL)
aims to learn dense feature extractors from unlabeled data,
enabling a broad range of vision tasks [15, 20]. Initial self-
supervised approaches employ image-level pre-text tasks
[5, 6, 8, 14, 19, 23, 35, 45], transferring suboptimally to
pixel-level prediction [66, 67]. Later work aims to learn lo-
calized and discriminative dense features. Emergent proper-
ties in ViTs [7] can be uncovered through spatially local ob-
jectives [47, 73], spatio-temporal consistency [29], or spa-
tial alignment across views [, 46]. Localized supervision
is also possible through contrastive objectives on region
proposals [25, 26], or by predicting the cluster identity of
masked tokens [13]. Moreover, SSL features can be refined
a-posteriori [22, 65] or through limited fine-tuning [32, 53].

Recent efforts distill DINOv2 [47] together with weakly su-
pervised VFMs, e.g., SAM [33] or CLIP [49], to enhance
spatial fidelity [2, 24, 51]. Most recently, DINOv3 [56] uses
significant data and model scaling, a Gram anchoring objec-
tive, and high-resolution post-training to obtain an expres-
sive, dense feature extractor. We show that dense DINOv3
features can be directly leveraged for in-context segmenta-
tion without fine-tuning or model composition.

3. In-context Segmentation with INSID3

Our goal is to segment arbitrary concepts, i.e., objects,
parts, or personalized instances, given an in-context ex-
ample, using a frozen DINOv3 encoder without training
or model composition. A key property of DINOv3 is
the strong self-similarity of its dense features, naturally
grouping coherent parts or objects (Fig. 2). However, in-
context segmentation also requires establishing correspon-
dences across images, which we find affected by a system-
atic positional bias: features from similar positions spuri-
ously match across unrelated images. To address this, we
propose a simple, training-free strategy to remove positional
components from the features (Sec. 3.1). We use these debi-
ased features for cross-image matching, while retaining the
original features for intra-image similarity and clustering.
Our approach, named INSID3 and illustrated in Fig. 3,
first partitions the target image into semantically coherent
regions using self-similarity (Sec. 3.2). Then it identifies the
cluster that is most semantically aligned with the reference
region through cross-image similarity in the debiased space
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(Sec. 3.3). Finally, it expands this seed region by aggregat-
ing clusters according to intra-image self-similarity, yield-
ing a complete and coherent segmentation mask (Sec. 3.4).

Task definition. We let I € R¥*W>3 denote the refer-
ence image with its binary mask M" € {0, 1}*W and
I' € REXWX3 3 target image. We extract dense features
from a frozen DINOv3 encoder ®(+) [56]:

F'=o(I"), F'=aoI), (1)

where F", Ft € RP*P denote the D-dimensional patch
embeddings at resolution P = H' x W'. We let Q =
{1,..., P} denote the set of patch indices in F" and F*.

3.1. Unlocking the DINOv3 feature space

Solving the ICS task fundamentally relies on computing ro-
bust and reliable feature correspondences between the ref-
erence and target images [39]. As a diagnostic tool to evalu-
ate DINOVv3’s ability to establish reliable correspondences,
we compute cross-image similarity to visualize how target
patches align with the reference concept. Specifically, given
the reference mask M" and the set of foreground patch in-
dices' R = {j € Q | M = 1}, we compute a reference
prototype p” and its similarity to each target patch ¢ € €2:

1
r_ r
P’ = R 2 e B

This produces dense similarity maps, indicating how well
each target patch aligns with the reference concept. We vi-
sualize these maps at two granularity levels: (i) at mask
level (Fig. 4a), where the reference corresponds to an ob-
ject, and (ii) at keypoint level (Fig. 4b), where the refer-
ence is a single annotated keypoint. The resulting similarity
maps show that DINOv3 captures meaningful semantic cor-
respondences between reference and target. However, they
also exhibit a stable positional bias: features at a given po-
sition in the reference tend to produce spurious activations
at the same position in the target, irrespective of seman-
tics. These false activations typically occur where the tar-
get area lacks semantic content (e.g., uniform background
regions), suggesting that positional information dominates
weak semantic cues. To ground this intuition, Fig. 4c visual-
izes features from inputs with minimal semantic content: a
principal component analysis (PCA) suggests a stable low-
dimensional subspace associated with positional signals.

We use this signal as a simple and effective approxima-
tion of positional bias, which can be estimated once and
removed consistently at inference time. Specifically, we
estimate the positional subspace by passing a noise image
I8¢ ~ AV(0,1) € RE*WX3 through the encoder:

sim(i) = (F;,p"). ()

Fnoise _ @(Inoise) c RPXD. (3)

'In slight abuse of notation, we let M; denote the 5™ patch of M.

Reference Target Original Debiased

Reference Original Debiased

(a) Cross-image similarity map us- (b) Cross-image similarity map us-
ing an object region as reference.  ing a keypoint as reference.
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(c) Positional subspace. PCA on uniform and low-complexity images.

Figure 4. Positional bias in DINOv3 features. For both region
(a) and keypoint (b) prompts, similarity maps computed with the
original DINOv3 features show structured activations aligned with
the reference coordinates, independent of semantics. Our debiased
features mitigate this behavior. (¢) PCA of features from images
with low semantic complexity (e.g., noise, flat textures) reveals a
stable low-dimensional positional subspace underlying this bias.

We apply singular value decomposition F™i¢ = USZV T
and select the top s right singular vectors B = V|, 1. as a
basis for the positional subspace. We then project both ref-
erence and target features onto its orthogonal complement:

F'=F (1p-BB') F'=F'(1p-BB'). 4

The effect of this projection is to suppress positional
components: using these debiased features to recompute the
similarity map as in Eq. (2) yields activations that are less
affected by structured positional bias (cf. Fig. 4). In the rest
of the paper, we refer to F",F! as debiased features.

Interestingly, this spatial dependency is markedly
weaker in DINOv2; positional correlations are less pro-
nounced and not as easily observable in similarity maps (cf.
Supp. Material). We hypothesize this positional bias to be a
by-product of the stronger local-consistency constraints in
DINOvV3. Namely, the Gram anchoring constrains the co-
variance matrix of patch embeddings, encouraging global
statistics of features to remain stable throughout training.
While improving spatial consistency, this objective may in-
advertently amplify absolute spatial correlations, resulting
in residual positional bias when semantic content is weak.

Unlocked feature space. We exploit the complementary
nature of DINOV3 features by using: (i) our debiased fea-
tures for cross-image semantic matching, where positional
signals are harmful, and (ii) original features for intra-
image grouping, where spatial structure is helpful.

3.2. Fine-grained clustering

The first step of our ICS pipeline is to partition the target
image into semantically coherent regions. The dense fea-
ture maps of DINOv3 exhibit strong local consistency: As
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shown by [56], patches belonging to the same object or part
tend to have highly similar embeddings. We leverage this to
group image regions in an unsupervised manner.

While K-means clustering has been widely used in self-
supervised representation learning [6, 22, 40, 47], it re-
quires predefining the number of clusters, which is ill-suited
for the open-world nature and variable granularity of ICS.
Density-based methods, e.g., DBSCAN [17], struggle in
high-dimensional feature spaces where the notion of den-
sity becomes unreliable [50, 55], and typically require di-
mensionality reduction. Instead, we adopt agglomerative
clustering [43], which progressively merges locally simi-
lar features in a bottom-up manner, naturally aligning with
the spatial smoothness of DINOv3. A single threshold hy-
perparameter T provides intuitive control over the resulting
granularity without fixing a predefined number of regions.

Concretely, we partition the (original) target patch em-
beddings F? into K disjoint spatial regions via iterative ag-
glomerative clustering, yielding clusters {G1, ..., Gk } such
that

K
UG =9 Gng =0 vi#j (5)
k=1

As shown in Fig. 2, this unsupervised approach produces
spatially coherent clusters that provide a strong structural
representation of the image.

3.3. Seed-cluster selection

Having partitioned the target image into semantically co-
herent regions, we identify the cluster that best corresponds
to the reference region. We do this in two stages: candidate
localization and seed-cluster selection.

Candidate localization. Directly correlating the reference
prototype with all target patches, as in Fig. 4a, often pro-
duces broad activations on related concepts, even when the
reference depicts only a specific part: e.g., the prototype of
a person head may trigger responses over the full person.
To adapt matching at the correct level of granularity, we
instead compute backward correspondences, i.e. for each
target patch ¢, we find its most similar reference patch j:
NN(i) = arg max(F?¢, f‘j), (6)
JEQ
Backward matching of target patches allows us to implicitly
leverage unannotated negatives in the reference image. By
retaining only target patches whose nearest neighbor in the
reference falls within the support mask, we obtain a filter-
ing mechanism that conservatively estimates the set Cny of
target patches in which the reference concept may appear as

Can ={i | M) = 1} @)

Restricting the precomputed clusters {Gy} to those that
overlap with Cxn yields the subset of candidate clusters

Ceand ={ Gk | G N Can # 0} )

Seed selection. We compute prototypes in the debiased
feature space for both the candidate clusters G, € Ccang and
the annotated reference region:

1 ~ 1 ~
pl=—S'F p=_—SF. (©

JER
We then compute a cross-image similarity score

sE = (P}, '), (10)

measuring how well each candidate Gy, aligns semantically
with the reference. The final seed cluster is selected as

g = agrg IélaX SO, (11)
k €Ccand

corresponding to the target region that is most semantically
aligned with the reference at the correct part granularity.

3.4. Cluster aggregation

The seed cluster G* provides a strong but typically par-
tial localization of the semantic concept in the target, of-
ten covering only the most discriminative part of the con-
cept, such as a person’s head or the neck of a giraffe (cf.
Fig. 3). To recover the full extent of the concept, we evalu-
ate all remaining candidate clusters to decide which should
be merged. Intuitively, the cross-image similarity score
55°% (Eq. 10), reflects how semantically close candidate
clusters Gy, are to the reference. However, relying solely on
cross-image similarity can be unreliable under occlusions
or viewpoint changes, where semantically relevant regions
may appear dissimilar. Therefore, we propose to comple-
ment semantic alignment (across images) with structural
coherence (within the target image). Specifically, we ex-
ploit a key property of DINOv3 [56]: its features exhibit
strong self-similarity within the same image. Hence, clus-
ters belonging to the same concept tend to lie close in fea-
ture space. For each candidate cluster, we thus compute its
similarity to the seed in the original feature space as

L1 ot
pi== > Fi,  s"™=(p},pl), (12)
|gk|i€§k

where p’ denotes the prototype of the seed cluster G*.

Final aggregation. We combine semantic alignment and
structural coherence through a multiplicative score, which
favors clusters that are simultaneously semantically aligned
with the reference and structurally consistent with the seed
region. The final mask is obtained by merging the seed
cluster with all candidate clusters whose combined score
exceeds a similarity threshold a:

Sk _ siross X Sil;nra (13)
Mina = G* U {Gi € Ceana | Sk > '} (14)
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Table 1. Comparison of INSID3 (mloU in %, 1) on one-shot semantic, part, and personalized segmentation. State-of-the-art methods
are grouped into task-specific fine-tuning and training-free approaches. Previous training-free methods rely on SAM, pre-trained with
mask-level supervision, whereas INSID3 uses only frozen self-supervised DINOv3 features. Gray indicates the model was trained on the
corresponding train split of the dataset; best results bold, 2" best underlined. 1 denotes a GF-SAM variant using DINOv3 features.

Semantic Part Personalized

Method Encoder #Param | LVIS-92' COCO-20' ISIC SUIM iSAID X-Ray|PASCAL PACO |PerMIS | Avg
Task-specific fine-tuning: Semantic + mask supervision

Painter [63] ViT 354M 10.5 33.1 - - - - 30.4 14.1 - -

SegGPT [64] ViT 354M 18.6 56.1 375 349 309 875 35.8 13.5 18.7 |[37.1

SINE [38] DINOv2 373M 31.2 64.5 258 507 383 398 36.2 23.3 425 139.1

DiffewS [74] Stable Diffusion 890M 31.4 71.3 27.8 489 475 416 34.0 22.8 352 |40.1

SegIC [41] DINOv2 310M 44.6 76.1 253 525 46.1 345 39.9 25.9 51.8 |44.1

SegIC (coco) [41] DINOv2 310M 35.7 75.6 225 529 408 308 38.6 25.1 449 140.8
Training free: Mask-supervised pre-training

PerSAM [72] SAM 640 M 11.5 23.0 239 287 192 317 325 22.5 48.6 [26.8

Matcher [39] DINOv2 + SAM 945M 33.0 52.7 386 441 333 708 429 34.7 63.8 |46.0

GF-SAM [69] DINOV2 + SAM 945M 352 58.7 48.7 53.1 471 510 44.5 36.3 54.1 |47.6

GE-SAM' [69] DINOV3 + SAM  945M 31.8 54.8 509 505 467 56.1 44.9 34.4 52.6 |47.0

Ly + our debias DINOv3 + SAM  945M 34.6 55.9 51.8 529 476 60.0 46.2 36.1 545 |48.8
Training free: Unsupervised pre-training

INSID3 (ours) DINOv3 304M 41.8 57.6 544 549 521 788 50.5 38.7 67.0 |55.1

4. Experiments

We evaluate INSID3 on one-shot semantic, part, and per-
sonalized segmentation. In each setting, a single annotated
reference mask is provided, and the model is tasked with
segmenting the corresponding concept in the target image:
(1) semantic — all instances of a given class (e.g., “dog”);
(2) part — same object part (e.g., “dog ear”);
(3) personalized — same object instance (e.g., “my dog”).
For one-shot semantic segmentation, we use six
datasets across a range of imaging scenarios: COCO-
20¢ [44] with 80 object categories; LVIS-92° [39] with 920
categories and a strong long-tail distribution; ISIC2018 [10,
59] for skin lesion segmentation; Chest X-Ray [4, 30], an
X-ray dataset of lung screening; iSAID-5% [68], a remote
sensing dataset with 15 categories; and SUIM [28] with un-
derwater imagery and 8 categories. For one-shot part seg-
mentation, we use PASCAL-Part [39], providing 56 object
parts across 15 categories, and PACO-Part [39] with 303
object parts from 75 categories. For one-shot personalized
segmentation, we use PerMIS [54], covering 16 categories.

Implementation details. We adopt the Large version of
the DINOvV3 [56] encoder. Input images are resized to 1024
x 1024, following SAM-based approaches [39, 69, 72].
The final segmentation masks are predicted at patch res-
olution: we bilinearly interpolate them to original resolu-
tion, and apply mask refinement with a CRF [36], following
[21, 22, 40, 60]. We employ agglomerative clustering [43]
with 7 = 0.6 and set the cluster aggregation threshold to
a = 0.2. See Supplementary Material for more details.

4.1. Main results

Baselines. Table | compares against state-of-the-art ICS
baselines in terms of mean Intersection-over-Union (mlIoU).
The primary baselines are training-free methods, specifi-
cally PerSAM [72], Matcher [39], and GF-SAM [69]. For
GF-SAM, the strongest training-free baseline, we also in-
clude a variant in which DINOV?2 is replaced with DINOv3
and a version with our feature debiasing to ensure a fair
comparison. We also report rask-specific fine-tuning meth-
ods such as SeglC [41] and DiffewS [74], which leverage
semantic and mask supervision. For SegIC, we also report
a version trained only on COCO. While these operate un-
der a different supervision regime, they provide an upper
reference point for in-domain accuracy. We emphasize that
INSID3 is the only method in Tab. 1 that uses no supervi-
sion (neither during pre-training nor fine-tuning) and oper-
ates solely on the self-supervised DINOv3 backbone.

One-shot semantic segmentation. Table | shows that
INSID3 consistently outperforms training-free SAM-based
pipelines, with gains over GF-SAM of +6.6 % pts. mloU
on LVIS-92¢, +5.7 % pts. on ISIC, +1.8 % pts. on SUIM,
and +27.8 % pts. on Chest X-ray, efc. Upgrading GF-SAM
from DINOvV2 to DINOv3 yields comparable performance,
as its method relies only on sparse matched points to prompt
SAM, thus discarding most of the information in DINOv3
dense features. However, our debiasing helps GF-SAM
with DINOv3 ( pts. mIoU on average). In contrast, IN-
SID3 performs estimation and segmentation in a unified
space, achieving both higher accuracy and lower architec-
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(bottom right) segmentation. SegIC performs well in-domain but struggles to generalize across domains and part granularity, reflecting
its limited flexibility beyond the training distribution. GF-SAM, relying on the strong segmentation priors of SAM [33], produces high-
quality masks; however, the decoupled mechanism between correspondence and segmentation often leads to over- or under-segmentation.
INSID3, despite relying solely on self-supervised features, achieves precise localization and competitive mask quality.

tural complexity (304 M vs. 945M parameters). Interest-
ingly, fine-tuned methods achieve strong in-domain results
(e.g., SeglC reaches 76.1 % mloU on COCO-20%) but drop
sharply on other datasets, reflecting the inherent trade-off of
specialization (e.g. =6 % w.r.t. INSID3 on iSAID). Qualita-
tive results in Fig. 5 (left) show that INSID3 produces sur-
prisingly clean segmentation masks directly from DINOv3
features, without any decoder or task-specific supervision.

One-shot part segmentation. INSID3 achieves signifi-
cant improvements over existing baselines on also on part
segmentation (¢f. Tab. 1). It outperforms GF-SAM by
+6.0 % pts. mloU on PASCAL-Part and +2.4 % pts. mloU
on PACO-Part. Two-stage pipelines frequently over- or
under-cover object parts due to fixed mask priors, inher-
ited through fine-tuning or from SAM. In contrast, INSID3
better exploits the reference signal throughout the pipeline,
enabling flexible and accurate part-level predictions. Com-
pared to fine-tuned approaches, INSID3 outperforms SegIC
and DiffewS by +10.6 % / +16.5 % pts. on PASCAL-Part
and +12.8 % / +15.9 % pts. on PACO-Part. As illustrated in
Fig. 5 (top right), INSID3 produces part masks that better
preserve object structure and segmentation granularity.

One-shot personalized segmentation. INSID3 achieves
the best results on PerMIS, reaching 67.0 % mloU and sur-
passing GF-SAM by +12.9 % pts., SegIC by +15.2 % pts.,
and DiffewS by +31.8 % pts. This task is particularly chal-
lenging due to the presence of multiple visually similar
distractor instances. Unlike previous work, which relies
solely on positive activations from the reference and tends
to segment all semantically related objects, INSID3 addi-
tionally exploits negative evidence through backward cor-
respondences (Sec. 3.3) to suppress irrelevant regions. Fig-
ure 5 (bottom right) shows that this leads to accurate in-
stance selection, even in the presence of visual ambiguity.

Table 2. Semantic correspondence on SPair-71k (PCK@T in %,
7). Comparison across DINOv3 backbones, w/ and w/o debiasing.

Small Base Large
T original debias original debias original debias
0.05 26.8 279 292 323 327 33,6
0.10 43.8 457 45.0 50.0 50.6  52.0
0.15 53.2 55.6 54.0 599 603  62.1
0.20 59.8  62.6 59.8  66.4 66.4  68.6
5 5=061%/ 5%

=46% /8%

0 source keypoint; @ prediction (original DINOv3); @ prediction
(debiased). 9 is the relative error w.r.t. GT.

Figure 6. Qualitative examples on SPair-71k with DINOv3-L.

4.2. On the positional bias of DINOv3 features

While we focus on ICS, the positional bias we uncover in
DINOV3 has broader implications for tasks that rely on se-
mantic image alignment without spatial priors. A repre-
sentative example is semantic correspondence [57, 70, 71],
which evaluates how well dense features can localize se-
mantically corresponding points across different images.
We evaluate our debiasing strategy on SPair-71k [42], the
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Figure 7. INSID3 hyperparameters. We study the effect of the
debiasing rank s (left) and the clustering granularity 7 (right) on
semantic (COCO-20") and part (PASCAL-Part) segmentation.

standard benchmark for this task. Following common eval-
uation protocol [57, 70], for each source keypoint, we com-
pute cosine similarity to all target patch tokens and select
the most similar one. Accuracy is measured using PCK@T
(% of Correct Keypoints within a normalized distance T').

Quantitatively, Tab. 2 shows that debiasing leads to con-
sistent gains of +0.9-6.6 PCK across all model sizes. These
results show that our positional debiasing acts as a sim-
ple training-free correction that improves the reliability of
DINOV3 features for tasks requiring semantic alignment
across images. Qualitatively, Fig. 6 compares predictions
obtained with the original DINOv3 features (red) and our
debiased features (blue). Predictions based on original fea-
tures are influenced by a mix of semantic and positional
cues, resulting in systematic errors. In contrast, debiased
features align closely with the correct semantic location,
yielding more semantically grounded matches.

4.3. Ablation study

We conduct ablations on COCO-20° and PASCAL-Part. For
more analyses, please refer to the Supplementary Material.

Debiased feature space. We study the influence of the
rank s of the estimated positional subspace B on our pro-
posed debiasing of DINOv3 from Eq. (4). Fig. 7 (left)
shows a stable trend, improving over the no debiasing base-
line (i.e., s = 0), indicating that the removed positional
subspace does not carry semantically meaningful informa-
tion. Beyond an intermediate range, the gain saturates and
eventually reverses once too many subspace dimensions are
being removed. We fix s to 500 across all datasets, which
yields consistent gains (+3.1 % on COCO, +2.7 % on PAS-
CAL and up to +6.6 % PCK on SPair-71k, cf. Tab. 2).

Cluster granularity. Next, we analyze the impact
of the similarity threshold T of agglomerative clustering
(Sec. 3.2). Fig. 7 (right) shows that finer partitions result-
ing from larger 7 are beneficial for part-level tasks. Con-
versely, over-clustering is detrimental to object-level tasks,
fragmenting coherent objects into many small clusters. We

Table 3. Effect of clustering and aggregation. We compare our
approach with tuned baselines on COCO-20" and PASCAL-Part
(mIoU %, 1). All thresholds (0.55) and clustering granularities
(7=0.5, 7=0.6) are tuned to optimal values for fair comparison.

Variant COCO PASCAL-Part

No clustering

Thresholding sim. map @ 0.55 (Eq. 2) 44.2 354
Clustering w/o aggregation

Coarse clustering (7 = 0.5) 50.6 31.1

Fine clustering (7 = 0.6) 42.8 36.2
Ours: Clustering w/ aggregation (T = 0.6)

w/ cross similarity 54.6 48.5

w/ self + cross similarity (Eq. 13) 57.6 50.5

set 7 = 0.6 across tasks, providing a sensible trade-off be-
tween part sensitivity and semantic coherence.

Clustering and aggregation. We lastly analyze the role
of clustering and aggregation in Tab. 3. Thresholding the
similarity map (Eq. 2) provides a coarse baseline, yield-
ing 44.2 % and 35.4 % mloU on COCO and PASCAL-Part.
Introducing clustering without aggregation, where a single
cluster is selected, improves results but requires tuning the
granularity parameter 7 separately for each task: lower val-
ues (7 = 0.5) better capture full objects, while higher ones
(t = 0.6) suit part-level structures. Even tuned indepen-
dently, this variant still underperforms. Our solution fixes
an intermediate 7 and resolves this trade-off through a prin-
cipled aggregation strategy (cf. Sec. 3.4). Aggregating by
cross-image similarity already improves segmentation re-
sults, achieving 54.6 % and 48.5 %, while jointly leveraging
cross- and self-similarity yields the best results, reaching
57.6 % and 50.5 % mIoU on COCO and PASCAL-Part.

5. Conclusion

In this work, we introduced INSID3, a training-free frame-
work for in-context segmentation built solely on DINOv3.
By leveraging the dual nature of DINOvV3 features, i.e. se-
mantic alignment and spatial coherence, INSID3 performs
correspondence estimation and segmentation within a sin-
gle backbone. Despite its simplicity, it exhibits strong gen-
eralization across one-shot semantic, part, and personalized
segmentation, outperforming both fine-tuned and training-
free approaches. Overall, this suggests that segmentation
can emerge naturally from self-supervised dense represen-
tations. While existing methods rely on either fine-tuning
or training-free pipelines grounded in mask-supervised pre-
training, INSID3 remains fully unsupervised, relying solely
on the in-context example for guidance. This suggests that
reducing supervision may foster more robust and transfer-
able representations, marking a concrete step toward more
scalable and general-purpose visual understanding.
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