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Figure 1. Open-vocabulary segmentation (OVS) results. We compare three settings: (i) textual-only support (zero-shot OVS), (ii) a
simplified version of RNS using visual-only support, and (iii) the full RNS combining textual+visual support. Textual support: class name
or description. Visual support: a small set of pixel-annotated images for some classes. Initially, visual support includes images in A and is
later expanded to B, with A ⊆ B. Text-only support often yields ambiguous predictions (rider as motorcycle, background hallucinations).
Visual-only support struggles when some classes lack support (person, car) and can confuse similar objects (motorcycle, bicycle) even
when all classes have support. By retrieving information from images relevant to the test image and combining with the textual support,
RNS is robust under missing visual support for some classes and achieves accurate segmentation.

Abstract

Open-vocabulary segmentation (OVS) extends the zero-shot
recognition capabilities of vision–language models (VLMs)
to pixel-level prediction, enabling segmentation of arbi-
trary categories specified by text prompts. Despite recent
progress, OVS lags behind fully supervised approaches due
to two challenges: the coarse image-level supervision used
to train VLMs and the semantic ambiguity of natural lan-
guage. We address these limitations by introducing a few-
shot setting that augments textual prompts with a support
set of pixel-annotated images. Building on this, we pro-
pose a retrieval-augmented test-time adapter that learns a
lightweight, per-image classifier by fusing textual and vi-
sual support features. Unlike prior methods relying on late,
hand-crafted fusion, our approach performs learned, per-
query fusion, achieving stronger synergy between modali-
ties. The method supports continually expanding support
sets, and applies to fine-grained tasks such as personalized
segmentation. Experiments show that we significantly nar-
row the gap between zero-shot and supervised segmentation
while preserving open-vocabulary ability. Project Page

1. Introduction
Semantic segmentation traditionally relies on fully su-
pervised models trained on dense pixel-level annotations
within a fixed set of categories [9, 43, 85]. While this ap-
proach yields accurate, well-localized masks, it does not
scale; collecting pixel-level annotations is costly, and mod-
els cannot recognize categories unseen during training.

Open-vocabulary segmentation (OVS) builds on the
zero-shot recognition capabilities of contrastively trained
vision–language models (VLMs) [24, 51, 82]. Trained on
large image–text datasets [8, 56], VLMs learn a shared em-
bedding space where images and text are directly compa-
rable, enabling recognition of arbitrary categories specified
at test time via text prompts or class names. Extending this
ability from image-level to pixel-level prediction has driven
rapid progress in OVS [32, 33, 63, 73]. However, a sub-
stantial gap remains to fully supervised models [9]; recent
improvements show signs of plateauing [55].

Two key challenges underlie this gap: (i) the mismatch
between image-level supervision used to train VLMs and
the fine-grained predictions required for segmentation, and
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(ii) the semantic ambiguity of natural language supervision.
While language enables open-vocabulary recognition, it of-
ten lacks the precision needed for pixel-level tasks.

We address these challenges by introducing a few-
shot setting that supplements the textual support of class
names with a small support set of visual examples, i.e. im-
ages with pixel-level annotation. We aim to bridge the
gap between zero-shot OVS and supervised segmentation,
while preserving the open-vocabulary predictions. We pro-
pose a retrieval-augmented test-time adapter that trains a
lightweight classifier per test image. Inspired by retrieval-
based methods [29, 71], our approach retrieves relevant vi-
sual support examples and fuses them with textual sup-
port to construct test-time training data. Unlike previous
work [2, 18] relying on hand-crafted fusion, our method
performs a learned per-image fusion of textual and visual
prototypes, enabling strong synergy between modalities, as
shown in Figure 1. Importantly, we store only a compact
set of visual prototypes from the support images, keeping
the memory footprint minimal, while our test-time training
requires less than a second on an NVIDIA A100 GPU1.

This design is enabled by the strong, generalizable fea-
tures of modern VLMs trained at large-scale [8, 56]. These
rich features allow us to avoid retraining the backbone and
instead steer predictions with a lightweight classifier trained
on only a few visual examples. By leveraging these ro-
bust embeddings, our approach achieves efficient adaptation
while preserving the open-vocabulary nature of the task.

Our method, called Retrieve and Segment (RNS), can
handle diverse real world settings, from textual and visual
support for all classes, to partial support for some classes,
where either a textual description is not straightforward to
obtain or visual examples are not yet available. Moreover, it
is compatible with a dynamic continually changing setting
where new visual examples can be added to the support set
at any time, without sacrificing the open-vocabulary nature.
Due to its simplicity and its dynamic adaptability, our ap-
proach is easily applicable to segmentation of particular ob-
jects, i.e. the so called personalized segmentation [64, 84].
In summary, our contributions are:
• We investigate multiple few-shot settings for open-

vocabulary segmentation, enriching textual prompts with
pixel-annotated visual examples.

• We introduce RNS, a retrieval-augmented, test-time
adapter that learns to fuse textual and visual support more
effectively than prior approaches.

• RNS significantly reduces the performance gap between
zero-shot and fully supervised segmentation, while main-
taining open-vocabulary generalization.

• RNS supports dynamic support expansion in continually
evolving environments, and adapts seamlessly to fine-
grained tasks such as personalized segmentation.

1See supplementary material for runtime details.

2. Related work
Open-vocabulary segmentation is performed by leverag-
ing vision–language models (VLMs) that align images and
text in a shared space [24, 51, 82]. The fixed classifier is re-
placed by a text encoder and matches patch features to text
features, but vanilla VLMs pre-trained with image-level su-
pervision struggle with dense localization [4, 88]. There are
three lines of work: (i) Training VLMs for segmentation: ei-
ther weakly supervised with masks without labels [13, 17]
or image–caption pairs [7, 44, 47, 53, 76, 77], or fully super-
vised with pixel annotations [11, 25, 35, 37, 38, 75, 79, 86].
However, this approach hinders the open-vocabulary per-
formance outside of the training domain [11, 63], as shown
in datasets like MESS [3]. (ii) Training-free VLM tweaks:
modified inference processes to boost spatial sensitivity,
e.g. removing the final attention layer [88] or residual
connections and feedforward networks [32], with further
variants [4, 32, 67]. (iii) VLM+VM hybrids: combin-
ing VLM semantics with the localization of vision models
(VMs) [27, 30, 33, 58, 63, 72, 73, 83]. Methods typically
localize objects with DINO [6, 49] or SAM [31, 54], then
classify the localized regions in an open-vocabulary man-
ner using VLMs. Despite progress, OVS still trails task-
specific, fully supervised models.

Few-shot segmentation learns on base classes and
adapts to novel classes from few (support) labeled ex-
amples. Meta-learning and prototypical methods perform
episodic 1− or N−way training, create per-class prototypes
and classify via similarity [45, 57, 60, 65, 68], typically as-
suming a closed world. A recent generalized setting evalu-
ates on both base and novel classes [19, 20, 41, 66], but still
requires abundant pixel-level annotations for base classes
and does not leverage VLMs. Close to our setting, a concur-
rent work Power-of-One [21] introduces one-shot per class
fine-tuning of text embeddings and specific backbone lay-
ers. They require access to raw images, while we operate
on pre-extracted features, and fine-tune internal VLM [36]
layers for each new class set, which is not as light-weight
as our test-time adapter. Beyond VLMs, CAT-SAM [74] ex-
plores few-shot adaptation of SAM [31] via conditional tun-
ing with lightweight adapters, but does not combine visual
and textual support. COSINE [42] unifies open-vocabulary
(text-prompted) and in-context (image-prompted) segmen-
tation by training a decoder on top of frozen foundation
models to handle multi-modal prompts. For open vocabu-
lary semantic segmentation with many categories the model
is only evaluated with unimodal prompts though.

Retrieval augmentation in segmentation. Retrieval-
augmented models for prediction and generation have
shown strong performance by dynamically expanding
their knowledge base [22, 40, 52, 80]. Following this
paradigm in semantic segmentation, recent work enhances
in-context scene understanding of vision encoders [1, 50,



62]. FREEDA [2] is conceptually related to RNS, but relies
on generated visual examples. At test time, textual class
features are expanded into visual counterparts via retrieval,
forming a non-parametric visual classifier, which is then
combined with a standard zero-shot textual classifier. For
fair comparison, we adapt this method to use real support
images instead of generated ones. Closely related to our
work is kNN-CLIP [18], which enhances open-vocabulary
semantic segmentation by leveraging a memory-efficient
support set of class vectors derived from pixel-annotated
images. At test time, it assigns labels to image regions
based on the similarity to their k nearest neighbors in the
support set. This approach outperforms continual learning
baselines, demonstrating that a dynamic support set can in-
corporate visual examples of new classes without forget-
ting previously learned ones. However, while kNN-CLIP
claims to expand the model’s vocabulary to arbitrary class
sets, its performance remains limited to classes for which
annotated examples are available.

Test-time adaptation (TTA) for VLMs has grown
rapidly, but many methods operate in batch/transductive
or streaming modes [15, 28, 34] and carry unrealistic as-
sumptions, such as class-complete batches or i.i.d. streams,
which compromises zero-shot robustness [81]. In con-
trast, single-image TTA adapts per sample: TPT [59]
and ZERO [16] perform optimization or predictions over
augmentations. For segmentation, single-image TTA is
explored with self-supervised objectives [23], and OVS-
specific TTA is just emerging, proposing adaptation layers
for VLM-based segmenters at test time [48].

3. Method

3.1. Task formulation

Given image I ∈ RH×W×3 and set C of C semantic classes,
we aim to assign each pixel of I to one of the classes. The
class set is arbitrary and defined at test time. Therefore, the
task is referred to as open-vocabulary segmentation (OVS).

Each class is specified either by a textual example, e.g.
a class name, or by a small set of visual examples in the
form of raw images with pixel-level annotations, like in a
few-shot setting. We refer to these as the textual support
set and visual support set, respectively. Typically, a tex-
tual example is available for every class. However, visual
examples may be missing initially, but their number and di-
versity can increase over inference time, reflecting a contin-
ually expanding open-world scenario. In rare cases, textual
examples may also be absent, e.g. for novel categories with
unknown names or in specialized domains such as medical
imaging or remote sensing, where naming is non-trivial.

We consider the following settings: (i) full-support: ev-
ery class in C has a class name and at least one annotated
support image. (ii) partial-visual-support: some classes

lack visual examples, but all have class names. (iii) partial-
textual-support: some classes lack class names, but all have
visual examples. (iv) only-textual-support: class names are
available for all classes in C, but no visual support images
are provided, i.e. the commonly studied zero-shot segmen-
tation setting.

In contrast to zero-shot segmentation, all other settings
have visual support examples available, and our goal is to
leverage them to improve segmentation, while preserving
the ability to operate with an open-vocabulary.

We denote a support image by Ii, a test (query) image
by Iq , while we drop the superscript when referring to im-
ages in general and we adopt consistent notation for other
variables as introduced in the following sections.

3.2. Zero-shot segmentation with VLMs
Image I ∈ RH×W×3, processed by the vision encoder of a
VLM, is mapped to a patch-level feature matrix X ∈ Rn×d.
Here n = h × w corresponds to the flattened h × w patch
grid produced by a vision transformer (ViT), and d denotes
the feature dimension. The patch feature at position j ∈
1, . . . , n is denoted by xj ∈ Rd.

Each class name c ∈ C, processed by the VLM’s text
encoder, is mapped to a textual class feature tc ∈ Rd. Both
textual and visual features are normalized to unit length.

The patch-level prediction map is denoted by P̂ ∈
[0, 1]n×C with elements P̂jc denoting the probability of
patch j for class c and computed by the dot product sim-
ilarity between patch feature and textual class feature as

P̂jc = sC(x
⊤
j tc), (1)

where sC(·) is the softmax over class set C. Then, low-
resolution prediction P̂ is reshaped and upsampled to the
full-resolution prediction Ŷ ∈ [0, 1]H×W×C , and segmen-
tation is obtained by the argmax of Ŷ over classes.

3.3. Full textual and visual support
In the following, we describe how to process examples in
the textual and visual support sets to construct two support
features sets, namely the visual support feature set and the
fused support feature set combining visual and textual infor-
mation. During inference, the elements of the support fea-
ture sets that are the most relevant to a test image are used to
train a lightweight patch-level linear classifier, which is then
applied to the features of the same test image. Overview of
this process is shown in Figure 2.

Visual support features. Given a support image Ii and
its ground-truth segmentation labels Y i ∈ {0, 1}H×W×C

at full resolution, its patch-level feature matrix Xi ∈ Rn×d

is extracted. Then, the ground-truth pixel-level labels Y i

are down-sampled and reshaped to obtain patch-level labels,
which are not binary anymore due to interpolation and are
subsequently L1-normalized per class (column) to obtain
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Figure 2. Overview of RNS when full textual and visual support is available. Having access to a set of pixel-level annotated images,
per-image visual class features vi

c are extracted. These features are then aggregated by class to form visual class features vc, which are
combined with textual class features tc, through a mixing coefficient λ, to produce fused class features fcλ. During test-time training, a
test-image-relevant subset of visual support features and fused class features, along with their class labels, are used to train a lightweight
linear classifier gθ using cross-entropy loss. Each training sample is weighted with a class relevance weight wc (e.g. w■ for bg). At
inference, this classifier, trained per test image, is applied to patch-level features xq

j to generate segmentation predictions. When SAM is
available, patch-level features are replaced by region-level features x q

r for improved accuracy.

P i ∈ [0, 1]n×C . These labels are used to pool the patch
features into per-image visual class features vi

c for classes
Ci present in image i by

vi
c =

n∑
j=1

P i
jc x

i
j . (2)

Assuming M available support images, the union of per-
image visual class features is given by

V =

M⋃
i=1

{v i
c : c ∈ Ci}, (3)

and referred to as visual support feature set, which is used
to support the test-time adaptation process.

Fused support features. We aim to leverage the seman-
tic information in the textual class features. However, due
to the modality gap between visual and textual features in
VLMs [39], and because our goal is to classify image patch-
level features, combining them directly with visual support
features does not perform well, as confirmed by our experi-
ments. Thus, for class c, we create a fused class feature

fcλ = λ tc + (1− λ)vc, λ ∈ [0, 1], (4)

by combining textual class feature tc and visual class fea-
ture vc obtained by aggregating all per-image visual class
features for class c across the visual support set by

vc =
∑
i∈Ic

v i
c , (5)

where Ic is the set of support images that contain class c.
The fusion process is performed for a set of mixing coef-
ficients Λ ⊆ [0, 1] to capture diverse and complementary
information from both modalities, yielding multiple fused

class features per class. We denote the fused support fea-
ture set by F = {fcλ|c ∈ C, λ ∈ Λ}, which is used to
support the test-time adaptation process.

Support feature set maintenance. For each support im-
age, we extract its feature matrix and pool patch features
into per-image visual class features (2). If a new support im-
age arrives, we update the visual support feature set V (3),
the visual class features (5), the fused class features (4), and
consequently the fused support feature set F . Therefore,
our support sets are dynamically expandable in a straight-
forward and efficient manner, allowing to operate in a con-
tinually evolving open-world scenario.

Test-time adaptation. For test image Iq with feature
matrix Xq ∈ Rn×d, and the feature of patch j denoted by
xq
j , we train linear classifier gθ : Rd → RC , specifically for

Iq , to project features to class probabilities. We leverage
the relevant elements of the two support feature sets.

To this end, we retrieve the k nearest neighbors of each
test image patch features from the visual support feature set
and unite them into the retrieved visual support feature set

Vr =
n⋃

j=1

kNN
(
V, xq

j

)
. (6)

We define the visual support loss by

Lv =
∑

v∈Vr

w l(v) CE
(
gθ(v),1l(v)

)
, (7)

where CE is the cross entropy loss, l(v) provides the label
of feature v (a per-image visual class feature), 1c is the one-
hot encoding of class c, and wc is a class relevance weight
for class c. This loss encourages the classifier to assign high
probability to the correct class for each retrieved support
feature. The retrieved set is expected to include features
corresponding to classes present in the test image, particu-
larly those originating from visually similar images.



The class relevance weights are used to suppress the
impact of retrieved features irrelevant to the test image.
Weight wc is estimated via the similarity between the
image-level feature xq ∈ Rd and the corresponding textual
class feature, followed by softmax:

wc = sC

(
(xq)

⊤
tc

)
, (8)

with xq given by global average pooling

xq =
1

n

n∑
j=1

xq
j . (9)

We utilize textual support, via the fused support set, by
training the classifier on the fused class features (denoted
by Fr and referred to as retrieved fused support feature set)
of the classes (denoted by Cr) that appear in retrieved vi-
sual support feature set Vr. This is performed via the fused
support loss:

Lf =
∑
c∈Cr

wc

∑
λ∈Λ

CE
(
gθ(fcλ),1c

)
. (10)

We observe that using multiple mixing coefficients Λ im-
proves performance compared to using a single coefficient.
The total loss is given by L = Lv + βf Lf . After training,
classifier gθ is applied to test image patch features to obtain
patch-level predictions. Then, this low resolution prediction
map is upsampled to the original image resolution to obtain
the final segmentation map.

3.4. Partial visual support
We present an additional loss, while other components re-
main as in Section 3.3.

Classes without visual support. The set of classes sup-
ported by their class name but with no image examples are
denoted as Cd. Given the absence of visual support for these
classes, we cannot compute their visual class feature vc (5),
and consequently, their fused class feature fcλ (4).

To circumvent this, we exploit the test image to identify
whether any of the classes in Cd are present in it via zero-
shot prediction P̂ q (1). Predictions in P̂ q are converted to
one-hot vectors by assigning each patch to its most probable
class, and the result is L1-normalized per class (column)
to obtain P̃ q ∈ [0, 1]n×C . We denote by Cq ⊆ C the set
of classes assigned to at least one patch according to P̃ q .
Then, we define the visual class feature by pooling the patch
features according to these pseudo-labels:

vc =

n∑
j=1

P̃ q
jc x

q
j , c ∈ Cd ∩ Cq. (11)

Note2 that we perform this only for classes in Cq∩Cd whose
2Notation vc used for both types of visual class features; (5) used for

classes with visual-textual support, while (11) for those with only textual.

visual class feature cannot be obtained by (5). This allows
us to perform the modality fusion by (4) for all classes.

Fused feature pseudo-labeling. Fused class feature fcλ
is derived through visual class features that use pseudo-
labeling. Therefore, its association with class c is uncertain.
To circumvent this, we pseudo-label those fused class fea-
tures. The predicted probability distribution for fcλ denoted
by p̂cλ ∈ [0, 1]C has its c′ element, associated with class c′,
estimated by f⊤cλtc′ followed by softmax over all classes.

Extended test-time adaptation loss. We introduce a
pseudo-label loss term exploiting such pseudo-labels:

Lp =
∑

c∈Cd∩Cq

wc

∑
λ∈Λ

KL
(
p̂cλ

∥∥ gθ(fcλ)), (12)

where KL is the Kullback-Leibler divergence.
The total loss is given by L = Lv + βf Lf +

βp Lp. Note that classes with visual support are handled in
the second loss term, while the rest are either handled in
the third loss term (Cr ∩ Cd = ∅) or ignored if they are not
predicted to be present in the test image.

3.5. Partial textual support
We modify fused support features of classes without textual
support, while other components remain as in Section 3.3.

Classes without textual support. When class names are
absent, we cannot compute textual class features tc or their
fused counterparts fcλ (4). Excluding these classes from
the loss introduces bias toward classes with both supports.
Instead, we replace missing textual class features with the
average textual class feature across classes with an available
class name. This provides a neutral semantic prior, ensuring
that all classes equivalently participate in the loss.

If textual support is missing for all classes, no textual
class features can be formed. In this case, we simply set
Λ = {0} and class relevance weights wc are set equal to 1
for all classes, effectively reducing to our w/o text baseline.

3.6. Region-proposal predictions
Our method so far assumes patch-level feature extraction
and predictions, i.e. xq

j for patch j. When region proposals
S ∈ {0, 1}H×W×R for R binary masks are available for the
test image, e.g. from SAM [31, 54], we proceed as follows.
We downsample each mask to patch resolution and apply
L1 normalization per region, yielding S̄ ∈ [0, 1]n×R.

We then pool patch features into region-level features by

x q
r =

n∑
j=1

S̄jr x
q
j , r = 1, . . . , R, (13)

where r denotes the region index. Finally, we assign labels
at the region level and map them to the corresponding mask
regions at the full image resolution to obtain the final seg-
mentation map.
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4. Experiments
4.1. Experimental setup
Datasets and evaluation. We evaluate on the valida-
tion split of six OVS benchmarks: PASCAL VOC [14]
(VOC), PASCAL Context [46] (Context), COCO Object
(Object), COCO-Stuff [5] (Stuff), Cityscapes [12] (City),
and ADE20K [87] (ADE). We report the average mIoU
over all datasets unless otherwise noted. Per dataset results
are presented in the supplementary. We also evaluate on
PASCAL Context-59 (C-59) [46], FoodSeg103 (Food) [70],
and CUB [69] to compare OVS and fully supervised meth-
ods. Details about sampling the B support images per class
for the visual support set, and the construction of the few-
shot benchmark are shown in the supplementary.

Implementation details. We use OpenCLIP ViT-
B/16 [10] trained on LAION [56] and apply the MaskCLIP
trick [88]. For DINOv3 [61], we use the public ViT-L/16
checkpoint adapted with dino.txt [26] to derive text-aligned
patch features, denoted by DINOv3.txt. For region propos-
als, we run SAM 2.1 [54] Hiera-L on each query image
with a 32×32 grid of points (one mask per point) and non-
maximum suppression to ensure non-overlap. More imple-
mentation details are shown in the supplementary.

Competitors. We compare to zero-shot predic-
tion (Section 3.2), and to two retrieval-based OVS
methods that leverage both visual and textual support
sets: kNN-CLIP [18] , which we re-implement, and
FREEDA [2], where we adapt the official code to use a
real support set, i.e. pixel-annotated images, rather than
synthetic-only prototypes. Please refer to the supplemen-
tary material for details in the implementation of the afore-
mentioned competitors. We also report performance for
training a linear classifier or the full network “offline” on
the entire support set in a closed-set manner. These vari-
ants lose the open-vocabulary ability as they cannot provide
predictions for unseen classes, but provide useful reference
baselines. Specifically, we consider the following three of-
fline training methods: (i) Linear classifier on per-image vi-
sual class features vi

c and their corresponding labels. (ii)
Offline linear classifier on patch-level features xi

j and pixel-
level annotations. Predictions are upsampled to apply the
loss at the full image resolution. (iii) Offline finetuning
on images and pixel-level annotations. This configuration
builds upon the previous setup but, in addition to training
the linear classifier, it also finetunes the parameters of the
vision encoder. We also compare to SOTA fully supervised
and different kinds of OVS methods in Table 2.
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Method B = 1 B = 5 B = 10

RNS 41.59 47.87 49.02
RNS w/o wc 41.20 -0.39 47.43 -0.44 48.54 -0.48
RNS w/o wc Λ = {0.8} 36.40 -5.19 46.55 -1.32 48.38 -0.64
RNS w/o text 34.11 -7.48 45.71 -2.16 48.00 -1.02

Table 1. Ablations of RNS. We report average mIoU across the
considered datasets for three different numbers of available sup-
port images per class (B = 1, B = 5, B = 10). Blue numbers
denote difference to the number in the same column but first row.

4.2. Experimental results

Full textual and visual support. Figure 3 reports mIoU as
we vary the number of support images B per class. RNS
consistently outperforms all competitors on every B, both
backbones, and input feature granularity, with large gains.
Moreover, it yields significant improvement over zero-shot
segmentation: +7.3% on OpenCLIP and +18.4% on DI-
NOv3.txt with just one image per class. RNS effectively
leverages text, achieving a performance gain at B = 1 over
the w/o-text variant while performing on par in the B = 20
case, indicating that textual priors are valuable when sup-
port is sparse, while visuals dominate as support densifies.
Interestingly, kNN-CLIP ’s fusion heuristics help at B = 1,
but hinder after B = 5, suggesting sensitivity to hand-
tuned fusion as support grows. The variant of kNN-CLIP
that discards text is competitive when enough support im-
ages are available but scores low in the few-shot regime,
where the diversity and quality of the support are minimal.
FREEDA does not benefit enough from combining textual
with visual support; low gains with respect to w/o-text base-
line. Moreover, on newer backbones with stronger localiza-
tion, e.g., DINOv3, the gap between RNS and kNN-CLIP
widens, indicating that RNS scales better with better visual
representations. Region-proposals consistently boost per-
formance compared to patch-level predictions, by leverag-
ing the large-scale training of SAM, at the expense of higher
computational cost at inference time.

Partial visual support. In Figure 4 (left), we vary the
fraction of classes without visual examples, while keep-
ing text descriptions for all. RNS degrades smoothly, and
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Figure 6. Comparison in a closed vocabulary setting. We com-
pare RNS to the offline baseline competitors. To ensure a fair
comparison we tune the learning rate, batch size, and number of
iterations using a train-validation split from the available support
images. No mask proposals are used. We report average perfor-
mance on VOC, ADE, and Stuff.

manages to benefit from visual support even for small frac-
tions of supported classes. Removing pseudo-label loss (12)
leads to a steep drop in performance; this is our mecha-
nism to compensate for the missing visual support. Further
removing textual support (w/o text) degrades performance
more, as the model cannot leverage neither fusion nor class
relevance weights. kNN-CLIP and FREEDA drop signif-
icantly, and soon perform below zero-shot, as they do not
account for missing classes in their support set. Note that
missing visual support for some classes is inevitable in an
open-world and dynamically expanding environment.

Partial textual support. In Figure 4 (right), we vary
the fraction of classes without text descriptions, while keep-
ing the visual support set intact. RNS remains the best
across the entire range, dropping only mildly as text be-
comes scarce. Results suggest that training jointly on visual
and textual support is superior to heuristic late fusion of in-
dependent predictions; kNN-CLIP degrades steeply, while
FREEDA barely benefits even when text is available. RNS
uses text as an auxiliary signal, used for fusion and rele-
vance weighting, yielding a consistent boost when available
but without making the model fragile when it disappears.

Ablations are presented in Table 1. Removing class rel-
evance weights (wc) yields a reduction across all shots, con-
firming their role in suppressing irrelevant retrieved classes.
Additionally, creating fused features (4) with a single λ =
0.8 harms especially the low-shot regime, where effective
use of text fusion is more important. Overall, components
of RNS provide complementary benefits, with lower but
considerable impact as visual support increases.

In Figure 5, we analyze the impact of retrieval mecha-
nism on the performance of RNS. When replacing retrieved
visual support feature set Vr (6) with a random subset of V
performance degrades a lot, confirming that using similar
image regions is crucial. Then, we perform the default re-
trieval (6) but instead of keeping Vr, we focus on retrieved
classes Cr, and form a set of visual support features from the
retrieved classes VCr

=
⋃M

i=1{v i
c : c ∈ Cr}. We perform the

test-time adaptation using different subsets of this set. Us-
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Figure 7. RNS for personalized segmentation. We append ex-
amples of a specific instance to the support. Green: personalized
instance, red: generic class, and black: background. Support sets
shown in the supplementary.

ing the full set VCr yields slightly lower performance than
the default approach, suggesting that VCr includes irrele-
vant examples that are filtered out by RNS. Using a random
subset of VCr

performs quite better than a random subset of
V , indicating that restricting adaptation to semantically rel-
evant classes is beneficial. In contrast, selecting the furthest
per query feature examples from VCr results in the worst
performance, even below random sampling from V . These
demonstrate that retrieval in RNS identifies relevant support
features, which improves performance significantly.

Closed-set comparisons. We also include a compari-
son of RNS with fully supervised offline baselines in Fig-
ure 6. The offline classifier trained on visual class features
performs comparably to RNS w/o text when B = 1 − 3,
but its performance deteriorates as the number of images
per class increases. This highlights the advantage of test-
time retrieval, which identifies the most relevant visual class
features from the support set for each test image. Offline
methods trained on pixel-level annotations perform poorly
in low-shot settings, indicating that such methods require
larger amounts of data to avoid overfitting. Freezing the
backbone and training only a linear classifier with pixel-
level cross entropy loss underperforms RNS in all shots,
suggesting that our method and objective are more effective
in few-shot support utilization. On the other hand, training
the backbone as well results in stronger performance when
sufficient support is available, at the cost of training com-
putational complexity. The best performance is obtained
when combining the pretrained backbone weights from the
latter experiment with RNS, by adapting the linear classi-
fier during test-time. This suggests: (i) the complementary
gains of visual and textual supervision with our method (ii)
the efficacy of our test-time training on test-image relevant
support, compared to offline training on the entire support.

Personalized segmentation. In Figure 7, we qualita-
tively demonstrate that the dynamic expandability of the
support set in RNS enables personalized segmentation of

Method Training set Annot. VOC City ADE C-59 Food CUB Avg.

SAN† [78] COCO 118k – – 32.1 57.7 24.5 19.3 –
CAT-Seg [11] COCO 118k 82.5 47.0∗ 37.9 63.3 33.3 22.9 47.8
LPOSS+ [63] ✗ ✗ 62.4 37.9 22.3 38.6 26.1 12.0 33.2
CorrCLIP [83] ✗ ✗ 76.4 49.9 28.8 47.9 – – –

DINOv3.txt [61] + SAM ✗ ✗ 31.3 39.3 27.7 36.3 27.2 5.8 27.9
+ RNS B = 1 Domain 66 73.2 59.1 37.3 52.7 42.8 34.0 49.9
+ RNS B = 20 Domain 964 82.1 61.7 47.8 62.5 52.2 65.2 61.9

Fully Supervised Domain 20k 90.4 87.0 63.0 70.3 45.1 84.6 73.4

Table 2. OVS vs. fully supervised segmentation. Fully super-
vised: best method picked per dataset. ∗: self-evaluated, †: from
CAT-Seg. Domain: using annotations from each training set. An-
not: the number of pixel-level semantic segmentation annotations
that each method uses. For domain we report the ADE annota-
tions. Full table and details in the supplementary.

particular object instances within a class. Starting from a
support set that allows RNS to segment pixels of a class,
e.g., plate, appending only a few examples of a particu-
lar instance, e.g., plate with a kingfisher / my
plate, enables the model to distinguish that instance from
the broader class. We observe that RNS accurately seg-
ments partially occluded personalized objects, such as the
skirt with a tropical pattern. Failure cases
remain; e.g., RNS incorrectly segments part of an orange
towel as a swimsuit, likely due to insufficient contex-
tual information and reliance on color cues. Nevertheless,
results illustrate that RNS is effectively employed for per-
sonalized segmentation without any modifications.

Bridging the gap. In Table 2, we compare different OVS
methods, including RNS, and fully supervised ones (closed
vocabulary). We consider methods from four categories (i)
SAN and CAT-Seg as OVS methods that train on COCO-
Stuff, (ii) LPOSS and CorrCLIP as training free OVS meth-
ods, (iii) RNS as an OVS method that uses support sets con-
structed from annotated images, (iv) fully supervised meth-
ods pre-trained offline on a closed set of classes. RNS with
B = 20, narrows down the gap to fully supervised segmen-
tation to 11.5 on average, improving the zero-shot baseline
by 34. RNS also surpasses the second best OVS method,
CAT-Seg, by 14.1, using much less pixel-level annotations.
The improvement is more evident on fine-grained datasets
like CUB and Food that are far from the domain of COCO-
Stuff, which is commonly used as a training set in OVS.

5. Conclusion

We introduce RNS, a retrieval–augmented test-time adapter
for open-vocabulary segmentation that learns a lightweight
per-image linear classifier on frozen VLM features by fus-
ing textual class features with retrieved visual support fea-
tures. The method operates on patches or region propos-
als, handles full and partial support with a single objective,
and avoids any type of hand-crafted solutions. Across six
benchmarks and two backbones, RNS consistently outper-
forms all baselines and competitors. Finally, the dynamic
support mechanism makes RNS naturally suited for open-
world fine-grained tasks, i.e. personalized segmentation.
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