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Abstract

In this paper, we challenge the conventional practice
in Open-Vocabulary Semantic Segmentation (OVSS) of us-
ing averaged class-wise text embeddings, which are typ-
ically obtained by encoding each class name with multi-
ple templates (e.g., a photo of <class>, a sketch
of a <class>). We investigate the impact of templates
for OVSS, and find that for each class, there exist single-
template classifiers—which we refer to as class-experts—
that significantly outperform the conventional averaged
classifier. First, to identify these class-experts, we introduce
a novel approach that estimates them without any labeled
data or training. By leveraging the class-wise prediction
entropy of single-template classifiers, we select those yield-
ing the lowest entropy as the most reliable class-experts.
Second, we combine the outputs of class-experts in a new
fusion process. Our plug-and-play method, coined FLOSS,
is orthogonal and complementary to existing OVSS meth-
ods, offering an improvement without the need for addi-
tional labels or training. Extensive experiments show that
FLOSS consistently enhances state-of-the-art OVSS mod-
els, generalizes well across datasets with different distri-
bution shifts, and delivers substantial improvements in low-
data scenarios where only a few unlabeled images are avail-
able. Our code is available at https://github.com/
yasserben/FLOSS.

1. Introduction
In the past decade, advances in deep learning and the grow-
ing amount of training data have enabled the challenging
task of semantic segmentation, which involves assigning
semantic labels to each pixel in an image. Initially, this
was limited to predefined categories [9, 10, 57, 69], but
recent models rely on vision-language alignment [47] for
open-vocabulary segmentation, where the semantic cate-
gories can be dynamically expressed at runtime in natural
language.

In Open-Vocabulary Semantic Segmentation (OVSS),
the CLIP model [47] is commonly used as the backbone,

*Work done during an internship at Inria.
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Figure 1. Using individual vs average template classifiers. Em-
pirically, we observe that for each class there exist individual tem-
plates (colored dots) that lead to classifiers performing better than
the popular CLIP classifier, which is built from the averaging of
all 80 templates embeddings (—). The analysis was conducted
on Cityscapes using the CLIP-DINOiser model.

which is either retrained [43], fine-tuned [12, 38], or frozen
and adjusted to extend global image-language alignment to
denser pixel-language alignment. In this work, we study
CLIP’s original classification paradigm and focus on meth-
ods that keep all CLIP parameters frozen [23, 63, 79].
Among these, MaskCLIP [79] leverages CLIP’s embedding
layer for segmentation, CLIP-DINOiser [66] enhances fea-
tures via distillation from an external DINO [6] network,
while NACLIP [23] modifies CLIP’s self-attention to im-
prove spatial consistency. A common aspect of prior OVSS
methods is their reliance on CLIP’s default classification
process, where image or patch embeddings are compared
with text embeddings representing semantic categories. To
represent a class, a common practice is to use multiple tem-
plates to encode class names (e.g., “a photo of a car”, “a
sketch of a car”, etc) and average their embeddings. Empir-
ically, Radford et al. [47] engineered M “ 80 templates to
improve ImageNet zero-shot classification. For segmenta-
tion, OVSS methods [23, 66, 79] adopt by default the same
templates to construct segmentation classifiers. While this
“template-averaging”1 strategy works well overall, it may
not always provide the best classifier for each semantic con-
cept.

1“Template-averaging” is an imprecise but convenient shorthand.

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Our paper explores the impact of individual templates in
OVSS – an aspect that has been overlooked in the literature.
Fig. 1 shows an intriguing empirical observation: for each
class, some individual templates outperform the averaged
classifier that uses all templates. We call such templates
class-experts, highlighting that they are trivial to identify
using semantic ground truths.

However, without labels, two challenges arise:
1) How to identify class-experts without ground truth?
2) How to fuse predictions from class-experts?

We propose that entropy, an unsupervised metric, can
help identify expert templates without labels. This leads
to a new task—training- and label-free template selection
for OVSS—which improves segmentation by selecting bet-
ter text template subsets for a given dataset of unlabeled im-
ages. Our method shifts the attention to the text modality,
unlike previous works that tweak the visual encoder, and
also aims to improve the performance in an inductive set-
ting, where the selected templates are applied to a different
subset of images.
We summarize our contributions as follows:
• We analyze the current template-averaging practice for

OVSS, showing that better class-wise classifiers can be
constructed using only a subset of all templates, and that
these expert templates can be identified without labels.

• We propose the novel task of training- and label-free tem-
plate selection for OVSS. Given an unlabeled set of im-
ages, this task aims to identify class-wise experts that im-
prove OVSS performance on unseen counterparts of the
dataset.

• We introduce FLOSS, which leverages class-wise per-
pixel entropy to select expert templates and employs a
simple and effective fusion scheme to combine individual
expert predictions.

With extensive experiments, we demonstrate that FLOSS
consistently improves the state-of-the-art performance on
OVSS benchmarks and exhibits generalization capabilities
in the choice of experts. Furthermore, with only a few un-
labeled images, our approach can select reasonably good
expert templates, resulting in performance boost.

2. Related Works

Vision-Language Model (VLM) transferability. Since
CLIP’s release, its impressive zero-shot classification per-
formance [47] and robustness [41, 58, 59] have made it
a foundation for various adaptation and transfer learning
tasks. Few-shot supervised fine-tuning, where only lim-
ited labeled data is available for downstream tasks like im-
age classification, has gained significant attention. The
goal is to leverage the vast knowledge of the VLM ac-
quired through training on an immense image collection by
steering it towards a task of interest via few labeled sam-

ples. Parameter efficiency is central to this setting. To en-
sure it, prompt learning [8, 33, 80–82], lightweight MLP
training [19], and linear probing [29, 55] have been pro-
posed. Another line of research explores training-free few-
shot adaptation [64, 77, 83], where a classifier is built us-
ing few labeled samples and ensembled with the zero-shot
classifier. Additionally, unsupervised adaptation has been
explored [26, 28, 56], alongside test-time adaptation, where
prompts are learned per test image [54].

While using VLMs for classification tasks aligns with
their pre-training focus on global image recognition, apply-
ing them to dense prediction tasks like semantic segmen-
tation is more challenging due to the gap between global
image understanding and pixel-level prediction. We sum-
marize related efforts in the following.

Open-Vocabulary Semantic Segmentation (OVSS).
OVSS uses VLMs like CLIP for text-based segmenta-
tion. However, CLIP’s global pooling layers limit its
ability to generate dense pixel-level, language-aligned
features [31, 79]. To address this, several training-free
methods densify CLIP without altering its parameters,
preserving its image-language alignment. MaskCLIP [79]
was the first to replace the attention pooling layer with
a convolutional layer. Later works further densify CLIP
by aggregating multiple image views [31, 66], inte-
grating priors from other vision foundation models for
better pooling [35, 66], extracting different information
from the self-attention layers [3, 23, 37], or removing
anomaly tokens [2]. Seg-TTO [14] leverages an LLM
to generate discriminative attributes for rare classes in
specialized domains (e.g., medical sciences, earth moni-
toring) that use technical terminology (e.g., mediastinum),
operating in a test-time optimization framework while
maintaining zero-shot capabilities. Other approaches
fine-tune CLIP for segmentation tasks using weak su-
pervision through image-level tags, captions [21, 48],
or class-agnostic object masks [21, 49]. Others employ
full supervision [12, 36, 38, 74] on densely annotated
datasets like COCO Stuff [5], following strategies similar
to early inductive zero-shot semantic segmentation meth-
ods [4, 67]. Among them, some fine-tune CLIP’s image
encoder [36, 38, 74], others combine this with additional
backbones and segmentation heads [38], while some learn
side networks while keeping CLIP frozen [74]. Many other
approaches have been proposed in this active research
area [24, 68, 72, 73, 76]. While effective, these methods
require labeled data and computational resources, limiting
their practicality in resource-constrained scenarios.

Our work focuses on training-free approaches, evaluat-
ing FLOSS on three key methods: MaskCLIP [79], CLIP-
DINOiser [66] and NACLIP [23], while being applicable to
any text-based segmentation framework.
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Prompting in VLMs. CLIP’s image-language interface has
inspired the adoption of various prompt engineering prac-
tices from LLMs to better reveal the knowledge encapsu-
lated in the vision encoder and boost performance. The
seminal CLIP work [47] introduced dataset-specific tem-
plates (e.g., “a photo of ăclassą”) to bridge the gap be-
tween training captions and test prompts for zero-shot clas-
sification. Subsequent methods have improved prompts by
crowdsourcing templates [1], adjusting class names [21,
60], or modifying templates for tasks like object detec-
tion [21, 22] and occupancy prediction [60]. While effec-
tive, manual prompt tuning is labor-intensive, leading to au-
tomated strategies like adding random words or characters
to the original template [50], enriching class names with
WordNet concepts [20] or synonyms [39], learning more
informative class names [27], and using LLMs to gener-
ate more expressive descriptions starting from simple class
names or retrieve them from a dataset [51] and further use
them as prompts. Some approaches also learn prompts for
task-specific fitting [45] or test-time adaptation [54], and
others mine them with external LLMs [16].

Our approach differs by selecting expert templates for
each class in an unsupervised manner, starting from pre-
defined templates. While previous methods have focused
on image classification, we apply this strategy to seman-
tic segmentation using CLIP’s original ImageNet templates,
which have been used by default in prior works.

3. Preliminaries

OVSS aims to produce a soft-segmentation map
Ŝ P r0, 1sHˆWˆK given an image I P RHˆWˆ3 and a
set of classes tCkukPr1,Ks expressed in natural language.
The final segmentation map P̂ is derived by applying
argmaxp¨q on Ŝ along the K-dimension. Leveraging
the aligned vision encoder fp¨q and text encoder gp¨q

of CLIP, the standard practice consists in classifying an
image patch by comparing its vision embedding to the
text embedding of class-specific prompts constructed
using predefined templates tTmumPr1,Ms. An exam-
ple of prompt is “a bright photo of a

looooooooomooooooooon

Tm

car
loomoon

Ck

”, denoted

Pm,k for compactness. Instead of a single template,
practitioners use “template-averaging” to increase ro-
bustness and improve overall performance by averaging
the embeddings of prompts obtained using all available
templates [40, 46, 47, 50], which is a form of ensembling

on the text encoder side. This writes c̄k “ 1
M

M
ř

m“1
gpPm,kq,

where c̄k is the resulting representation of class Ck. Subse-
quently, for each patch, the predicted class is the one that
maximizes the cosine similarity between the visual and the

text embeddings:

k̂ “ argmax
k

fpVqTc̄k , (1)

where V represents the visual patch. All embeddings are
ℓ2-normalized. The text embeddings of K classes define a
classifier that we denote:

W ptTmumPr1,Msq “ tc̄kukPr1,Ks . (2)

As in the above equation, the classifier can be represented
as a function of the templates used to compute the average
embeddings of all classes.

Empirical observations on single templates. OVSS mod-
els [23, 66, 68, 79] typically rely on the M“80 ImageNet
templates of CLIP [47] to compute the average classifier
of Eq. (2), which we refer to as WCLIP for brevity. While
using WCLIP was shown to be robust [47, 79], the tem-
plates were originally hand-crafted for zero-shot classifica-
tion on ImageNet [47], and their individual effect on class-
wise performance remains unexplored for OVSS. Rather
than WCLIP that uses all M templates, one can construct
M distinct classifiers, each utilizing a single template Tm.
This writes:

W pTmq “ tgpPm,kqukPr1,Ks . (3)

We design a systematic experiment to evaluate
the performance of single-template classifiers W pTmq

from Eq. (3). Fig. 1 shows the per-class performance on
Cityscapes [13] of each of the 80 single-template classifiers
(plotted as colored dots, e.g., •), where colors encode the
template identifier (i.e., m), along with the average WCLIP
classifier (plotted as —). This leads to two key observa-
tions:
a) For each class, there exist single-template classifiers out-
performing WCLIP on this class; we refer to the correspond-
ing templates as class-experts. More precisely, the set of
class-experts is defined as:

Ek “ tTm | ΩkpW pTmqq ą ΩkpWCLIPq,m P r1,M su ,
(4)

where Ωkp¨q denotes the IoU performance on class k.
b) A single-template classifier excelling on one class may
exhibit suboptimal performance on others, implying that for
k, l P r1,Ks the expert sets Ek and El may differ.

Following the above observations, class-experts are read-
ily identified when ground truth labels are accessible,
through direct performance comparison. We refer readers
to Appendix A.3 for similar observations across datasets
and models.
However, we are interested in the case where an unla-
beled dataset is provided. Therefore, two questions stem
from the previous empirical observations: (i) How to iden-
tify class-experts in an unsupervised, training-free manner?
(ii) Given these identified class-experts, how to derive the fi-
nal semantic predictions?
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Figure 2. Overview of FLOSS. Left: for each class, selected expert templates (✓) construct the estimated set Ê , which classifies the input
image and yield the soft-segmentation map S. In this example we set N “ 3 for the Top-N(...) template indices corresponding to
lowest entropy entries to select. Right: we explain the fusion strategy for two cases. For the pixel x1, the set of experts that predict their
own class of expertise X px1q contains 2 experts; consequently, the decision is taken by looking at the maximum softmax scores of those
two, leading to the decision of classifying x1 as “person” with the higher score. For the pixel x2, there is no expert predicting its own class
of expertise, i.e., X px2q “ H, and the decision is taken by the default classifier WCLIP; the pixel x2 thus takes the scores from SCLIPpx2q.

4. Method
Given access to a dataset D of unlabeled images, our goal
is to improve the performance of OVSS using the afore-
mentioned class-experts, without training or access to any
labels. To do so, for each class k P r1,Ks our method
first identifies a small set of class-experts among the M pre-
defined ImageNet templates of CLIP (Sec. 4.1) by leverag-
ing unsupervised metrics. It then builds on a simple scheme
to fuse class-experts’ predictions into a single OVSS seman-
tic output (Sec. 4.2).

4.1. Unsupervised identification of class-experts
Referring to our definition of class-experts in Sec. 3, for
each of the K classes, our goal is to estimate a set of class-
experts Êk, among the M pre-defined CLIP templates. Be-
ing in an unsupervised setting, we have no access to the
true classifier performance (i.e., Ωp¨q in Eq. (4)) and there-
fore propose relying on unsupervised metrics which act as
performance proxy [62, 70]. We leverage entropy as it is
an established measure of uncertainty [18, 30], commonly
adopted in deep learning literature [32, 34, 61]. The en-
tropy value of a softmax prediction indicates a classifier’s
confidence, which empirically provides a reliable indica-
tor of prediction quality. In our setting, entropy measures
the confidence of single-template classifiers for each class,
helping identify class-experts. We also study other unsuper-
vised metrics in the ablations (Sec. 5.2).

In detail, we estimate class-experts as the set of individ-
ual templates whose associated classifiers (cf ., Eq. (3)) ex-
hibit low entropy. Specifically, for each template m and
class k, we compute the average entropy Hm,k of the Cm,k

pixels predicted as class k by W pTmq in all images of D:

Hm,k “ ´
1

Cm,k

Cm,k
ÿ

i“1

qT
i logpqiq , (5)

where qi P ∆K´1 is pixel-wise probability prediction ob-
tained by applying softmaxp¨q over K class-wise cosine
similarities, and ∆K´1 is the pK ´1q-simplex in RK . Sub-
sequently, for class k, the estimated set of experts is ob-
tained as the N templates yielding the lowest entropy:

Êk “ tTm̂ | m̂ P Top-Nparg sort
m

Hm,kqu , (6)

where Êk is expected to be an estimation of Ek (Eq. (4));
the arg sort

m
operator returns the sorted list of M tem-

plate indices so that Hm,k are in ascending order. Finally,
Top-Np¨q thus returns N template indices corresponding to
the lowest entropy entries. In practice, we use N “ 4 and
validate this choice through an ablation study in our exper-
imental section. Following Eq. (2), the expert classifier of
class k, denoted W pÊkq, is constructed by averaging the
embeddings obtained from the N templates in Êk for each
of the K class names.

The above process leads to K classifiers
tW pÊkqukPr1,Ks, all obtained in a fully unsupervised
manner, and each is expected to excel on one specific class.
However, it is important to note that although a classifier
is expert of a single class, it outputs a full semantic map
containing all K classes. Therefore, the above formulation
produces K soft-segmentation maps, tŜkukPr1,Ks. To
output a single OVSS map, we introduce a simple scheme
to fuse all expert predictions.

4.2. Fusion of expert predictions

To fuse all predicted soft-segmentation maps tŜkukPr1,Ks

into a single output Ŝ, we rely on the fact that each map
Ŝk excels at segmenting class k. Therefore, for each pixel,
the class assigned is the one having the highest probability
among the expert classifiers which predicted their own class
of expertise. Occasionally, when no expert predicts its own
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class of expertise for a given pixel, we simply revert to us-
ing the WCLIP classifier. In practice, we observe that only
« 2% of pixels fall under the latter case. Therefore, the vast
majority of decisions are carried out by experts.

Formally, for a given pixel x, Ŝkpxq is the
K´dimensional softmax probability of the expert k at the
position of x. Let X pxq “ tk | argmax

iPr1,Ks

Ŝkpxqris “ ku be

the index set of experts that predicted their own class of
expertise for x. The prediction of x is determined as:

P̂pxq “

$

’

&

’

%

k˚ “ argmax
kPX pxq

Ŝkpxqrks, if X pxq ‰ H,

k: “ argmax
kPr1,Ks

SCLIPpxqrks, otherwise.

(7)
Fig. 2 illustrates the unsupervised identification of class-
experts as well as the fusion strategy. Overall, our method
incurs computational overhead primarily from computing
cosine similarities for the K class-experts, which scales
with the number of classes and becomes more significant
when K is very large (ą100). However, this overhead is
constrained to the similarity computations since the vision
encoder is shared across all experts, requiring only a sin-
gle forward pass regardless of the number of classes. We
provide computational details in Appendix A.2.

5. Experiments
Experimental setup. We evaluate our method on three
state-of-the-art open-vocabulary semantic segmentation
models: the seminal MaskCLIP [79] and two recent models
CLIP-DINOiser [66] and NACLIP [23]. CLIP-DINOiser
trains a convolution layer using only 1K unlabeled images
from ImageNet [15] for fast inference on pixel-level seg-
mentation tasks, effectively imitating the DINO priors for
pooling guidance and removing the need for DINO encoder
at runtime. MaskCLIP and NACLIP are training-free adap-
tation methods of CLIP.
For a fair comparison, we report the version of NACLIP
without refinement. We primarily select training-free mod-
els that keep the image encoder frozen and produce unal-
tered, dense image-language features. This enables us to
assess the impact of the class-experts identification strategy
by using the original CLIP pre-trained features and Ima-
geNet templates. Unless otherwise stated, all models utilize
CLIP ViT-B/16 backbone. CLIP-DINOiser and MaskCLIP
are based on OpenCLIP [11], while NACLIP employs Ope-
nAI’s original CLIP [47]. For all models – CLIP-DINOiser,
NACLIP, and MaskCLIP– we follow the authors’ evalua-
tion protocol. For CLIP-DINOiser and MaskCLIP, we re-
size images to 448 pixels on the shortest side with a sliding
window of size 448 and stride 224. For NACLIP, images
are resized to 336 pixels (except for Cityscapes which are
resized to 560 pixels) with a 224 window and stride 112.

Method CS VOC20 PC59 ADE Stuff Avg

CLIP [47] 6.7 49.1 11.2 3.2 5.7 15.2
GroupViT [71] 11.1 79.7 23.4 9.2 15.3 27.7
CLIP-Surgery [37] 31.4 – – 12.9 21.9 –
GEM [3] – – 32.6 15.7 – –
SCLIP [63] 32.2 80.4 34.2 16.1 22.4 37.1
CLIP-DIY [65] 11.6 79.7 19.8 9.9 13.3 26.9
TCL [7] 23.1 77.5 30.3 14.9 19.6 33.1
ReCo [53] 21.1 57.8 22.3 11.2 14.8 25.4

MaskCLIP [79] 25.0 61.8 25.5 14.2 17.5 28.7
+ FLOSS 25.8 61.8 26.2 14.9 17.8 29.3

NACLIP [23] 35.5 79.7 35.2 17.4 23.3 38.2
+ FLOSS 37.0 80.2 35.9 18.4 23.6 39.0

CLIP-DINOiser [66] 31.3 80.9 35.9 20.0 24.6 38.5
+ FLOSS 34.6 82.3 36.2 20.7 24.7 39.7

Table 1. OVSS across datasets and models. We report mIoU
metric for eight OVSS baselines and three models either us-
ing the average templates (i.e., MaskCLIP, NACLIP, and CLIP-
DINOiser) or with our method (i.e., +FLOSS). FLOSS consis-
tently improves OVSS models across datasets of varying complex-
ity, from urban scenes (Cityscapes, 19 classes) to general objects
(COCO-Stuff, 171 classes). Bold highlights the best performance.

Datasets and Metric. We evaluate FLOSS across multi-
ple semantic segmentation benchmarks: PASCAL CON-
TEXT 59 [42] (PC59), PASCAL VOC 20 [17] (VOC20),
COCO-Stuff [5] (Stuff), ADE20K [78] (ADE), and
Cityscapes [13] (CS). Note that these datasets exhibit dif-
ferent ontology and semantic granularity, ranging from
19 classes (CS) to 171 classes (Stuff). Additionally, we
demonstrate the generalization capabilities of our class-
experts identified on Cityscapes to other driving datasets
such as BDD-100K [75] and MAPILLARY [44] as well as
ACDC [52] under Night, Fog, Rain and Snow conditions.
Importantly, our approach is training-free and uses no la-
bels. Performance is measured using mean Intersection over
Union (mIoU).
Implementation details. The only hyperparameter of
FLOSS, being the number of class-experts to identify
in Eq. (6), is set to N “ 4 in all experiments. While our
method is training-free, class-experts are estimated using
the training set of each dataset, while performance is always
reported on the corresponding validation set.

5.1. Main results
Tab. 1 reports the mIoU of OVSS baselines across five
datasets showing FLOSS plugged into three different mod-
els: MaskCLIP, NACLIP and CLIP-DINOiser. The perfor-
mance gains vary with dataset complexity, showing smaller
improvements on VOC20 r`0.05,`0.5,`1.4s or PC59
r`0.7,`0.7,`0.3s than on CS r`0.8,`1.5,`3.3s. We at-
tribute this to VOC20 and PC59 being closer to ImageNet
which was leveraged in CLIP [47] to engineer the set of 80
templates used in all models. The benefit of our method
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Method CS VOC20 PC59 ADE Stuff Avg

MaskCLIP + FLOSS 51% 54% 56% 57% 56% 55%
NACLIP + FLOSS 49% 20% 57% 57% 52% 47%
CLIP-DINOiser + FLOSS 62% 41% 57% 45% 44% 50%

Table 2. Quality of our estimated class-experts. We measure the
quality of our estimated experts by evaluating their intersection
with the true experts, cf . Eq. (8).

Method in domain out of domain
CS Night Fog Rain Snow BDD MAP Avg

MaskCLIP 24.5 13.3 20.3 21.0 19.9 22.7 25.8 20.5
+ FLOSS 25.8 13.9 21.7 22.3 21.3 22.9 26.8 21.5

NACLIP 35.5 23.3 32.9 30.7 32.6 31.4 35.3 31.0
+ FLOSS 37.0 23.6 32.5 31.0 33.6 32.3 36.5 31.6

CLIP-DINOiser 31.3 12.7 24.1 27.9 27.2 31.3 35.2 26.4
+ FLOSS 34.6 16.6 29.0 29.8 29.4 32.2 36.6 28.9

Table 3. Generalization of experts across datasets. We evalu-
ate the transferability of experts identified on the Cityscapes (CS)
dataset to unseen datasets that share the same semantic classes and
exhibit changes in lighting (Night), weather (Fog, Rain, Snow), or
location and scenery (BDD, MAP). Results show a consistent im-
provement when using FLOSS, across almost all settings.

is evident on challenging benchmarks like ADE and Stuff,
which have a large number of semantic categories making
accurate segmentation particularly hard.
Quality of experts. We evaluate the quality ρ̂k of our ex-
perts by measuring, for each class k, the intersection of the
estimated class-expert Êk with the true set of experts Ek:

ρ̂k “ 100 ˆ
|Êk X Ek|

|Êk|
“ 100 ˆ

|Êk X Ek|

N
. (8)

Where |.| denotes the cardinality of a set. Quality averaged
over classes is reported in Tab. 2 and shows that regardless
of the model used, we correctly estimate approximately half
of the true experts. In some scenarios, such as PASCAL
VOC 20 with NACLIP, even when only 20% of predicted
experts are true experts, it is sufficient to bring some im-
provements (+0.5 mIoU in Tab. 1). Per-class quality is re-
ported in Appendix A.4, showing some variability.
Generalization to unseen datasets. We now evaluate the
generalization of experts to other unseen datasets sharing
the same label set but exhibiting distribution shifts. In
Tab. 3, we report performance of FLOSS when experts are
identified on Cityscapes and used to evaluate performance
on six unseen datasets which include four ACDC condi-
tions (Night, Fog, Rain, Snow), BDD-100K, and MAPIL-
LARY. Overall, we consistently improve the performance
with notable gains of up to `4.9 mIoU for CLIP-DINOiser
on ACDC Fog. This demonstrates that our class-wise ex-
perts are readily usable on other datasets sharing the same
semantic classes, despite the presence of distribution shifts.

1 2 5 10 25 100 500 2975
# of images

31

32

33

34

35

m
Io

U
 (

%
)

34.6

(a) Cityscapes

1 2 5 10 25 100 5001464
# of images

78

80

82

m
Io

U
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%
)

82.3

CLIP-Dinoiser
+ FLOSS

(b) PASCAL VOC 20

Figure 3. Effect of the number of images. We evaluate CLIP-
DINOiser with FLOSS on urban scenes (a) and general object seg-
mentation (b), when varying the number of images used to identify
class-experts. Results show the average of 10 seeds, with standard
deviation. Despite larger variation, we note the robustness of our
method, even when having access to very few unlabeled images.

Low-data regimes. To investigate the data efficiency of
FLOSS, we study its performance in lower data regimes.
Fig. 3 reports the mIoU of CLIP-DINOiser on Cityscapes
and PASCAL VOC 20, as the number of images sampled
from their respective training sets (containing 2,975 and
1,464 images, respectively) varies. The figure shows the av-
erage and standard deviation over 10 seeds (i.e., randomly
sampling 10 different image sets). On both datasets, the
general trend shows that our method benefits from access-
ing more images, which stems from the better estimation
of class-experts. Remarkably, our method performs well in
a very low-data regime, outperforming the default CLIP-
DINOiser with only 1 image on Cityscapes and around 25
images on PASCAL VOC 20. We conjecture that the latter
requires more images due to its lower per-image class den-
sity compared to Cityscapes, which exhibits higher variabil-
ity and density per image.

Low-data regimes & domain shift. To further corroborate
its practicality, we evaluate FLOSS under stricter conditions
combining both low-data regimes and domain shift. Specif-
ically, we use only a single CS image to identify experts that
are tested on 6 shifted domains. Tab. 4 provides evidence on
the effectiveness of FLOSS in this strict setting, leading to
an average improvement of 1.9% across OOD datasets.

Expert transferability. We investigate the cross-dataset
transferability of class-experts by evaluating whether ex-
perts identified on one dataset can effectively improve per-
formance on semantically related but distinct datasets. We
employ COCO-Stuff (171 classes) to identify class-experts
for CLIP-DINOiser and apply them to Cityscapes, PAS-
CAL VOC 20, and PASCAL CONTEXT 59, which share
10, 16, and 37 common classes with COCO-Stuff, respec-
tively. For non-overlapping classes, we use the default aver-
age classifier WCLIP. As reported in Tab. 5, FLOSS shows
consistent improvements, confirming expert transferability
across datasets.

21476



Method in domain out of domain
CS Night Fog Rain Snow BDD MAP Avg

CLIP-DINOiser 31.3 12.7 24.1 27.9 27.2 31.3 35.2 26.4
+ FLOSS 33.2 16.2 28.2 29.3 28.7 31.7 35.6 28.3

Table 4. FLOSS with 1 image & domain shift. Experts are
identified using a single Cityscapes (CS) image and evaluated on
unseen datasets that share the same semantic classes and exhibit
changes in lighting (Night), weather (Fog, Rain, Snow), or loca-
tion and scenery (BDD, MAP). We observe a consistent boost.

Method
in-domain out of domain

Stuff CS VOC20 PC59
common all common all common all

CLIP-DINOiser 24.6 34.5 31.1 80.5 80.8 39.3 36.0
+ FLOSS 24.7 35.8 32.2 82.3 82.4 40.0 36.2

Table 5. Cross-dataset expert transferability. Class-experts
identified on COCO-Stuff are applied to CS, VOC20, and PC59.
Results are reported for common classes shared with COCO-Stuff
and all classes. FLOSS demonstrates consistent improvements
across all target datasets.

5.2. Ablation Study
Fusion strategies for expert predictions. We investi-
gate alternative strategies to fuse the expert predictions
(cf ., Sec. 4.2), reporting performance on Cityscapes in
Tab. 6. Simply averaging all soft segmentation maps
(“Average-all”) irrespective of the templates class of exper-
tise leads to suboptimal results across all models. When
accounting for templates’ expertise in fusion, conflicts arise
often as several experts may predict their own class of ex-
pertise. We therefore explore three strategies to resolve
conflicts: “Default” which falls back to WCLIP predictions,
“Average” which averages the probability vectors of con-
flicting experts, and “Highest” which selects the most confi-
dent expert as described in Sec. 4.2. The latter consistently
yields the best performance across all models, validating
our fusion scheme.

Metrics for expert identification. We replace entropy
in Eq. (6) with other unsupervised metrics to act as prox-
ies of the template class-wise performance, reporting per-
formance on Cityscapes using the CLIP-DINOiser model
in Fig. 4a.
(i) Avg. Probability computes the average probability as-
signed to class k across all pixels predicted as class k.
(ii) MaNo [70] is adapted as it was originally designed for
assessing general model performance in image classifica-
tion, to evaluate class-wise performance in semantic seg-
mentation.
(iii) “ITI” [25] is the Inter-class separability to Intra-class
similarity ratio, and captures both the separability of the
classes in the feature space as well as the ability to keep
samples of the same class close together.

Fusion Conflict MaskCLIP
+FLOSS

NACLIP
+FLOSS

CLIP-DINOiser
+FLOSS

Average-all 24.7 36.6 31.2

Expert Default 24.8 36.6 32.0
Expert Average 25.6 36.7 34.4
Expert Highest 25.8 37.0 34.6

Table 6. Strategies for the fusion of expert predictions. Explor-
ing various fusion strategies on Cityscapes shows the benefit of
our strategy , which outperforms all others across models.

Metric mIoU

Avg. Probability 34.4
MaNo [70] 29.9

ITI 30.0
Entropy 34.6

(a) Expert metrics 1 2 3 4 5 6 7 8
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(b) Effect of Top-N

Figure 4. Ablation of experts. We ablate our choices of met-
rics to identify experts as well as the number of experts per class.
(a) shows unsupervised metrics to identify the experts, showing
that our choice of entropy yields the best performance, although
‘Avg. Probability’ performs on par. (b) reports performance of
FLOSS when varying the number of N experts. Results are re-
ported on the Cityscapes dataset using the CLIP-DINOiser model.
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Figure 5. Effect of class-expert quality. We report the perfor-
mance of FLOSS in the oracle-based setting, where each class-
wise set of 4 experts contains a ratio (ρ) of true experts. The
experiment is conducted on Cityscapes using the CLIP-DINOiser
model.

These metrics are detailed in Appendix A.5.
Overall, our entropy measure (cf . Eq. (5)) is the most effec-
tive, although Avg. Probability performs on par.

Impact of class-expert identification quality. At the core
of our method is the identification of class-experts. While
we demonstrated there are templates which are class-expert,
for each class there exist also under-performing templates
(cf . Fig. 1) which, if selected, could harm the performance.

To measure the impact of experts quality on FLOSS,
we devise an oracle-based experiment using N “ 4 tem-
plates per-class , where we have access to ground truth la-
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Method ViT-B/16 ViT-L/14
CS PC59 Avg. CS PC59 Avg.

SCLIP [63] 32.2 34.2 33.2 21.3 25.2 23.3
GEM [3] 32.6 35.6 34.1 27.1 28.1 27.6

NACLIP [23] 35.5 35.2 35.4 31.4 32.1 31.8
+ FLOSS 37.0 35.9 36.5 32.4 32.4 32.4

Table 7. Effect of backbone. Results (mIoU) show that
NACLIP + FLOSS outperforms NACLIP across ViT-B/16 and
ViT-L/14 CLIP backbones.

bels to identify the true class-experts. We randomly sam-
ple a fixed ratio ρ of templates among true experts (i.e., Ek
from Eq. (4)) and the remaining ones among non-experts
(i.e., tTmuzEk). For example, a ratio of ρ “ 75% indicates
that 3 templates are experts and 1 is non-expert. The out-
come of this experiment on CS using the CLIP-DINOiser
model is reported in Fig. 5 and shows an expected perfor-
mance boost when the ratio of true experts increases. It also
highlights that 50% of true experts is sufficient for FLOSS
to surpass the original CLIP-DINOiser. Interestingly, the
performance of CLIP-DINOiser + FLOSS in Tab. 1 (34.6)
slightly surpasses the performance at ρ “ 100% shown in
Fig. 5 (34.1). This however does not indicate that our esti-
mated templates in Tab. 1 are all true experts – as reflected
by Tab. 2 – but rather that our correctly estimated experts
are on average better than random true experts.

To further measure the upper bound of CLIP-DINOiser +
FLOSS, we implement an oracle version using only the best
true class-expert (i.e., tTm̃ | m̃ P Top-N

`

ΩkpW pTmqq
˘

u).
On CS, the oracle with N P t1, 2, 3, 4u achieves respec-
tively 37.1/37.0/37.3/37.5%, showing the potential for im-
provement assuming the identification of better experts.

FLOSS using the validation set. First, we investigate the
effectiveness of FLOSS in a transductive setting. Using the
validation set of CS for expert selection, CLIP-DINOiser +
FLOSS achieves 34.4% mIoU on the same set, compared to
31.3% for CLIP-DINOiser. Second, using a portion of the
validation set to select experts, i.e., 5/25/50/75 val images,
we achieve 32.8/33.0/33.0/33.3% on the rest of the valida-
tion images, compared to 30.9% for CLIP-DINOiser alone.

Impact of different backbones. Tab. 7 demonstrates
the effectiveness of our proposed FLOSS when integrated
with NACLIP using the ViT-L/14 backbone. Our approach
achieves consistent improvements, reaching 32.4% mIoU
on both Cityscapes and PC59 datasets, leading to a 0.6 gain
in average performance over NACLIP. These results vali-
date the effectiveness of our method when using large-scale
vision transformers.
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Figure 6. Performance of best-class experts. Performance gains
(IoU) when using best class-experts versus standard template-
averaging. Results are shown for CLIP-DINOiser, MaskCLIP and
NACLIP. The bars represent the IoU difference between using best
class-experts (selected with ground-truth labels) and the default
template-averaging approach.

6. Perspectives and Future Work

Our experiments show that entropy is a strong estimator
of class-experts. However, future research could develop
even better proxies for prediction accuracy. Template-based
methods appear especially promising, with significant po-
tential for improving OVSS performance. As illustrated
in Fig. 6, there is still a large gap to close—for example,
selecting the best expert for the “sky” class could improve
IoU by over 30 percentage points. These “upper-bounds”
could be further increased by using more or augmented tem-
plates beyond the 80 currently used.

7. Conclusion

We propose a new task for improving OVSS models without
having access to labels and without training, from a prompt
template perspective. Our work is motivated by an intrigu-
ing observation: for each class, some templates excel in
segmenting it. We refer to these templates as class-experts.
Given a set of unlabeled images, our FLOSS uses the en-
tropy of predictions as an unsupervised metric to identify
these class-experts, thus not requiring any training or labels.
Once selected, we propose a simple scheme for fusing the
predictions of the class-experts, resulting in an improved
overall OVSS performance in the inductive setting, even in
the presence of distribution shifts. Additionally, we corrob-
orate the effectiveness of FLOSS, which benefits from being
plug-and-play, and further show that only few unlabeled im-
ages can be sufficient for expert selection. Furthermore, the
oracle performance shows the potential of the class-experts,
paving the way for future research.
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Julien Mairal, Piotr Bojanowski, and Armand Joulin. Emerg-
ing properties in self-supervised vision transformers. In
ICCV, 2021. 1

[7] Junbum Cha, Jonghwan Mun, and Byungseok Roh. Learn-
ing to generate text-grounded mask for open-world semantic
segmentation from only image-text pairs. In CVPR, 2023. 5

[8] Guangyi Chen, Weiran Yao, Xiangchen Song, Xinyue Li,
Yongming Rao, and Kun Zhang. Plot: Prompt learning
with optimal transport for vision-language models. In ICLR,
2023. 2

[9] Liang-Chieh Chen, George Papandreou, Iasonas Kokkinos,
Kevin Murphy, and Alan L Yuille. Deeplab: Semantic image
segmentation with deep convolutional nets, atrous convolu-
tion, and fully connected crfs. TPAMI, 2017. 1

[10] Bowen Cheng, Ishan Misra, Alexander G Schwing, Alexan-
der Kirillov, and Rohit Girdhar. Masked-attention mask
transformer for universal image segmentation. In CVPR,
2022. 1

[11] Mehdi Cherti, Romain Beaumont, Ross Wightman, Mitchell
Wortsman, Gabriel Ilharco, Cade Gordon, Christoph Schuh-
mann, Ludwig Schmidt, and Jenia Jitsev. Reproducible scal-
ing laws for contrastive language-image learning. In CVPR,
2023. 5

[12] Seokju Cho, Heeseong Shin, Sunghwan Hong, Anurag
Arnab, Paul Hongsuck Seo, and Seungryong Kim. Cat-seg:
Cost aggregation for open-vocabulary semantic segmenta-
tion. In CVPR, 2024. 1, 2

[13] Marius Cordts, Mohamed Omran, Sebastian Ramos, Timo
Rehfeld, Markus Enzweiler, Rodrigo Benenson, Uwe
Franke, Stefan Roth, and Bernt Schiele. The cityscapes
dataset for semantic urban scene understanding. In CVPR,
2016. 3, 5

[14] Ulindu De Silva, Didula Samaraweera, Sasini Wanigath-
unga, Kavindu Kariyawasam, Kanchana Ranasinghe, Muza-
mmal Naseer, and Ranga Rodrigo. Test-time optimization
for domain adaptive open vocabulary segmentation. arXiv
preprint arXiv:2501.04696, 2025. 2

[15] Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li,
and Li Fei-Fei. Imagenet: A large-scale hierarchical image
database. In CVPR, 2009. 5

[16] Reza Esfandiarpoor, Cristina Menghini, and Stephen H
Bach. If clip could talk: Understanding vision-language
model representations through their preferred concept de-
scriptions. In EMNLP, 2024. 3

[17] M. Everingham, L. Van Gool, C. K. I. Williams, J. Winn, and
A. Zisserman. The PASCAL Visual Object Classes Chal-
lenge 2012 (VOC2012) Results, 2012. 5

[18] Yarin Gal. Uncertainty in deep learning. PhD Thesis, Uni-
versity of Cambridge, 2016. 4

[19] Peng Gao, Shijie Geng, Renrui Zhang, Teli Ma, Rongyao
Fang, Yongfeng Zhang, Hongsheng Li, and Yu Qiao.
Clip-adapter: Better vision-language models with feature
adapters. IJCV, 2024. 2

[20] Yunhao Ge, Jie Ren, Andrew Gallagher, Yuxiao Wang,
Ming-Hsuan Yang, Hartwig Adam, Laurent Itti, Balaji Lak-
shminarayanan, and Jiaping Zhao. Improving zero-shot gen-
eralization and robustness of multi-modal models. In CVPR,
2023. 3

[21] Golnaz Ghiasi, Xiuye Gu, Yin Cui, and Tsung-Yi Lin. Scal-
ing open-vocabulary image segmentation with image-level
labels. In ECCV, 2022. 2, 3

[22] Xiuye Gu, Tsung-Yi Lin, Weicheng Kuo, and Yin Cui.
Open-vocabulary object detection via vision and language
knowledge distillation. In ICLR, 2022. 3

[23] Sina Hajimiri, Ismail Ben Ayed, and Jose Dolz. Pay attention
to your neighbours: Training-free open-vocabulary semantic
segmentation. In WACV, 2025. 1, 2, 3, 5, 8

[24] Cong Han, Yujie Zhong, Dengjie Li, Kai Han, and Lin
Ma. Open-vocabulary semantic segmentation with decou-
pled one-pass network. In ICCV, 2023. 2

[25] Dapeng Hu, Jian Liang, Jun Hao Liew, Chuhui Xue, Song
Bai, and Xinchao Wang. Mixed samples as probes for unsu-
pervised model selection in domain adaptation. In NeurIPS,
2023. 7

[26] Xuefeng Hu, Ke Zhang, Lu Xia, Albert Chen, Jiajia Luo,
Yuyin Sun, Ken Wang, Nan Qiao, Xiao Zeng, Min Sun, et al.
Reclip: Refine contrastive language image pre-training with
source free domain adaptation. In WACV, 2024. 2

[27] Haiwen Huang, Songyou Peng, Dan Zhang, and Andreas
Geiger. Renovating names in open-vocabulary segmentation
benchmarks. In NeurIPS, 2024. 3

[28] Tony Huang, Jack Chu, and Fangyun Wei. Unsupervised
prompt learning for vision-language models. arXiv preprint
arXiv:2204.03649, 2022. 2

[29] Yunshi Huang, Fereshteh Shakeri, Jose Dolz, Malik Boudiaf,
Houda Bahig, and Ismail Ben Ayed. Lp++: A surprisingly
strong linear probe for few-shot clip. In CVPR, 2024. 2
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