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Abstract

Prompt engineering has shown remarkable success with
large language models, yet its systematic exploration in
computer vision remains limited. In semantic segmentation,
both textual and visual prompts offer distinct advantages:
textual prompts through open-vocabulary methods allow
segmentation of arbitrary categories, while visual reference
prompts provide intuitive reference examples. However, ex-
isting benchmarks evaluate these modalities in isolation,
without direct comparison under identical conditions. We
present Show or Tell (SoT), a novel benchmark specifically
designed to evaluate both visual and textual prompts for
semantic segmentation across 14 datasets spanning 7 di-
verse domains (common scenes, urban, food, waste, parts,
tools, and land-cover). We evaluate 5 open-vocabulary
methods and 4 visual reference prompt approaches, adapt-
ing the latter to handle multi-class segmentation through a
confidence-based mask merging strategy. Our extensive ex-
periments reveal that open-vocabulary methods excel with
common concepts easily described by text but struggle with
complex domains like tools while visual reference prompt
methods achieve good average results but exhibit high vari-
ability depending on the input prompt. Through compre-
hensive quantitative and qualitative analysis, we identify
the strengths and weaknesses of both prompting modali-
ties, providing valuable insights to guide future research in
vision foundation models for segmentation tasks. Code is
available at hitps://github.com/FocoosAl/ShowOrTell.

1. Introduction

A long-standing goal of artificial intelligence is to create
models that can generalize and adapt to multiple tasks with-
out requiring complex and costly fine-tuning or retrain-
ing [6, 15, 24, 29, 42, 54, 67]. Prompt engineering has re-
cently revolutionized large language models (LLMs) show-
ing that optimizing input instructions can substantially alter
model behavior and improve performance [9]. However,
systematic investigations into prompt engineering for com-
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Figure 1. Our Show or Tell (SoT) benchmark evaluates the effec-
tiveness of textual and visual prompts in semantic segmentation.
Here the query image poses a challenge for textual prompts since
“mouse” can refer to both an animal and a computer accessory,
resulting in an inaccurate segmentation. Similarly, visual prompts
also face difficulties in accurately identifying the “laptop” due to
the limited information provided by a top-down view.

puter vision tasks remain in their early stages [23, 59].

Recent work in computer vision has begun exploring
how insights from prompt engineering can enhance se-
mantic segmentation. By integrating carefully designed
prompts into segmentation pipelines, researchers are un-
covering new ways to guide pixel-level predictions and im-
prove model flexibility. Pioneering research in this direc-
tion are represented by open-vocabulary semantic segmen-
tation [1, 8, 16, 30, 38, 44] which has initiated the ex-
ploration of textual prompting for vision tasks. These ap-
proaches leverage Vision Foundation Models (VFMs), par-
ticularly CLIP [21, 45], to extract and align textual embed-
dings from class names with visual features, thereby en-
abling the segmentation of arbitrary categories without prior
training on specific classes. Despite their efficacy, these tex-



tual approaches encounter substantial limitations. Indeed,
difficult concepts, such as the various types of cracks on
a wall or a specific bird species, are hard to describe with
text alone, as textual descriptions may fail to capture the
unique visual cues needed for accurate recognition. More-
over, generic textual prompts frequently fail to distinguish
between semantically distinct objects: as shown in Fig. 1,
the prompt “a photo of a mouse” results in the segmentation
of both the animal and the computer peripheral, highlight-
ing the need for more precise contextual information.

To address these limitations, visual prompts have
emerged as a compelling alternative due to their intuitive
nature and straightforward implementation [23, 47, 51].
Human perception typically processes visual information
before linguistic categorization, making visual prompting
a natural approach to object identification. The use of
masks, bounding boxes, or scribbles to indicate objects
of interest provides an effective mean for identifying con-
cepts that resist precise verbal description. Visual refer-
ence prompt methods [23, 32, 52, 68, 72] have yielded
significant advancements in image segmentation. Recent
approaches [32, 68] typically employ a two-stage pipeline
leveraging VFMs: initially, a model such as DINO [5, 41]
identifies pixels exhibiting similarity to the reference class,
followed by prompting SAM [23] to generate the segmenta-
tion masks. However, relying on visual prompts poses chal-
lenges when objects vary in appearance across instances.
As depicted in Fig. 1 choosing the right visual prompts
could be challenging since they might contain limited vi-
sual cues, thus reducing the segmentation performance.

Based on these observations, each modality, textual and
visual, offers distinct advantages and limitations. Compar-
ing them provides two important benefits: it reveals sce-
narios where one type of prompt performs better than the
other, and it helps determine which modality works best
for semantic segmentation tasks. Notably, existing bench-
marks [3, 75] typically evaluate visual and textual prompts
separately, without directly comparing them under the same
conditions. Additionally, previous studies have tested visual
reference prompt methods only for single-class segmenta-
tion [32, 52, 68], failing to assess their performance in com-
plex real-world scenarios.

To bridge this gap, we introduce a novel benchmark,
Show or Tell (SoT), specifically designed to evaluate both
visual and textual prompts within the context of semantic
segmentation. To properly assess the generalization abil-
ity, SoT spans 14 datasets across 7 domains (common, ur-
ban, food, waste, parts, tools, and land-cover). This bench-
mark enables a direct, head-to-head evaluation of differ-
ent prompting methods in semantic segmentation, assessing
their adaptability by only changing the prompts. To the best
of our knowledge, this is the first effort toward an evaluation
of multiple prompting techniques in semantic segmentation.
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Our evaluation encompasses five open-vocabulary meth-
ods (MaskCLIP [10], TCL [31], CLIP-DINoiser [63], NA-
CLIP [19], and ProxyCLIP [25]) and four visual ref-
erence prompt approaches (SINE [33], PerSAM [72],
Matcher [32], and GFSAM [68]), all assessed under iden-
tical experimental conditions. To facilitate a fair compari-
son of visual reference prompt methods, which were origi-
nally designed for binary segmentation tasks, we implement
a novel adaptation for multi-class segmentation scenarios.
This adaptation involves generating individual binary masks
for each class and subsequently merging them according to
the model’s confidence scores, enabling these methods to
effectively segment scenes containing multiple objects.

Extensive experimental results highlight that open-
vocabulary methods excel in domains where the classes rep-
resent common concepts that can be easily described by
text, while visual reference prompt methods obtain good
results on average but their results can significantly differ
depending on the input prompt.

In summary, the contributions of the paper are three-fold:
We introduce a novel benchmark, SoT, comprising 14
datasets in 7 domains and systematically comparing 4 vi-
sual and 5 textual prompting methods;

We adapt visual reference prompt methods to operate in
multi-class setting;

Through an extensive quantitative and qualitative anal-
ysis, we identify the strengths and weaknesses of both
prompting modalities, providing valuable insights for fu-
ture research.

2. Related works

Prompt engineering for semantic segmentation. Prompt
engineering, originating in natural language processing, has
expanded to computer vision applications. Initially fo-
cused on text-to-image generation with models like DALL-
E [46] and Stable Diffusion [48], this approach evolved with
vision-language models such as CLIP [45], which demon-
strated how textual prompts could shape visual representa-
tions for zero-shot recognition. In semantic segmentation,
prompting techniques are used to guide foundation mod-
els including CLIP [45], DINO [5, 41], and SAM [23].
Most approaches rely exclusively on either text prompts
(Open-Vocabulary Semantic Segmentation [18, 25, 38, 63])
or visual prompts (Visual Reference Prompt Segmenta-
tion [32, 52, 68]), with few exceptions [34, 39] combin-
ing both modalities. While previous benchmarks [3, 75]
typically evaluate the approaches separately, our work di-
rectly compares them to assess their respective strengths
and weaknesses in real-world scenarios.

Open-vocabulary segmentation. Open-vocabulary se-
mantic segmentation extends traditional zero-shot semantic
segmentation [4, 17, 43, 64] by enabling models to iden-



tify arbitrary object categories without class-specific train-
ing, leveraging the semantic understanding capabilities of
vision-language foundation models [5, 23, 41, 45] to gener-
alize beyond predefined class sets. The extension of CLIP’s
aligned image-language representations [21, 45] to segmen-
tation presents challenges, as CLIP’s architecture is not in-
herently designed for dense vision-language features. Initial
approaches relied on fine-tuning CLIP to semantic segmen-
tation by exploiting a large labeled set containing pixel-wise
annotations from a large set of classes [1, 8, 16, 30, 38, 44].
However, these approaches require a large amount of an-
notated data and they alter the open-vocabulary capabilities
of the original CLIP model, biasing its knowledge on the
training dataset. For this reason, recent works have focused
on training-free approaches [19, 22, 25, 50, 57, 63, 74]. Re-
cent innovations include MaskCLIP [74], which revealed
that value embeddings offer better localization than token
embeddings, and approaches that refine CLIP’s attention
mechanisms [19, 28, 55]. Other methods [25, 57, 63] com-
bine CLIP’s semantic understanding with spatial consis-
tency from models like DINO and SAM.

Visual Reference Segmentation. Visual Reference Seg-
mentation employs annotated reference images to guide the
segmentation of semantically similar regions in target im-
ages. Originating as Few-Shot Segmentation (FSS) [49],
early approaches [7, 26, 60, 69] concentrated on training
neural networks to extract prototypes from reference images
and compute similarity for target image segmentation. Due
to the limitations of prototype-based methods, subsequent
research proposed extracting correlation maps to represent
the relationship between reference and target images [36,
56] or utilizing attention maps to guide target image seg-
mentation [20, 70]. The advent of vision foundation mod-
els (VFEMs) has transformed the field, directing research to-
ward the use of large-scale pre-trained models for target
image segmentation. Several approaches [33, 61, 62, 65]
have developed models with cross-task generalization ca-
pabilities. Painter [61] introduced an in-context learning
framework wherein vision tasks are defined through exem-
plars. SINE [33] presented an encoder-decoder architecture
that handles multiple tasks via in-context examples. How-
ever, the training of such models requires substantial com-
putational resources and extensive datasets. Consequently,
research has increasingly focused on employing existing
VEMs such as DINO [5,41] and SAM [23, 47] in a training-
free manner, as these models offer superior generalization
capabilities due to their comprehensive pretraining. Per-
SAM [72] adapts SAM for personalized segmentation with
minimal parameter modifications. VRP-SAM [52] incorpo-
rates SAM with an external feature-matching encoder with-
out fine-tuning. Matcher [32] and GFSAM [68] implement
two-stage pipelines that employ DINOv2 [41] to compute
cross-image similarities for extracting prompts for SAM.
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Name Prompt type Visual backbone Trained
SINE [33] [Neurtps24] DINOv2 [41] v
PerSAM [72] tcLr241 Visual SAM [23] X
Matcher [32] (icLr 24 DINOvV2 [41] + SAM [23] X
GFSAM [68] [NeurPs’24] DINOvV2 [41]+ SAM [23] X
TCL [8] [cvpr’23] CLIP [45] v
MaskCLIP [10] (Eccv22) CLIP [45] X
CLIP-DINoiser [63] [eccv24)  Textual CLIP [45] X
NACLIP [19] (wacv'2s) CLIP [45] X
ProxyCLIP [25] (Eccv24] CLIP [45] + DINO [5,41] X

Table 1. List of models analyzed in our benchmark. For each
model we report the type of prompt employed, the visual back-
bone(s) used and if the model undergone a training process.

3. Show or Tell Benchmark

To facilitate a rigorous comparison between visual and tex-
tual prompts for semantic segmentation, we introduce Show
or Tell (SoT). This novel benchmark evaluates 5 open-
vocabulary and 4 visual reference prompt methods across
14 distinct datasets spanning 7 domains. In the following
sections, we present an overview of the methods included
in the benchmark (Sec. 3.1) and describe our approach for
adapting visual reference prompts to generate predictions
for multi-class semantic segmentation (Sec. 3.2). Subse-
quently, we describe the composition of the benchmark, in-
cluding the datasets and their challenges (Sec. 3.3).

3.1. Models

A comprehensive evaluation of visual and textual prompts
requires the selection of an appropriate subset of models
for each prompt category. To accomplish this objective, we
first conduct an analysis of the operational mechanisms of
models employing these prompt types, followed by a justi-
fication of our selection criteria. A summary of the bench-
marked methods is presented in Tab. 1.

Textual prompting based. Text serves as a powerful
prompt, enabling the description of visual concepts using
natural language. In recent years, this approach has been
widely adopted by open-vocabulary segmentation (OVSS)
models. Specifically, in the context of OVSS, the goal is
to assign a semantic label (provided as a free-form text de-
scription) to each pixel (or region) in an image, without re-
lying on a predefined set of labels. OVSS methods operate
on an image and a vocabulary of textual class descriptions.
These approaches extract dense visual features from the im-
age using a visual encoder while simultaneously generating
embeddings for each class in the vocabulary via a text en-
coder. The core challenge lies in aligning these visual and
textual representations to produce accurate semantic seg-
mentation maps for all prompted classes.

For our benchmark, we evaluate five representative
methods: MaskCLIP [74], TCL [8], CLIP-DINoiser [63],
NACLIP [19], and ProxyCLIP [25]. We deliberately em-



phasize training-free approaches that leverage VFMs like
DINO [5, 41] and CLIP [45] rather than models specifi-
cally trained for segmentation tasks. This selection strat-
egy serves dual purposes: it prevents potential bias from
dataset contamination that might favor certain domains, and
it better aligns with our cross-domain evaluation objectives.
Training-free methods typically demonstrate stronger gen-
eralization capabilities due to their diverse pretraining on
large-scale datasets [21, 45], allowing us to assess their in-
trinsic ability to transfer knowledge to novel visual concepts
without task-specific optimization.

Visual prompting based. Visual prompts represent con-
cepts through explicit visual cues such as masks, bound-
ing boxes, or scribbles, offering an alternative to textual de-
scriptions. These prompts are predominantly employed in
few-shot segmentation (FSS) [32, 49, 52], where the objec-
tive is to generate a segmentation mask for a query image
that identifies the same class annotated in a small support set
of images. While FSS methods demonstrate adaptability to
novel classes, they typically operate in a single-class seg-
mentation paradigm. Although some approaches have been
extended to generalized and incremental few-shot segmen-
tation [7, 64], these methods are trained on specific datasets
(e.g., PASCAL VOC [14], ADE20K [73]) and lack the gen-
eralization capabilities required for our evaluation.

For our benchmark, we specifically selected visual refer-
ence prompt methods that leverage vision foundation mod-
els (VEMs) such as DINO [5, 41] and SAM [23], prioritiz-
ing their inherent generalizability across diverse visual do-
mains. The benchmark includes SINE [33], PerSAM [72],
Matcher [32], and GFSAM [68]. Among these, SINE [33]
employs DINO [41] for visual prompting, and fine-tunes a
transformer decoder to produce mask at different granular-
ity able to perform in-context segmentation. Despite their
effectiveness, these methods are designed to segment only
one class at a time, necessitating adaptation for multi-class
semantic segmentation in our benchmark.

3.2. Adapting Visual Reference Prompt Methods

Visual reference prompt methods are designed to generate
a single mask when provided with an annotated support set.
These methods accept a support set containing images with
masked annotations of a target class and subsequently pro-
duce a binary segmentation map identifying the correspond-
ing class in a query image. For comprehensive evaluation
in SoT, however, these methods require adaptation to ac-
commodate multi-class scenarios. We implement this adap-
tation through a two-stage process: first, computing indi-
vidual masks for each class, and second, integrating these
masks based on the model’s confidence for each prediction.

Producing multiple masks. To adapt visual reference
prompt methods for multi-class segmentation, we first cre-
ate a semantic support set S**”* by randomly sampling k
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Domain Dataset Classes Train images Val. images
ADE20K [73] 150 20,000 2,000
Common
PASCAL VOC 2012 [14] 21 1,464 1,449
i 2
Urban Cltysca'pes [—1_] 19 2,975 500
UAVid [35] 7 200 70
Trash [40] 12 832 92
Waste
ZeroWaste [2] 4 3,002 572
Pizza [66] 5 437 122
Food
UECFood [13] 102 9,000 1,000
Toolkits [37] 8 48 6
Tools
PIDray [71] 12 29,454 3,733
House-Parts [53] 22 700 201
Parts
MHPvI [27] 17 4,000 980
LoveDA-Rural [58] 6 1,366 992
Land-Cover
LoveDA-Urban [58] 6 1,156 667

Table 2. Our benchmark SoT is composed of 14 datasets divided
into 7 different domains. For each dataset, we report the number
of classes and the number of train and validation images.

images for each of the n classes in the dataset . This results
in a total of n X k support images. When processing a query
image ¢, we run the model n separate times, once for each
class, to generate a binary mask for each class. While this
approach is straightforward to implement, it requires n sep-
arate forward passes, making it computationally expensive.
We analyze this efficiency issue in detail in Sec. 4.4.

Merging predictions. After processing a query image, vi-
sual reference prompt methods produce n independent bi-
nary masks, one for each class. To create a unified seman-
tic segmentation map, we must assign a confidence score
to each mask. We standardize this process across meth-
ods: for training-free approaches (such as PerSAM [72],
Matcher [32], and GFSAM [68]), we use the mean con-
fidence score from the visual backbone (DINOv2 [41] or
SAM [23]) within each predicted mask. For trained meth-
ods like SINE [33], we use the output probability of the
decoder. Once these confidence scores are assigned, we ap-
ply an argmax operation across all class masks to produce
the final semantic segmentation prediction.

3.3. Datasets

Our benchmark, SoT, aims to rigorously evaluate how tex-
tual and visual prompting methods perform across diverse
real-world scenarios. To achieve this, we carefully selected
14 datasets spanning 7 distinct domains. This selection was
motivated by the need to assess these methods beyond con-
trolled environments, following recent benchmarks that test
segmentation approaches “in the wild” [3, 75]. We deliber-
ately included both common scenes and specialized appli-
cations to ensure comprehensive coverage of visual contexts
that practitioners might encounter. In the following, we de-
scribe each domain and its constituent datasets, emphasiz-
ing their unique visual characteristics that might differently
affect the performance of textual versus visual prompting
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Figure 2. Sample images drawn from the datasets that compose
our SoT benchmark.

approaches. Table 2 provides a summary of all datasets in-
cluded in our benchmark, while Figure 2 reports some ex-
ample images from each dataset.

Common scenes represent foundational benchmarks in
segmentation research. ADE20K [73] encompasses 150
classes categorized as stuff (e.g. sky, grass, road) or things
(e.g. car, person, chair), providing a comprehensive frame-
work. In contrast, PASCAL VOC 2012 [14] adopts an
object-focused approach with 20 thing classes distributed
across varied indoor and outdoor environments.

Urban scenes are critical for autonomous vehicles.
Cityscapes [12] provides high-resolution street-level im-
agery with 19 classes with dynamic objects and varying
weather conditions. UAVid [35] captures aerial perspectives
with 7 categories, introducing complexities due to scale
variations, occlusions, and perspective distortions.

Waste domain datasets capture litter in diverse environ-
ments. Trash [40] and ZeroWaste [2] contain 12 and 4 waste
classes respectively. The variability in shape makes certain
classes particularly challenging: for instance, Styrofoam
pieces can resemble plastic and appear in unpredictable
forms, complicating both textual and visual prompting.

Food domain presents challenges due to preparation and
presentation variability. Pizza [66] includes categories for
pizza base and 4 dressings, while UECFood [13] com-
prises 102 dishes. Classes like fomato may appear whole
or crushed, while dishes with similar appearance may be
difficult to identify (e.g., miso soup vs chinese soup).

Tools domain is important for security and robotics appli-
cations. Toolkit [37] contains 8 common tools on a work-
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bench with many occlusions, while PIDray [71] presents 12
classes in X-ray scans. Objects like scissors or lighters are
particularly challenging to identify in X-ray imagery due to
material composition variations and occlusions.

Parts segmentation demands understanding of object struc-
tures. House-Parts [53] includes 22 architectural elements
where features like wooden doors may lack visual distinc-
tion. MHPv1 [27] contains 17 human body parts, introduc-
ing complexity in distinguishing spatially related elements
such as right leg versus left shoe.

Land-Cover applications are increasingly important for
satellite imagery analysis. LoveDA [58] presents a dataset
with 6 classes distinguishing rural and urban areas. This do-
main is challenging as classes like buildings are not usually
seen from above, while agricultural terrain varies signifi-
cantly based on crop types and seasonal changes.

4. Results

4.1. Implementation details

For visual reference prompting methods, the semantic sup-
port set S is computed once at the beginning of the
evaluation and remains unchanged. The images that consti-
tute S are drawn from the training split of each dataset,
while the evaluation is conducted on the validation set when
available, or on the test set otherwise.

We adapted visual reference prompting methods by
reimplementing them within our codebase, while evaluat-
ing open-vocabulary methods using MMSegmentation [11].
Due to the inherent variability in visual prompt selection,
we conducted each experiment by randomly sampling five
different support sets. We report both the mean and standard
deviation of the results. For OVSS methods, we follow their
protocol and use a vocabulary containing the dataset classes
and, when required, also the background class. For our eval-
uation metric, we used the standard mean Intersection over
Union (mloU), with the background class excluded from
computation when present.

4.2. Quantitative results

Table 3 reveals that visual prompting methods generally
outperform textual approaches across our benchmark, with
GFSAM [68] achieving the highest average performance
(38.7 mloU on average with five prompts). The perfor-
mance gap between modalities dramatically varies across
domains, with visual methods showing particular strength
in specialized contexts while textual approaches remain
competitive in common scenes. Increasing visual prompts
from one to five consistently improves performance for all
methods, with GFSAM [68] showing the most substan-
tial average gain (+8.7 mloU). The high standard devia-
tion observed in some domains (x14.1 for GFSAM [68] on
Pizza) confirms our hypothesis about prompt selection sen-



Common Scene Urban Waste Food
MODEL Prompt
PASCAL VOC ADE20K Cityscapes UAVid Trash ZeroWaste Pizza  UECFood
Open-vocabulary methods (textual prompt)
MaskCLIP [10] Textual 38.8 9.8 12.6 23.5 4.3 6.6 25.5 4.5
TCL [8] Textual 51.2 14.9 23.1 11.2 19.0 9.6 26.1 10.3
CLIP-DINoiser [63] Textual 62.1 20.0 31.7 254 13.8 14.5 37.6 13.9
NACLIP [19] Textual 52.1 17.3 314 25.8 18.5 10.4 435 16.6
ProxyCLIP (DINOvV2) [25] Textual 58.6 21.6 352 29.3 18.7 14.3 49.2 22.7
ProxyCLIP (DINO) [25] Textual 60.6 22.6 40.1 30.2 21.1 15.1 52.5 22.6
Visual reference prompt methods (visual prompt)
SINE [33] 1 prompt 31.2+26 159407 42.7+22 31.046.1 9.4+15 83408  152+19 1.3+02
o 5 prompt 37.2+17 183402 44.1+10 36.9+1.6 14.4+24 8.1+15 19.5£26 2.7+04
PerSAM [72] 1 prompt 10.1+1.2 2.7+£02  15.1+04 6.6+1.8 3.6+£1.0 3.4+1.1  16.8+11  1.9402
5 prompt - - - - - - - -
_t t
Matcher [32] 1 prompt 35.3+1.9 30.6+3.7 14.042.0 32.6+3.7 10.543.0 36.049.8
5 prompt 42,9416 -1 37.7+1.8 20.5+1.1 46.6+£32 13.1+1.6 40.24238 -t
GESAM [68] 1 prompt 34.0+3.6 174410 365433 21.7438 38.6+44 142434 51.6+141 179414
5 prompt 45.0+1.4 23.4406 44.6+09 29.7+16 52.5456 16.8437 62.2+27 26.8+1.1
MODEL Prompt Land-Cover Tools Parts
LoveDA-Rural LoveDA-Urban Toolkits PIDray House-Parts MHPvl AVG
Open-vocabulary methods (textual prompt)
MaskCLIP [10] Textual 14.0 26.1 2.0 2.0 4.6 124 133
TCL [8] Textual 12.3 14.9 6.5 4.8 7.8 11.5 15.9
CLIP-DINoiser [63] Textual 25.3 353 6.0 3.5 7.3 173 224
NACLIP [19] Textual 24.2 31.1 12.9 6.4 7.4 209 228
ProxyCLIP (DINOv2) [25] Textual 314 40.3 34 7.4 34 215 255
ProxyCLIP (DINO) [25] Textual 32.7 354 6.4 7.5 3.6 28.1 27.1
Visual reference prompt methods (visual prompt)
SINE [33] 1 prompt 14.5+5.0 26.7+4.7 43.7486 1.8+03 12.3+18  8.3+1.1 18.7
o 5 prompt 20.3+3.9 31.9442 64.0+9.2 3.2+03  14.7+17 10.0+05 23.2
PerSAM [72] I prompt 8.1+2.1 8.7+3.0 21.7475 2.3+04 4.0+1.6 8.3+08 8.1
5 prompt - - - - - - -
Matcher [32] 1 prompt 18.3+3.1 22.7+6.2 85.649.7 6.4+18 16.0+24  16.3+20 27.2
5 prompt 254426 30.5+48 88.9+29 10.3+1.1 25.0+£50 19.3+22 33.5
GFSAM [68] 1 prompt 30.5+8.2 36.4+6.0 71.6+£37 14.0+45 18.8+£32 21.4+1.8 30.3
5 prompt 35.6+1.4 43.4+3.1 86.9+14 21.0+2.6 24.7+26 28.6+1.8 38.7

Table 3. Benchmark results for the selected model. We present the mloU for each model, and for visual reference prompt methods, we
also include the standard deviation across different seeds. Note that for PerSAM [72], only the configuration with one prompt is reported
due to its limitation in handling multiple prompts. T denotes experiments that required excessive time to yield results.

sitivity. Interestingly, the relative performance of prompt-
ing modalities dramatically shifts across domains. In com-
mon scenes, textual prompts excel on PASCAL VOC [14]
(CLIP-DINoiser: 62.1 mloU vs. GFSAM: 45.0 mloU),
yet this advantage reverses on ADE20K [73] where visual
prompting slightly prevails. This pattern contrasts sharply
in specialized domains like waste recognition, where GF-
SAM (52.5 mloU) outperforms ProxyCLIP (21.1 mloU)
by an impressive 31.4 points on the Trash dataset, and
tools, where Matcher achieves an exceptional 88.9 mloU
on Toolkits versus NACLIP’s 12.9 mloU. The urban do-

main falls between these extremes, with visual methods
maintaining a moderate but consistent advantage on both
Cityscapes [12] (GFSAM: 44.6 mloU vs. ProxyCLIP: 40.1
mloU) and UAVid [35] (SINE: 36.9 mloU vs. ProxyCLIP:
30.2 mloU). Perhaps, the most revealing is the parts do-
main, where the performance gap varies dramatically be-
tween datasets: visual methods vastly outperform textual
approaches on House-Parts [53] (Matcher: 25.0 mloU vs.
TCL: 7.8 mloU), yet the difference nearly vanishes on
MHPv1 [27] (GFSAM: 28.6 mloU vs. ProxyCLIP: 28.1
mloU). This suggests textual descriptions adequately cap-
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ture human anatomy but struggle with architectural ele-
ments that benefit from visual reference. Similarly, on
PIDray’s [71] X-ray scans, GFSAM (21.0 mloU) triples the
performance of textual methods (7.5 mloU), demonstrating
textual prompts’ inability to capture the unique visual char-
acteristics of tools in security screening contexts.

Our results further validate our strategic emphasis on
training-free methods, as trained approaches like SINE [33]
and TCL [8] exhibit limited cross-domain adaptability. De-
spite SINE’s [33] strong performance on Cityscapes [12]
(44.1 mloU), it performs poorly on specialized domains
like waste (14.4 mloU and 8.1 mloU) and food (19.5 mloU
and 2.7 mloU). This stark contrast highlights the superior
adaptability of training-free methods across diverse visual
domains, particularly when leveraging visual prompts that
can capture domain-specific visual characteristics that tex-
tual descriptions often fail to convey.

4.3. Qualitative results

In Figure 3, we compare the segmentation prediction ob-
tained on our benchmark via textual prompts and a single
visual prompts using ProxyCLIP [25] and GFSAM [68].

Segmentation masks generated using visual prompts
demonstrate superior boundary refinement and shape defini-
tion compared to those produced with textual prompts. This
phenomenon is particularly pronounced in the Trash [40]
and Toolkits [37] datasets, where visual prompts effectively
capture intricate object details, such as the cardboard (yel-
low class, Trash) and the Allen key (red class, Toolkits),
with significantly higher precision than their textual coun-
terparts. In more challenging datasets such as PIDray [71]
and MHPv1 [27], both prompting approaches demonstrate
limitations in generating comprehensive masks for the spec-
ified classes. Although visual prompting successfully seg-
ments the sprayer in the X-ray scans of the PIDray [71]
dataset (blue class), it exhibits reduced efficacy in delin-
eating the various body parts in the MHPv1 [27] dataset.
Conversely, in datasets such as ADE20K [73], Pizza [66],
UECFOQD [13], Cityscapes [12], and PASCAL VOC [14],
both methods produce accurate results. However, in PAS-
CAL VOC [14], the limitations of a single prompt become
evident: despite accurate segmentation of target classes, the
final prediction contains extraneous classes not present in
the image. A significant qualitative observation emerges
from the UAVid [35] dataset. In this instance, textual
prompts generate an approximate segmentation of the en-
tire scene, whereas visual prompting demonstrates reduced
efficacy in capturing numerous buildings and distant veg-
etation. This observation reveals a fundamental limitation
of visual prompting: its diminished capacity to effectively
segment small objects in complex, cluttered environments.
Textual prompts, despite their inherent imprecision, provide
more comprehensive segmentation in such scenarios.
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ADE20K Cityscapes PIDray

#Forward Time #Forward Time #Forward Time
CLIP-DINoiser [63] 1 ~ 0.08s 1 ~0.1s 1 ~0.07s
NACLIP [19] 1 ~ 0.05s 1 ~0.2s 1 ~ 0.05s
ProxyCLIP [25] 1 ~ 0.6s 1 ~ 0.5s 1 ~0.2s
PerSAM [72] 150 ~ 320s 19 ~ 40s 12 ~25s
Matcher [32] 150 ~ 1,800s 19 ~ 240s 12 ~ 150s
GFSAM [68] 150 ~ 220s 19 ~ 30s 12 ~ 19s

Table 4. Inference time and the number of forward required by
visual reference (1 prompt) and open-vocabulary methods to pro-
duce a segmentation mask for a single image. Inference time is
measured on single NVIDIA L4.

4.4. Computational analysis

Table 4 presents the number of forward passes required by
each method to generate a segmentation mask for all classes
in a given image, along with the corresponding inference
time (in seconds) per image. Open-vocabulary methods
(upper part of the table) only require a single forward pass
and produce segmentation masks in less than a second.
CLIP-DINoiser [63] and NACLIP [19] demonstrate partic-
ularly efficient performance, with inference times below 0.2
seconds per image. Conversely, ProxyCLIP [25], which
achieves superior performance on average, exhibits longer
inference times ranging from 0.2 to 0.6 seconds. This in-
creased computational demand can be attributed to its inte-
gration of DINO [5, 41].

As detailed in Section 3.2, visual reference methods
(bottom part of the table) requires n forward passes, where
n represents the number of classes. Consequently, infer-
ence times for these methods are substantially larger than
textual prompting and range from 8 to over 1800 seconds
per image. Matcher [32] exhibits the highest computational
demand among visual reference methods, with inference
times exceeding 30 minutes on ADE20K [73], primarily
due to its dependence on SAM’s computationally intensive
automatic mask generator [23]. In contrast, GFSAM [68]
demonstrates the most efficient performance, with an infer-
ence time of 220 seconds on ADE20K [73].

5. Conclusions

We presented Show or Tell (SoT), a comprehensive bench-
mark evaluating both visual and textual prompts for seman-
tic segmentation across 14 datasets spanning 7 diverse do-
mains. Our experiments with 5 open-vocabulary and 4 vi-
sual reference prompt methods revealed distinct strengths
and limitations of each prompting modality.
Open-vocabulary methods excelled in common scenes
and urban environments where concepts are readily de-
scribed textually. ProxyCLIP [25] variants achieved the
highest scores on PASCAL VOC [14], ADE20K [73], and
Cityscapes [12]. However, these methods performed poorly
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LoveDA-Rural
LoveDA-Urban

in specialized domains like tools and parts, where textual Open challenges Our benchmark identifies several key
descriptions inadequately capture complex visual character- challenges for future research.

istics. Visual reference prompt methods demonstrated more

consistent performance across domains, with GFSAM [68] ¢ Computational efficiency: Visual reference prompt
showing strong results when provided with multiple visual methods process binary class-by-class, resulting in slower
prompts. These methods performed very well in special- inference compared to open-vocabulary approaches.

ized categories like tools (88.9% on Toolkits) where visual * Prompt selection sensitivity: Visual in-context learning
examples offer more effective guidance than text descrip- methods show high sensitivity to prompt selection, under-
tions. Their performance, however, varied considerably de- mining their reliability in practical applications.

pending on the quality and representativeness of prompts, * Domain specialization: ~ Open-vocabulary methods
revealing a significant sensitivity to prompt selection. struggle with specialized domains due to poor text-to-

visual feature alignment.
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