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Abstract

Training-free open-vocabulary semantic segmentation
(OVS) aims to segment images given a set of arbitrary tex-
tual categories without costly model fine-tuning. Existing
solutions often explore attention mechanisms of pre-trained
models, such as CLIP, or generate synthetic data and de-
sign complex retrieval processes to perform OVS. However,
their performance is limited by the capability of reliant
models or the suboptimal quality of reference sets. In this
work, we investigate the largely overlooked data quality
problem for this challenging dense scene understanding
task, and identify that a high-quality reference set can
significantly benefit training-free OVS. With this obser-
vation, we introduce a data-quality-oriented framework,
comprising a data pipeline to construct a reference set
with well-paired segment-text embeddings and a simple
similarity-based retrieval to unveil the essential effect of
data. Remarkably, extensive evaluations on ten benchmark
datasets demonstrate that our method outperforms all
existing training-free OVS approaches, highlighting the
importance of data-centric design for advancing OVS
without training. Our code is available here.

1. Introduction

Open-vocabulary semantic segmentation (OVS) aims to
segment images according to a set of arbitrary textual cat-
egories. While conventional approaches rely on train-
ing or fine-tuning large models with segment-text [10, 13,
19, 33, 36, 40, 45, 70] or image-text [8, 9, 59, 64, 67—
69, 77] datasets, these methods incur significant annotation
and computational costs. Recent advancements in vision-
language models (VLMs), such as CLIP [47], have spurred
interest in training-free OVS methods that leverage these
pre-trained models without additional fine-tuning.

Some approaches assume VLMs have sufficient classi-
fication capabilities to recognize semantics, and attempt to
enhance their pixel-level localization by modifying the at-
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Figure 1. (a) Qualitatively compare ReME with SCLIP [58] (a
representative CLIP-attention-based method) on an example from
ADE20K [81] with 150 classes. Both methods have no mask
post-processing. ReME produces higher-quality masks with a sim-
ple segmentation algorithm, yet SCLIP generates noisy masks
paired with many irrelevant classes, such as “curtain” and “mi-
crowave”, etc. (b) Performance comparison between SCLIP and
retrieval-based OVS using different reference sets. : ground-
truth segment-label of COCO Stuff [5]; Syn: synthetic reference
set from FreeDA [3]; Ours: our reference set from real images
with quality refinement.

tention mechanisms [29, 30, 53, 56, 58, 60, 82]. However,
VLMs are trained under weak image-text supervision [32],
and merely tweaking their attention modules post-hoc can-
not break through the inherent ceiling imposed by coarse
training signals [21]. As a result, such approaches often
struggle with low-quality segmentation masks and noisy la-
bels. As shown by an example in Fig. | (a), methods relying
on CLIP attention often fail to even match the segmentation
quality of an algorithm-based segmenter [17], which, de-
spite being class-agnostic, can propose perceptually mean-
ingful image regions. (Refer to Fig. 5 for more examples).

Confronted with such limitations of VLLMs, the retrieval
paradigm offers a key inspiration: correcting the vulnerabil-
ities of VLMs by reference substances in an external knowl-
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edge base. We investigate this from the data-centric per-
spective — assuming there exists a high-quality reference set
for OVS, can we unlock the potential of retrieval for bet-
ter results? Specifically, we experiment with ground truth
(GT) segment-text pairs from COCO Stuff [5], viewing it as
a “high-quality” reference set. Using a class-agnostic seg-
mentation algorithm [17] for test images, we apply a simple
similarity-based strategy (refer to Sec. 3.3) for retrieving
and aggregating mask labels. No models or complex re-
trieving algorithms are involved to unveil the fundamental
data capabilities. As shown in Fig. | (b), retrieval from GT
annotations consistently surpasses SCLIP [58], which is a
well-performed method using CLIP attention. This obser-
vation indicates the significant potential of data for enhanc-
ing OVS with retrieval.

However, in the absence of labor-intensive GT anno-
tations, despite the anticipated performance gain, exist-
ing retrieval-based methods remain modest compared to
attention-based approaches. To fill the data gap, they often
resort to diffusion models (DMs) [50] to generate synthetic
images, utilizing text-corresponding attention masks to con-
struct reference sets [2, 3, 24, 62]. However, synthetic data
often lacks the realism and richness of real images, making
them a suboptimal retrieval resource [15, 55, 74]. Fig. |
(b) compares retrieval results from the COCO Stuff GT and
a state-of-the-art synthetic reference set from FreeDA [3],
constructed from COCO captions. The comparison indi-
cates that the synthetic reference set falls significantly short
of its GT counterpart, highlighting its limitations compared
to real images. Some methods employ a quick fix of data
bottleneck by designing sophisticated retrieval strategies to
tolerate suboptimal data [62], which is less preferred as the
central issue remains unaddressed [73].

In this work, we aim to construct a well-aligned, rich,
and contextually relevant set of segment-text pairs from
real images, investigating the capabilities of such data
to benefit training-free OVS. Specifically, we introduce
ReME, a data-centric framework that Refines Multi-modal
Embeddings for retrieval-based, training-free OVS.

ReME harnesses the intrinsic capabilities of VLMs with
the aggregation effect — while they may not yield satis-
factory results for individual instances, VLMs demonstrate
a certain degree of effectiveness when analyzing data at
a collective level [12, 42, 46, 51, 52, 80, 83]. Using
only images as input, the data pipeline of ReME starts
by constructing a semantically rich base set with VLM-
paired image segments and textual labels. With the obser-
vation of superior discriminativeness in same-modal data
features, ReME leverages their collective patterns to recal-
ibrate cross-modal misalignments introduced by the VLM,
producing a reference set with enhanced quality. In the in-
ference, we apply a basic class-agnostic segmentation algo-
rithm to test images, then align and aggregate the proposed

masks into final predictions by referring to our reference set

with a simple similarity-based strategy.

As shown in Fig. 1 (b), compared to using GT anno-
tations for reference, our reference set indicates even bet-
ter OVS capacity. Specifically, governed by our data qual-
ity consideration in semantic richness and alignment cor-
rectness, ReME brings significantly further performance
gains for challenging benchmarks, such as PC-459 [39], and
domain-specific scenarios, such as Cityscapes [11].

Extensive experiments on ten OVS benchmarks demon-
strate the superior performance of ReME over existing
training-free methods. Overall, our main contributions are
summarized as follows:

* We introduce ReME, a data-centric framework for
training-free OVS by constructing high-quality segment-
text data from real images, with a simple retrieval process
to perform OVS without any model fine-tuning.

* We identify the critical yet underexplored role of data
quality, and provide a data pipeline for refining multi-
modal data collectively from an intra-modal perspective,
which unveils the data potential to regularize or comple-
ment pre-trained models.

» Extensive experiments on ten benchmark datasets demon-
strate the consistent performance gains of ReME over 14
training-free OVS baselines.

2. Related Work

Training-Free OVS. Many training-free OVS methods an-
alyze attention mechanisms [57, 71, 72] of VLMs or diffu-
sion models to produce segmentation results [4, 29, 37, 49,
53, 60, 65, 82]. However, their reliant models trained with-
out pixel-level supervision may produce inferior results,
constraining the upper bound of these approaches. To im-
prove the situation, methods such as CaR [56] leverage mul-
tiple CLIP models to iteratively refine segmentation results,
which are less practical due to significant inference costs.
Another line of methods [2, 3, 20, 24, 54, 62] constructs
a reference set with extensive segment-text pairs, which
serves as reference knowledge to support better alignment
between test segments and text. Most of such methods ei-
ther use synthetic data [2, 3, 24, 62] that falls short of diver-
sity and realism [15, 55], or opt for sophisticated retrieval
strategy or shortcut like adding GT classes to bypass the
data quality issues [41, 62]. To fill the gap, our framework
investigates the importance of data for this challenging task.
Multi-Modal Datasets Curation. High-quality datasets
have driven remarkable progress in multi-modal models [8,
16, 38, 44, 61, 66, 75]. Recent techniques of image-text
data curation typically involve two branches: data filter-
ing [6, 18] that removes noisy data, and data improve-
ment [28, 83] that refines multi-modal alignment. Despite
training better VLM is often the objective of data curation,
these models themselves are also used for curating better
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Figure 2. The data pipeline of ReME to construct a high-quality reference set. The pipeline includes two phases: the initial pairing
that produces pre-matched segment-text pairs using images as input; and the data enhancing that performs group-based filtering according
to more discriminative intra-modal similarity among segment embeddings and semantic enriching with similar labels.

data. For instance, CLIP is frequently used for data filter-
ing with CLIP score (i.e., similarity between visual and text
features) [46, 51, 52], and some methods use BLIP-2 to re-
duce semantic noise [42, 83]. As both data filtering and
data improvement address essential aspects of data quality,
we consider both of them in our approach for more com-
prehensive data enhancement. In addition, multi-modality
data curation in fine-grain such as segment-text pairs re-
mains underexplored, requiring further research to support
more precise, context-aware applications. Beyond OVS,
our proposed data cleaning methodology has the potential
for broader applicability across other contexts.
Pre-Training Models. Pre-training models often have high
reusability and adaptability, which can be easily reused in
various approaches without further fine-tuning [24, 37, 54,
76, 78). For instance, Vision-Language Models (VLMs)
like CLIP [47] and ALIGN [23] link text with images for
zero-shot image classification. Multimodal Large Language
Models (MLLMs), such as LLaVA [35], BLIP-2 [31], and
GPT-Vision [1], support diverse tasks such as captioning,
reasoning, and visual chat. Vision models like DINO [7]
and DINOv2 [43] provide universal visual feature repre-
sentations. Despite their success, such models are not
almighty solutions, having various limitations for specified
tasks [27]. In this work, we study how to effectively har-
ness the value of data to compensate for the shortcomings
of such models in a training-free manner.

3. Our Approach

The goal of an OVS method is to segment an input image
given an arbitrary set of textual labels. Our training-free
framework ReME consists of a data pipeline with two key

phases, initial pairing and data enhancing, to construct a
high-quality reference set of segment-text pairs (Fig. 2); fol-
lowed by a simple similarity based retrieval process to un-
veil the performance gains enabled by our data (Fig. 4).

3.1. Initial Pairing

Our data pipeline starts by constructing a diverse base set
with segment-text pairs, where we aim to ensure broad cov-
erage of various objects and contextual elements.

As shown in Fig. 2, for each input image, a segmenter
generates class-agnostic segment masks, and an image de-
scription generator produces semantically rich descriptions.
Following [44, 66], we extract noun phrases (i.e., nouns
with descriptive modifiers such as “a lovely white rabbit”)
from the descriptions to produce candidate textual labels,
which reserve richer semantics than pure nouns. Then, we
pair the segments and labels using a capable VLM. De-
spite the noises, CLIP still provides a certain degree of cor-
rectness for segment labeling, as evidenced by CLIP-based
OVS methods [20, 29, 53, 56, 82]. We thus leverage CLIP
to perform initial pairing. Given an image, we extract CLIP
embeddings of its segments and noun phrases, § € R™*¢
and L € R4 respectively, where m, n is the number
of segments and labels, and d is the embedding dimension.
Note that all embeddings across the paper are L2 normal-
ized so that X - Y7 is equivalent to their cosine similarity
(X,Y). We then compute sim = S - LT € R™*" to pair
each label with its closest segment, where sim;; is the sim-
ilarity between S; and L;. The top-matching S;- of L; is
identified by: i* = arg max; sim;;. The unpaired segments
are dropped to reduce the redundancy in class-agnostic im-
age segments.

Despite including diverse segments paired with noun
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Figure 3. The superiority of intra-modality over cross-
modality for data issue detection. The plot provides the UMAP
projection of segment embeddings in the base set labeled as “dog”,
colored by cross-modal similarity scores (CLIP scores).
highlight misalignments detected by our filtering; orange
boxes are those detected by low CLIP scores, which remove cor-
rect pairings while leaving many misalignments unaddressed.

phrase labels, the base set still has unaddressed quality con-
cerns, which is our major focus in the following phase.

3.2. Data Enhancing

As shown in Fig. 2, through initial pairing, we obtain a
base set with paired segments and labels. Various fac-
tors negatively affect its quality: (1) irrelevant textual la-
bels caused by object hallucinations of the description
generator, (2) meaningless or partial segments from over-
segmentation, and (3) segment-text pairing errors. These
challenges are essentially introduced by the ambiguity in
cross-modality. We opt for navigating them with intra-
modality operations—which we find to be more discrimi-
native to effectively clean and enrich such data.

Unlike the common practice of dropping segment-label
pairs with low cross-modal similarity scores (i.e., CLIP
scores) [46, 51, 52], we reexamine data features and test
whether CLIP scores can favorably clean noisy data. As
shown in Fig. 3, our observation brings two key insights: (1)
CLIP scores tend to mistakenly remove correct pairs while
leaving many misalignments unaddressed; (2) Visual fea-
tures, i.e., embeddings of image segments, have favorable
discriminative power for data issue detection. (Please refer
to Sec. 4.3 for extensive discussions.)

Group-Based Filtering. Guided by our observation, in this
phase, we detect misalignments by leveraging the discrim-
inativeness of intra-modal features. Specifically, we aim to
leverage the visual features of segments to identify outliers
in their own modality. First, for our labels in the format of
noun phrases, we view those with the same “root” noun as
an identical label. Next, we group each single segment-label
pair according to identical labels. For example, segments
labeled by “a small dog” or “an adorable dog” belong to
the same group denoted by the root “dog.” Note that we
reserve all descriptive modifiers in the phrases to keep se-

mantic richness; “roots” are just used for grouping.

This is an important step for detecting data misalign-
ments. Since each group of segments corresponds to an
identical label, their visual features should be inherently
consistent, and misaligned data would be automatically
highlighted as outliers. As shown in Fig. 3, the majority of
segments marked by @ accurately depict dogs, while oth-
ers are misalignments located as outliers in the projection,
indicating their distinctive features.

In detail, we define the segment center Scepter Of €ach

group, computed by the median of all visual features.
Scenter denotes the representative features for correctly la-
beled segments. We then compute the intra-modal similar-
ity between each segment in the current group and Scenier
indicating the possibility of a segment being mistakenly la-
beled. d¢4¢er percent of segments with the lowest scores are
considered mistakenly paired, where we remove the corre-
sponding noun phrases from their labels. By performing
this filtering guided by intra-modality feature similarity, we
effectively reduce misalignment in the base set.
Semantic Enriching. By clearing outliers in each group,
we have significantly mitigated segment-text misalign-
ments. However, data enhancement remains incomplete
in terms of semantic diversity — While statistical analysis
of the entire label corpus of our base set reveals the tex-
tual modality includes different words for the same concept
(e.g., “bike” and “bicycle”), such alternatives are missing
in individual segments. This results in a lack of seman-
tic richness, as we expect our method to recognize con-
cepts in various representations. Consistently, we design
an intra-modality-based approach to diversify our labels.
As shown in Fig. 2, we collect embeddings of identical la-
bels, i.e., the “root” noun of our noun phrase labels, de-
noted as {L1,...,L,}. Then, we compute their pair-wise
cosine similarity (L, ;), and identify % top-similar pairs to
be treated as synonyms. Next, label semantics are enriched
by adding these synonyms. For instance, “cat”- “kitten” is a
pair of synonyms, so, if a segment has a label “a small cat”,
we add “a small kitten” to become its label as well. Those
synonym-enriched noun phrases are our finalized labels.
This process further diversifies our textual descriptions by
leveraging the global semantic richness present within the
data. Note that, an LLM could produce even better seman-
tic enriching, while we opt for a lightweight-yet-effective
solution to avoid the additional overhead of large models.

3.3. Similarity-Based Retrieval

Following Sec. 3.2, we have constructed a reference set
with well-paired segments and labels and stored their em-
beddings. At inference time, given a test image and a set
of target classes, our goal is to assign pixel-level labels to
the test image by referring to the reference set. Inspired
by Tip-Adapter [79], we perform a simple retrieval strategy
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Figure 4. The process of similarity-based retrieval from the refer-
ence set given a test image and classes. Note that the same modal-
ity embeddings (i.e., reference & test segments; reference & test
labels) are encoded by the same feature encoder, respectively.

grounded in feature similarity, where labels of test segments
are estimated by their closest matches in the reference set.

As shown in Fig. 4, the reference set includes embed-
dings of m segments S,y € R™*% and n labels L €
R"™*92_ The label assignments are encoded by a binary ma-
trix O € R™*", with an entry 0 indicating the corre-
sponding label is absent in the segment and 1 otherwise.

Given a test image, we segment it into k class-agnostic
masks, denoted by M., € REXhXw where h x w is the
image size. We extract the segment and test class embed-
dings S € RF*% and Ly € R*% using the same
encoders applied to the reference set, where d; and ds are
the embedding dimensions of the image and text modali-
ties, respectively. The affinity between test segments and
reference set labels is computed as:

Al *SoftmaX(Stegt Sref) Orefa (1)

where A; € R¥*" and Softmax normalizes the affinities
to formulate the probability distribution of labels for each
test segment. Similarly, the affinity matrix between the ref-
erence labels and test classes is represented as:

Ay = Softmax(Ly - L), 2

where A5 € R™*¢, Ensembling the affinities, for k test
segments, the predicted logit is defined as: Py, = A; -
Ay, Py, € RE>¢_Then, we calculate pixel-wise label prob-
abilities Py € R"*%*¢ by aggregating ensembled affini-
ties according to the segment masks M., where the prob-
ability of class j at coordinates (z,y) is:

P = ZP(“’ MG, 3)

seg

Lastly, the predicted mask | € R"W js determined by:
[@Y) = arg max; Ptgb{y 7) | where @) € [0, c — 1] indi-
cates class predictions, which conclude our retrieval phase.

4. Experiments

4.1. Experimental Setup

Datasets for standard benchmarks. We conducted ex-
periments on 10 widely-used OVS benchmarks to eval-
uate ReME, including validation splits of Pascal VOC
(VOC) [14], Pascal Context (PC) [39], COCO Object (Ob-
ject) [34], COCO Stuff (Stuff) [5], Cityscapes (City) [11],
and ADE20K [81]. Specifically, VOC has 20 object classes
(VOC-20). PC involves PC-459 with 459 classes and PC-59
with 59 frequent classes. Object and Stuff provide COCO-
2017 image annotations of 81 and 171 classes, respectively.
City captures urban street scenes with 19 classes. ADE20K
includes A-150 and A-849 with 150 and 847 classes. For
VOC-20 and PC-59, we consider pixels not belonging to
any class as “background”, represented by VOC-21 and
PC-60, respectively. We use the standard mean Intersection-
over-Union (mlIoU) to measure OVS performance.
Implementation. We obtain textual descriptions of input
images with LLaVA-1.5 [35]. For class-agnostic segmenter,
we deploy Felzenszwalb’s algorithm by default, which is a
lightweight superpixel-based algorithm, following the same
settings as [3]. The initial pairing is performed by CLIP [47]
with ViT-B. In the data-enhancing and retrieval phases, we
use CLIP-encoded text features, and employ DINOv2 with
ViT-L as the default visual feature encoder. Hyperparame-
ters d riiter, Ksim are both set to 30. To compare with SAM-
involved OVS baselines, we optionally use SAM as the seg-
menter, where we prompt a 32 x 32 point grid to obtain
masks. More implementation details are in supplementary.

Our reference set construction requires only images as
input—no GT captions, classes, or masks, and we default
to using COCO-2017 [5, 34] images, which depict everyday
scenes with objects in their natural contexts.

4.2. Comparison to the state-of-the-arts

Baselines. We compare ReME with 14 training-free
OVS approaches, including ReCo [54], MaskCLIP [82],
SCLIP [58], NACLIP [22], GEM [4], PnP [37],
FreeDA [3], RIM [62], OVDiff [24], CLIPtrase [53], Diff-
Segmenter [60], CaR [56], ProxyCLIP [29], and Cor-
rCLIP [78]. Since post-processing techniques for mask
refinements, such as DenseCRF [26], enhance OVS per-
formance but introduce additional computational overhead,
we indicate whether each method applies such refinements.
Moreover, as SAM is widely regarded as a strong back-
bone for segment-related tasks, we conduct our comparison
across both SAM-free and SAM-involved approaches.

Comparison. Table | presents the quantitative compar-
ison results, where we observe that ReME consistently
outperforms training-free OVS baselines across ten evalu-
ated benchmarks. Notably, ReME achieves superior perfor-
mance in challenging benchmarks with complex scenarios
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Figure 5. Qualitative results of ReME in comparison with other training-free OVS methods. Examples are from ADE20K [81] (w/
150 classes) and COCO Stuff [5] (w/ 171 classes), respectively. SCLIP is based on CLIP attention; ProxyCLIP enhances CLIP attention
with DINO features; FreeDA and ReME are retrieval-based methods, adopting the same superpixel-algorithm [17] for class-agnostic
segmentation. We observe increasing quality of OVS results from left to right, with less noise in both masks and assigned labels.

mloU

Methods PC-59 PC-60 Object Swf

Post-processing —5650—voc21 Ciy
Training-free Methods without SAM

A-150 PC-459 A-847

GEM [4] X 46.2 24.7 - 32.6 21.2 - 15.1 10.1 4.6 37
MaskCLIP [82] v 74.9 38.8 12,6 255 23.6 20.6 14.6 9.8 - -
ReCo [54] v 62.4 27.2 232 247 21.9 17.3 16.3 124 - -
SCLIP [58] v 83.5 61.7 341 36.1 31.5 32.1 23.9 17.8 9.3 6.1
CaR [560] v 91.4 67.6 151 395 30.5 36.6 112 177 11.5 5.0
NACLIP [22] v 83.0 64.1 383 384 35.0 362 257 19.1 9.0 6.5
CLIPtrase [53] v 81.2 53.0 21.1 349 30.8 39.6 241 17.0 9.9 5.9
PnP [37] v 79.1 51.3 19.3  31.0 28.0 36.2 17.9 14.2 5.5 4.2
FreeDA [3] v 87.9 55.4 36.7 435 383 374 288 224 10.2 53
ProxyCLIP [29] X 83.2 60.6 40.1 377 34.5 39.2 256 226 11.2 6.7
DiftSegmenter [60] v 714 60.1 - 27.5 25.1 37.9 - - - -
OVDiff [24] v 80.9 68.4 234 329 31.2 36.2 203 14.1 12.0 6.6
ReME (Ours) X 92.3 79.6 50.4 449 41.6 455 331 26.1 14.1 8.4
ReME (Ours - VOC) X 84.7 75.0 439 409 38.7 40.8 22,6 252 12.8 8.3
ReME (Ours - ADE) X 84.3 72.3 42.1 440 39.7 35.8 27.0  26.0 13.2 8.6
Training-free Methods with SAM

RIM [62] X 77.8 - - 343 - 44.5 - - - -
CaR w/ SAM [56] X - 70.2 16.9  40.5 31.1 37.6 124 179 11.8 5.7
CLIPtrase w/ SAM [53] X 82.3 57.1 - 36.4 32.0 442 248 17.2 10.6 6.0
ProxyCLIP w/ SAM [29] X 80.4 59.3 37.0 37.0 33.6 354 250 19.1 6.9 4.8
CorrCLIP [78] X 91.6 741 477 455 403 436  30.6 - - -
ReME w/ SAM (Ours) X 93.2 82.2 59.0 53.1 44.6 482 333 282 15.8 8.8

Table 1. Comparison to state-of-the-art training-free OVS approaches. The best results are bolded, with the second-best underlined.
We also analyze data robustness by varying the image resources from the default COCO-2017 to VOC and ADE, respectively (w/o SAM
version), where leading performances over SAM-free baselines are bolded.

and large numbers of classes, including A-150, PC-459, and
A-847. On Cityscapes, an increase of 8.4 mloU points (11.3
mloU increase for SAM-involved comparison) further indi-
cates that our approach excels in domain-specific scenarios.
We also provide qualitative results of ReME in Fig. 5.

Data robustness. To evaluate the data robustness of ReME,
we vary image resources of our reference set, replacing
the default COCO-2017 images with those from VOC and
ADE. As shown in Table 1, SAM-free ReME maintains

strong performance over baselines. Across 10 benchmarks,
ReME achieves the highest mloU in 6 benchmarks with
VOC and 7 with ADE. These results highlight the effec-
tiveness and flexibility of our approach in diverse settings.

4.3. Analysis, Ablation, and Discussion

Hyperparameters. Our data-enhancement process in-
volves two key hyperparameters: the drop ratio per group
(0fiter) in group-based filtering (i), and the number of top-
similar label pairs (ks ) in semantic enriching (ii). To de-
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Figure 6. Hyperparameter analysis. 0fjizer is the drop ratio in
group-based filtering; ki i the number of top-similar pairs in
semantic enriching.

s

mloU

mloU
VOC-20 PC-39 Object A-150

Data cleaning

Global CLIP score(®) 7934 3979 4079  21.18
Group-based CLIP score®  80.05 ~ 41.84 4181 22.79
Ours (©) 9234  44.89 4550 26.13

Table 3. Analysis of different data filtering approaches.

mloU
Feature encoder 567365659 Object  A-150
CLIPg 91.61 3651 3982  24.72
CLIP, 92.16  37.63 4052  25.56
DINOV2p 9172 4365 4471 2529
DINOv2,, 9234 4489 4550 2613

Components VOC-20 PC-59 Object A-150

Base set (no enhancement) 70.03 3542 39.38 22.03
w/ (i) Group-based filtering 91.10 40.66 4248  24.09
w/ (ii) Semantic enriching 79.50 36.69 39.92 2341
w/ (i) and (ii) 92.34 44.89 4550 26.13

Table 2. Impact of data enhancement components.

termine their values, we perform a grid search on 1k (1%)
randomly sampled images from the training split of COCO
Stuff (with no overlap with evaluation data), as shown in
Fig. 6. Initially, increasing both parameters improves per-
formance, as more misaligned data is filtered out and label
diversity is enhanced. However, beyond a certain point, fur-
ther increases cause a decline in performance: a high drop
ratio removes correct pairings and reduces data diversity,
while an excessive kg, introduces noise by including less-
similar labels. We use 30 as the default value for both pa-
rameters in our implementation.

Data enhancing component analysis. We analyze the ef-
fects of our data enhancement components: (i) group-based
filtering and (ii) semantic enriching. As shown in Table 2,
the base set without enhancement yields relatively low per-
formance, highlighting the critical role of data quality. We
also observe higher individual effectiveness of (i), while
enriching labels alone provides modest gains due to data
noises. Notably, the performance improves significantly
when both are integrated, demonstrating the complemen-
tary benefits of our data enhancement components.
Analysis of different data-cleaning approaches. We ap-
ply group-based filtering to remove &% of outliers
from each label-identified group (refer to Sec. 3.2). This
experiment examines the impact of different data-cleaning
strategies by comparing three methods: (a) the common ap-
proach of dropping segment-label pairs with the globally
lowest cross-modal similarity scores (CLIP scores); (b) a
variant that also uses CLIP scores, removing segment-label
pairs within each constructed groups; (c) our group-based
filtering based on intra-modal feature similarity. By only
changing this module, we evaluate OVS performance as

Table 4. Analysis of visual encoder variations.

2

N

Figure 7. Image descriptions from different resources. Red text
highlights concepts uniquely present in the LLaVA description.

GT Captions-~
“a meal of a sandwich and french fries”

“a restaurant meal of a sandwich and crinkle fries”

“a sandwich is loaded and served with fries”

“a plate of crinkle fries and Panini sandwiches”

"a white plate topped with a sandwich and french fries”

L
(™
A BLIP2-Generated Caption
\[ “a white plate topped with a sandwich and french fries” ]

LLaVA-G Description
“The image features a dining table with a white plate
containing a sandwich and fries. There are two other plates,
one with a burger and the other with paste. A knife and a
bottle are also placed on the table. The background includes
a person.”

shown in Table 3, where we keep the drop ratio fixed at
30%. The results indicate that (a) and (b) perform much
worse than (c), suggesting that filtering based on CLIP
scores is less effective, likely due to its weaker alignment
with actual pairing quality.

Analysis of different visual encoders. We investigate the
impact of different visual feature encoders, including CLIP
and DINOvV2 with ViT-B and ViT-L architectures, denoted
by CLIPp, CLIPz, DINOV2 g, and DINOV2, respectively.
As shown in Table 4, upgrading from the base to large vari-
ants within the same encoder family results in slight perfor-
mance improvements. When comparing CLIP and DINOv2
at the same scale, DINOv2 achieves better performance as
expected, given its specialization in visual representation
learning. Notably, by using CLIP alone and removing DI-
NOV2 from our framework, we still achieve performance
that is comparable to or better than baselines using simi-
lar backbones. This suggests that our approach is robust to
variations in visual encoders.

Analysis of the description generator. Providing semanti-
cally rich image descriptions is important for our data con-
struction. However, not all descriptions are equally infor-
mative. Fig. 7 presents an image from the COCO-2017 [5]
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D e t mloU
CSCTIPUON gENCralol —G5E 20 PC59  Object  A-150
LLaVA [35] 9234 4489 4550  26.13
BLIP-2 [31] 89.41 4085  37.64 2431
GT Caption 80.02 4015 3777 24.09

Table 5. Ablation study of the image description generator.

Segmenter mloU
cgmente VOC-20 PC-59  Object  A-150
Superpixel [17] 9234 4489 4550  26.13
SAM [25] 93.15 5310 4821 2821
SAM2 [48] 9318 5204 4840 2821

Table 6. Ablation study of the segmenter.

dataset alongside its descriptions from three resources: (1)
GT captions, (2) BLIP-2 [31], and (3) LLaVA [35], where
we highlight the detected visual concepts. We can ob-
serve common concepts presented in all three, “sandwich”,
“fries”, and “plate”. However, concepts such as “dining ta-
ble”, “burger”, “knife”, “bottle”, and “person” are missing
from both (1) and (2). To further study the impact of us-
ing BLIP-2 and LLaVA as description generators, we con-
duct a quantitative evaluation. As shown in Table 5, LLaVA
demonstrates superior performance, achieving significantly
higher mloU compared to BLIP-2, where BLIP-2 captions
yield only marginal improvements over GT captions. These
results highlight LLaVA’s ability to generate richer, more
detailed descriptions and quantitatively confirm its effec-
tiveness in enhancing training-free OVS with retrieval.
Analysis of the segmenter. We also investigate the impact
of different segmenters in Table 6 by replacing our default
superpixel algorithm-based segmenter with advanced seg-
mentation models, SAM [25] and SAM2 [48]. While a
more advanced segmentation model leads to slightly bet-
ter performance, our data-quality-enhancement pipeline en-
ables even a simple segmentation algorithm to achieve
strong results compared to baseline methods.

Analysis of data effectiveness. We evaluate data effective-
ness by comparing ReME with FreeDA [3], a representa-
tive retrieval-based method that also utilizes COCO-2017
dataset [5, 34]. Unlike our approach, which takes images
as input and generates textual descriptions, FreeDA uses
GT captions to generate synthetic images for constructing
its reference set. As shown in Table 7, despite FreeDA in-
corporating five times more input samples, its reference set
contains fewer unique labels than ReME, due to the lim-
ited semantic diversity of GT captions (refer to Fig. 7). Our
data-enhancement strategy improves data quality while re-
ducing dataset size, resulting in a reference set with over a
million fewer segment-text pairs than FreeDA. Using this
considerably smaller reference set, ReME achieves supe-

Input data Reference set

Methods

Format Size #labels  #pairs Storage

Ours Images 118k 41k 1,023k 4GB
FreeDA [3] Captions 591k 19k 2,167k 17GB

Table 7. Comparing data effectiveness with FreeDA, a retrieval-
based OVS baseline that uses a synthetic reference set.

Methods PC-59 A-150  PC-459  A-847
ProxyCLIP [29] 0.17 0.27 0.21 0.32
SCLIP [58] 0.20 0.34 0.57 0.53
CaR [56] 5.06 14.67 33.46 75.09
FreeDA [3] 0.89 0.89 4.89 5.01
Ours 0.29 0.34 0.31 0.34

Table 8. Inference time comparison (seconds/image).

rior performance even with a much simpler retrieval mecha-
nism, highlighting the effectiveness of high-quality, seman-
tically rich data over quantity.

Analysis of inference time. Inference time for training-
free OVS varies due to factors such as the number of
classes, image resolution, and inference strategies. To
evaluate this, we compare our method with four repre-
sentative approaches: (1) ProxyCLIP [29], which aug-
ments CLIP attention with DINO features, (2) SCLIP [58],
which exploits CLIP self-attention followed by PAMR post-
processing [63], (3) CaR [56], which iteratively queries two
CLIP models for mask proposal and classification, and (4)
FreeDA [3], a retrieval-based method. All experiments are
conducted on two NVIDIA 4090 GPUs, measuring total in-
ference time per dataset to compute the average. As shown
in Table 8, (3) is the most time-consuming due to its itera-
tive processing. Our method surpasses the retrieval-based
baseline (4), benefiting from a smaller reference set and
streamlined retrieval design, while remaining competitive
with (1) and (2), which do not rely on reference sets.

5. Conclusion

In this work, we introduce ReME, a data-centric framework
for training-free OVS by refining multi-modal embeddings.
We observe the overlooked challenge of data quality, and
demonstrate its critical impact on this dense scene under-
standing task. Following our data pipeline, we produce a
reference set with well-aligned, rich, and contextually rel-
evant segment-text pairs. Extensive experimental results
highlight that enhancing data quality can be more beneficial
than relying on complex retrieval mechanisms or model-
specific adaptations. We hope this work can inspire future
research for exploring data-centric strategies to further im-
prove training-free OVS.
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