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Abstract

Extending CLIP models to semantic segmentation remains challenging due to the misalign-
ment between their image-level pre-training objectives and the pixel-level visual understand-
ing required for dense prediction. While prior efforts have achieved encouraging results by
reorganizing the final layer and features, they often inherit the global alignment bias of pre-
ceding layers, leading to suboptimal segmentation performance. In this work, we propose
LHT-CLIP, a novel training-free framework that systematically exploits the visual discrim-
inability of CLIP across layer, head, and token levels. Through comprehensive analysis,
we reveal three key insights: (i) the final layers primarily strengthen image—text alignment
with sacrifice of visual discriminability (e.g., last 3 layers in ViT-B/16 and 8 layers in ViT-
L/14), partly due to the emergence of anomalous tokens; (ii) a subset of attention heads
(e.g., 10 out of 144 in ViT-B/16) display consistently strong visual discriminability across
datasets; (iii) abnormal tokens display sparse and consistent activation pattern compared
to normal tokens. Based on these findings, we propose three complementary techniques:
semantic-spatial reweighting, selective head enhancement, and abnormal token replacement
to effectively restore visual discriminability and improve segmentation performance without
any additional training, auxiliary pre-trained networks, or extensive hyperparameter tun-
ing. Comprehensive experiments on eight widely used semantic segmentation benchmarks
demonstrate that LHT-CLIP achieves substantial performance improvements across diverse
scenarios, underscoring its effectiveness and practicality for real-world deployment. The
source code is available at https://jinxinzhou.github.io/LTH-CLIP/

1 Introduction

Recent advances in vision-language pretrained models, such as CLIP (Radford et all [2021)), have demon-
strated remarkable generalization and open-vocabulary recognition capabilities at the image level, thereby
opening up possibilities for transferring image-text alignment to pixel-level tasks. Despite this progress,
they often underperform in dense prediction tasks like semantic segmentation, primarily due to their limited
capacity to localize fine-grained visual details (Rao et al.,2022; [Wang et al.| [2024)). To address these limita-
tions, several studies have incorporated trainable modules into CLIP, typically relying on additional forms
of supervision such as dense annotations for a restricted set of categories (Xu et al., |2022bja; | Xing et al.,
2023; |Cho et al., 2024; [Li et al., |2024a3b) or supplementary image-text pairs (Cha et al., 2023; |Luo et al.,
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2023a; Ren et al.| 2023; Xu et al|, 2023b; Zhang et al., 2023). Although these approaches have demonstrated
improved segmentation performance, they incur signi cant computational and annotation costs. Further-
more, the dependence on limited supervision undermines the generalizability of the model, making it prone
to over tting the training distribution.

These challenges have sparked increasing interest in training-free methods (Wang et |al., 2024; Li et al.,
2023;[Zhou et al.,[ 2022a| Lan et al.| 2024&; Hajimiri et al., 2025; Lan et al., 2024b; Shao et al., 2024;
Bousselham et al., 2024; Yang et al., 2024), which aim to adapt CLIP's pre-trained representations for
semantic segmentation without additional training, while preserving its generalization capability. A key dif-
culty in this direction is enhancing visual representations for accurate pixel-level predictions. For instance,
MaskCLIP (Zhou et al., 2022a) computes similarity between key features in the nal attention layer to enrich
patch embeddings. SCLIP (Wang et al., 2024) replaces the standard query-key attention with correlative
self-attention (query-query and key-key). ClearCLIP (Lan et al., 2024a) further removes residual connec-
tions and discards the FFN in the nal layer to reduce noise and improve spatial alignment. ResCLIP (Yang
et al., 2024) incorporates attention maps from earlier layers to re ne nal-layer attention map. However,
these methods largely focus on modifying the nal-layer attention, often leading to suboptimal ambiguous
local relationships and noisy segmentation. To address spatial limitations, some approaches incorporate
features from auxiliary backbones such as DINO (Wysocza«ska et al., 2024; Lan et al., 2024b), SAM (Lan
et al., 2024b; Zhang et al., 2025; Shi et al., 2025), or di usion models (Corradini et al., 2024; Sun et al., 2024;
Zhang et al., 2025). While e ective, these methods incur signi cant computational and memory overhead.

Motivated by these limitations, we begin with a layer-wise analysis of visual discriminability and text-
semantic alignment within the CLIP vision encoder (see Section 2.2 for detailed de nitions). As shown
in Figure 1, the nal layers exhibit a clear trade-o : visual discriminability drops sharply while semantic
alignment improves only marginally. To understand the cause of this phenomenon, we further examine
internal token interactions and structural patterns across layers. Attention map visualizations reveal that
abnormal tokens emerge in deeper layers, attracting disproportionately high attention from nearly all spatial
positions. This behavior causes the majority of tokens to converge on a small subset, thus disrupting the
spatial coherence. Further analysis reveals that these abnormal tokens have sparse, high-magnitude activa-
tions that remain consistent across positions, layers, and samples. Complementary to prior assumptions that
such tokens primally encode global semantic content, our ndings suggest they act more as bias components
o setting global mean features, thereby facilitating alignment with text embeddings.

Based on the analysis, we propose LHT-CLIP, a training-free framework that leverages the inherent properties
of CLIP to enhance the visual discriminability while preserving semantic alignment. LHT-CLIP comprises
three complementary strategies: abnormal token replacement (ATR), spatial-semantic reweighting (SSR),
and selective head enhancement (SHE). Speci cally, ATR identi es abnormal tokens via sparsity threshold-
ing and replaces them with neighboring tokens. SSR mitigates the degradation of visual discriminability in
the nal layers by upweighting residual pathways, thereby restoring balance between spatial coherence and
semantic alignment. Finally, SHE further enhances visual discriminability by selectively aggregating fea-
tures from high-discriminability attention heads, using them as soft pseudo-masks to re ne output features.
Experimental results show that LHT-CLIP consistently improves performance when integrated into diverse
baselines, achieving signi cant improved results on eight benchmark datasets.

Comparison with previous work. While prior work (Shao et al., 2024; Bai et al., 2024) has similarly

identi ed the presence of anomalous tokens, our study provides a more comprehensive characterization of
their distinguishing properties, demonstrating that these tokens elicit sparse, high-magnitude activations
that remain consistent across positions, layers, and samples. Moreover, existing approaches rely on sophis-
ticated anomaly-detection techniques and require careful tuning of multiple hyperparameters, such as the
neighborhood radius and minimum cluster size in DBSCAN (Ester et al., 1996) as used in Shao et al. (2024),
and the neighborhood size and contamination level in LOF (Breunig et al., 2000) as used in Bai et al. (2024).
In contrast, our ATR method directly leverages the consistent property of sparsity in anomalous tokens,
thereby reducing the need for intricate hyperparameter selection and showing hyperparameter robustness
across diverse datasets, as shown in Table 2. Furthermore, to improve open-vocabulary semantic segmen-
tation performance, prior work has explored leveraging earlier layers, either by reorganizing the nal-layer



Published in Transactions on Machine Learning Research (04/2026)

computation using attention maps derived from preceding layers (Yang et al., 2024) or by designing multi-
layer fusion strategies (Yang et al., 2024; Bai et al., 2024). However, these approaches leave the underlying
inference behavior of earlier layers unchanged, which can lead to suboptimal results due to the degraded
visual discriminability typically exhibited by intermediate representations. In contrast, our proposed SSR
strategy explicitly modi es the inference procedure by upweighting the residual components, thereby sub-
stantially enhancing the visual discriminability of intermediate features, as illustrated in Figure 5. Moreover,
SSR is orthogonal to these prior methods and can be naturally integrated with them.

Contributions. Our contributions can be summarized as follows:

~ We conduct a throughout analysis of visual discriminability at the token, head, and layer levels.

~ We propose, a novel training-free approach, terms LHT-CLIP. To the best of our knowledge, this is the
rst work to explicitly modify the inference procedure prior to the nal layer, enabling improved spatial
coherence without compromising semantic alignment.

" The extensive experiment results on open-vocabulary semantic segmentation tasks consistently demon-
strate the e ectiveness of the proposed method.

2 Analysis of Visual Discriminability and Semantic Alignment

2.1 Preliminaries

CLIP employs a Vision Transformer (ViT) (Dosovitskiy et al., 2020) as its image encoder to generate visual
representations that are aligned with corresponding textual descriptions. The vision encoder rst tokenizes
an input image of size H W 3 by dividing it into a grid of non-overlapping patches of size P P,
yielding h = H=P rows and w = W=P columns of patches. Each patch is then linearly projected into a D-
dimensional embedding space, x2 RP , and augmented with positional embeddings. An additional learnable
[CLS] token is prepended to the sequence and is later used for image-level prediction. The resulting token
sequence is denoted as X = [x %;x$;:::;x0,]1 2 RHMWD - This sequence is passed through a stack of
L Transformer encoder layers, each consisting of a multi-head self-attention (MSA) module followed by a
feed-forward network (FFN). Let LN() denotes layer normalization, the token representations are updated
at each layer | as follow:

X=X " +MSALNKX ') 1)
X=X+ FEN(LN( X)) 2)

The CLIP model is originally trained on large-scale image text pairs for open-vocabulary image recognition
tasks. To extend it to semantic segmentation, a natural approach is to compute the similarity between the

names, denoted by t 2 R°P . This results in a patch-text similarity map of size hw C. Denote t . as
the embedding of the c-th class name, the nal segmentation prediction is obtained by applying an argmax
operation over the class dimension of this similarity map, as follows:

hxb; tei

¢(xi) =arg max m

®3)

Ideally, for e ective semantic segmentation, the vision encoder should produce feature representations that
satisfy two key properties:

~ Visual discriminability: token features should exhibit high internal consistency within the same se-
mantic category while remaining clearly distinguishable from those of other categories, thereby enabling
accurate and clean segmentation results.

~ Semantic alignment: token features should be well-aligned with their corresponding textual embeddings
to enable semantically meaningful segmentation results.
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(a) VOC (ViT-B) (b) Context (ViT-B) (c) ADE (ViT-B) (d) COCO-Stu (ViT-B)

(e) VOC (ViT-L) (f) Context (ViT-L) (g) ADE (ViT-L) (h) COCO-Stu (ViT-L)

Figure 1: Layer-wise analysis of visual discriminability (blue) and semantic alignment (orange) within the
CLIP vision encoders across di erent datasets. The nal layer is excluded from the analysis to avoid dis-
crepancies caused by prior modi cations to the last-layer in di erent methods.

Beyond their importance in open-vocabulary semantic segmentation, these two properties are also highly rel-
evant to the development of multimodal large language models. To preserve strong generalization capability,
the vision encoder of CLIP is often directly employed to extract visual representations without additional
training, which are then used as inputs to downstream language models, as exempli ed by LLaVA (Liu et al.,
2023; 2024).

2.2 Analysis of visual discriminability and semantic alignment

Measures of visual discriminability and semantic alignment. To quantify visual discriminability,

we adopt the evaluation protocol proposed by Mukhoti et al. (2023). Speci cally, let X 2 RP and xj! 2 RP
denote the features of two image patches i and | extracted from the I-th layer. Each feature vector is
“»-normalized, and their cosine similarity is computed to serve as the prediction of a binary classi er that
determines whether the two patches belong to the same semantic category. Given the corresponding semantic
labels t(x;) and t(x ), the target label for classication is set to 1 if t(x i) = t(x j), and O otherwise.
Performance on this binary classi cation task provides a measure of visual discriminability, since e ective
representations should yield high cosine similarity for patches from the same semantic class and low similarity
otherwise. To evaluate semantic alignment, we extract the intermediate representations x | 2 RP from
each individual visual token at layer I, and project them into the nal visual text aligned space using the
last ViT layer. Based on these projected features, semantic alignment is quanti ed as the average accuracy
between predicted and ground-truth semantic labels, following Equation (3). To prevent contamination from
extraneous semantic information and noisy integration during the nal attention computation, we follow prior
work (Lan et al., 2024a; Zhou et al., 2022a) by replacing the attention matrix with an identity matrix and
removing both the FFN and residual connections of the last ViT layer.

Sharp decline in visual discriminability with marginal gains in semantic alignment in the

nal layers. To analyze the layer-wise dynamics of visual discriminability and semantic alignment, we
investigate on four datasets: Pascal VOC (Everingham & Winn, 2011), PASCAL Context (Mottaghi et al.,
2014), ADE20K (Zhou et al., 2017), and COCO-Stu (Caesar et al., 2018). For each dataset, we evaluate
the ViT-B/16 and ViT-L/14 variants of the CLIP vision encoder using 1,000 randomly selected training
samples. As shown in Figure 1, we observe a consistent pattern across datasets:

~ Visual discriminability follows an inverted U-shaped curve across layers: it increases in the early stages but
declines sharply in the deeper layers. For instance, in the ViT-B/16 model, the last two layers preceding
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Figure 2: Abnormal token phenomenon in attention maps across di erent layers of the ViT-B/16 model used
as the CLIP vision encoder. Attention maps are computed with respect to speci c visual token positions,
denoted by (e.g., the child token in the top row and the car token in the bottom row). Representative
abnormal tokens are highlighted with orange boxes.

the nal layer exhibit a pronounced reduction in visual discriminability, while in the ViT-L/14 model, a
similar decline is observed over the last seven layers.

~ Semantic alignment exhibits an approximately monotonic increase across layers: it improves substantially
in the early stages but gradually saturates in the later layers, yielding only marginal gains thereafter.

These observations o er a nuanced understanding of why CLIP has proven e ective for open-vocabulary
semantic segmentation. In particular, the strong semantic alignment observed in the nal layers explains
why prior work can leverage last-layer features for aligning visual tokens with textual categories. However,
the signi cant decline in visual discriminability in last layers reveals a key limitation as they may lack the
ne-grained visual distinctions necessary for producing accurate and precise segmentation masks. In this
work, we aim to mitigate this limitation by proposing methods that jointly improve visual discriminability
and preserve semantic alignment. Before introducing our approach, we rst investigate the underlying causes
of the decline in visual discriminability.

Emergence of abnormal tokens with high norms and sparse activations. To understand the

cause of the sharp decline observed in the nal layers, we analyze the attention maps among visual tokens
across di erent layers. As shown in Figure 2, deeper layers exhibit a small set of dominant tokens that
receive disproportionately high attention from nearly all visual tokens, causing most tokens to focus on this
subset, consistent with prior observations (Darcet et al., 2023; Shao et al., 2024). The presence of dominant
tokens attracts visual tokens to become similar, thereby reducing visual discriminability and degrading
segmentation result. To further characterize these dominant tokens, we compare their features with those of
normal tokens. As illustrated in Figure 3, dominant tokens exhibit sparse activation patterns, with only a
few channels maintaining high activation. To quantify this sparsity, we adopt the hoyer score (Hoyer, 2004):

pB kx!kl
N — kx| ka a7
H(x ) = P51 2[0;1]: 4)

Let x! 2 RP denote the feature vector of the i-th token at layer I. A higher score corresponds to sparser
activations. We employ this metric to quantify sparsity and to visualize its distribution across layers and
token positions in Figure 3(d). As shown in the gure, sparse high-norm abnormal tokens begin to emerge
in the middle layers and persist at the same positions in subsequent layers.

Abnormal tokens encode global information while being dominated by a bias-like component.
To further explore the information encoded in abnormal tokens, we analyze their pairwise cosine similarity
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(a) Attention Map (b) Normal Token (c) Abnormal Token (d) Abnormal Token (e) Hoyer Map

Figure 3: lllustration of the sparsity and high-norm characteristics of abnormal tokens. Figure (a) shows the
attention map of the red anchor token . Figures (b) (d) depict the channel activations of a normal token
(red ) and two abnormal tokens (orange ~? and blue ?) highlighted in Figure (a). Figure (e) presents the
hoyer score distribution across layers and token positions.

with normal tokens and the [CLS] token on the same images from the ImageNet (Deng et al., 2009) validation
set. As shown in Figure 4(a), the cosine similarity with [CLS] increases while the similarity with normal
tokens decreases as the layer depth increases, suggesting that abnormal tokens progressively align with global
information and discard local details. Interestingly, when analyzing their pairwise cosine similarity across

di erent positions, layers, and data samples, we nd that these tokens exhibit consistently high similarity,
with cosine values exceeding 0.98, as shown in Figure 4. Complementary to prior discovery, this indicates
that abnormal tokens primarily act as bias components that o set global mean features, thereby facilitating
text alignment in a manner analogous to the bias term in nal-layer classi ers under neural collapse (Zhu

et al., 2021; Zhou et al., 2022b). However, both global information and bias-like components in abnormal
tokens are detrimental for segmentation tasks, which rely on ne-grained local understanding.

A subset of attention heads exhibits consistently strong visual discriminability. To enhance

the visual discriminability of last-layer features, a natural strategy is to exploit the more discriminative
intermediate features to construct a pseudo mask, guiding the reorganization of the nal-layer features, as
indicated by the analysis in Figure 1. Inspired by recent studies (Gandelsman et al., 2023; Kang et al., 2025)
showing that di erent attention heads capture distinct visual concepts, such as number, shape and texture,
we take a step further by investigating whether specic heads are particularly responsible for encoding
visual discriminability. To identify such heads, we follow the formulation introduced in Elhage et al. (2021);
Gandelsman et al. (2023), which rewrites the MSA output as a summation over H independent attention
heads: MSA(LN(X ")) =~ [, ALVviw] 2 R&+WD  where Al and V|, denote the attention and value
matrices for the h-th head at layer I, and W is the output projection matrix shared across all heads.
Accordingly, the features of the h-th head at layer | are expressed as:

XM =AVEW: (5)

In Figure 6, we show the distribution of visual discriminability across attention heads for ViT-B/16. From
the gure, we observe that the output features of certain attention heads, such as the 11th head in the 6th
layer, consistently exhibit high visual discriminability across di erent datasets, suggesting that there are a
subset of heads which are more e ective in capturing locally distinguishable features.

3 Method for Improving Visual Discriminability

In this section, we introduce our training-free framework, which comprises three components: Abnormal
Token Replacement (ATR) in Section 3.1, Spatial-Semantic Reweighting (SSR) in Section 3.2, and Selective
Head Enhancement (SHE) in Section 3.3. Each component is complementary, and together they work
synergistically to enhance the visual discriminability of the CLIP model.

3.1 Abnormal token replacement (ATR)

Identify and replace abnormal tokens with their neighbors. To mitigate the adverse e ects of
anomalous tokens, we propose a simple and e ective strategy to suppress their impact. As shown in earlier
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(a) Inter-token Similarity (b) Inter-layer Similarity (c) Inter-sample Similarity

Figure 4: Layer-wise cosine similarity among abnormal tokens across positions, layers and samples.

(a) VOC (ViT-L) (b) Context (ViT-L) (c) ADE (ViT-L) (d) COCO-Stu (ViT-L)

Figure 5: Layer-wise visual discriminability (blue) and semantic alignment (orange) for ViT-L/14 on four
benchmarks. Solid lines denote the baseline CLIP (Raw) performance, while dashed lines indicate results
after applying the proposed SSR strategy. The application of SSR notably improves visual discriminability
in nal layers and consistently enhances semantic alignment across all datasets.

analysis, these tokens are characterized by high norms and sparse activations. To identify them systemati-
cally, we compare a horm-based and a sparsity-based criterion. Empirically, we nd that the sparsity-based
approach is more robust to hyperparameter selection (see Section A.3.3); therefore, we adopt the hoyer score
H(x ) de ned before as a sparsity-based criterion. Tokens with scores exceeding a prede ned threshold are
deemed anomalous and grouped into the set A= fijH(x |)> g. To mitigate their impact, each anomalous
token at spatial position (m;n) 2 A is substituted with a weighted aggregation of its eight nearest neighbors:

P .. P, .
m+1 M1 )) 2 AX L

| —_ Fml gnl i . .
Xmn = —P p — ;o 8(m;n) 2 A (6)
" oL @) 2A)

Here, 1() ensure that only normal tokens contribute to the replacement of anomalous ones. Empirically,
we nd that applying this strategy before the penultimate layer leads to a performance drop, likely due to
the removal of inherent biases encoded in abnormal tokens, which substantially alters the inference process.
Therefore, we apply it only at the penultimate layer, i.e., with | =L 1.

3.2 Spatial-semantic reweighting (SSR)

Upweight residual component to improve visual discriminability. After mitigating the impact

of anomalous tokens at the penultimate layer, the nal features exhibit improved visual discriminability
(see Figure 8 in Section A.2.2). However, a critical challenge remains: anomalous tokens appeared in earlier
layers already degrade visual discriminability, limiting the e ectiveness of nal-layer re nements. To address

it, we propose a spatial semantic reweighting strategy, based on our layer-wise analysis showing that the nal
layers provide only marginal gains in semantic alignment while substantially reducing visual discriminability.
Overall, the proposed strategy aims to enhance the model's spatial coherence while preserving its semantic
alignment. Speci cally, given the feature representation X'* at the I-th layer within the nal few layers
(e.g., layers 10 11 in ViT-B/16 and layers 17 23 in ViT-L/14), we reweight the forward pass by upweighting
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(a) Context (ViT-B) (b) ADE (ViT-B) (c) COCO-Stu (ViT-B)

Figure 6: Head-wise visual discriminability analysis across multiple datasets using the ViT-B/16 backbone.
The dashed lines in di erent colors denote the corresponding layer-wise visual discriminability scores. For
clarity, heads from three layers (i.e., the 6th, 7th, and 8th layers) are displayed.

the residual pathway and downweighting the attention and MLP submodules, as follows:

X'=@+)X "' +@ )MSALNX 't 7)
X'=@+) X'+@ )FENULN( X" (8)

where 2 [0;1] is a reweighting coe cient that controls the emphasis on the residual signal. As increases,
the I-th block preserves more visually discriminative features from earlier layers through the residual pathway,
while reducing the adverse impact of noisy semantic aggregation in the MSA and FFN submodules. To
the best of our knowledge, prior work has primarily focused on reforming the nal layer or modifying its
representations to improve performance. However, such approaches inevitably inherit the global semantic
alignment bias of the proceeding layers, leading to suboptimal segmentation due to substantially reduced
visual discriminability. In contrast, our SSR strategy explicitly addresses this limitation by rebalancing
residual and semantic contributions, thereby improving the visual discriminability of intermediate features.

E ectiveness of SSR in enhancing visual discriminability of preceding layers. Since our SSR

strategy is applied not only to the penultimate layer but also to earlier layers, we further present the layer-
wise curves of visual discriminability and semantic alignment after applying SSR in Figure 5. As illustrated
in the gure, the visual discriminability of the nal few layers is signi cantly enhanced, demonstrating the

e ectiveness of the proposed SSR strategy for visual discriminability improvement. Moreover, semantic align-
ment also exhibits consistent improvements, as improved visual discriminability reduces spurious semantic
aggregation from other noisy tokens.

3.3 Selective head enhancement (SHE)

Construct pseudo masks from discriminative heads to further enhance penultimate features.

Based on the head-wise analysis, we leverage high-performing heads to construct soft pseudo masks, which
are used to enhance the visual discriminability of the penultimate features. Speci cally, let VO}};, denote

the visual discriminability score of the h-th head in the I-th layer for dataset s 2 fContext; ADE; Stu g.

To obtain a dataset-agnostic measurement, we compute the average score (described in Section 2.2) across
datasets, denoted as&/D,;, . We then rank heads by their VD, values (see Figure 9 and F|gL|ge 10) and select
the top-k heads to form the set H¢. The correspondlng features are aggregated a% = % (Fh2H ¢ Xt

and a similarity map is constructed as S =X kX = Xk ? to capture the pairwise similarity among visual
tokens. To suppress the spurious interactions between tokens from di erent semantic categories, we apply a
thresholding operation with a parameter , yielding the Itered similarity map S , where S (i;j) = S(i;)) if
S@;j)) ,and S  (i;j) = 0 otherwise. This ltered similarity map S  serves as a soft pseudo-mask, which
is column-normalized and used to re ne the nal-layer features as X' Norm(S )X ‘! .
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4 Experiment Results

Evaluation Protocol. We follow the evaluation protocol from prior works (Wang et al., 2024; Lan et al.,
2024a; Hajimiri et al., 2025) and assess our method on eight widely used semantic segmentation benchmarks.
We group them into two categories and use abbreviated names for clarity. The rst category excludes
background and includes Pascal VOC (Everingham & Winn, 2011) (VOC20), Pascal Context (Mottaghi
et al.,, 2014) (C59), COCO-Stu (Caesar et al., 2018) (Stu), ADE20K (zZhou et al., 2017) (ADE), and
Cityscapes (Cordts et al., 2016) (City). The second includes background and consists of VOC21, C60, and
COCO-Object (Caesar et al., 2018) (Object). We use ViT-B/16 and ViT-L/14 as the vision encoder of
CLIP (Radford et al., 2021), and report results using the mean Intersection-over-Union (mloU). All hyper-
parameters are tuned on 1,000 randomly sampled training images from {Context, ADE, Stu } datasets and
kept xed without task-speci ¢ tuning during evaluation, based on ablation study in Section 4.2. Additional
details are provided in the appendix.

4.1 Comparison with existing methods.

We compare our approach against a comprehensive set of open-vocabulary semantic segmentation methods,
including the direct baseline CLIP (Radford et al., 2021), as well as several state-of-the-art training-free
approaches: MaskCLIP (Zhou et al., 2022a), CLIPSurgery (Li et al., 2023), SCLIP (Wang et al., 2024), NA-
CLIP (Hajimiri et al., 2025), ClearCLIP (Lan et al., 2024a), LAVG (Kang & Cho, 2024), and ResCLIP (Yang

et al., 2024). We also include several in uential weakly supervised methods, such as GroupViT (Xu et al.,
2022a), ReCo (Shin et al., 2022), and TCL (Cha et al., 2023). Unless otherwise specied, all reported
results are taken directly from the respective original papers and ResCLIP (Yang et al., 2024). As our
method is orthogonal to approaches that primarily target improvements in the nal-layer attention, we eval-
uate its e ectiveness when integrated with recent state-of-the-art methods that employ specialized attention
mechanisms in the last layer, including SCLIP (Wang et al., 2024), ClearCLIP (Lan et al., 2024a), and
ResCLIP (Yang et al., 2024). For fair comparison, we exclude the Semantic Feedback Re nement module in
ResCLIP, as it relies on the computationally expensive PAMR (Araslanov & Roth, 2020) post-processing,
which is inconsistent with our evaluation setting.

In Table 1, we summarize the performance of various previous methods on benchmark datasets using the
ViT-B/16 backbone. Our proposed LHT-CLIP consistently enhances the performance of state-of-the-art
approaches, including SCLIP (Wang et al., 2024), ClearCLIP (Lan et al., 2024a), and ResCLIP (Yang
et al., 2024). Notably, when integrated with ResCLIP (Yang et al., 2024), LHT-CLIP achieves signi cantly
improved results, outperforming leading weakly supervised methods. As a plug-and-play solution, LHT-
CLIP yields consistent improvements across all datasets compared to the respective baselines, demonstrating
its strong generalization capability. For comprehensiveness, results on the ViT-L/14 backbone are provided
in Table 8. In line with observations from Yang et al. (2024), existing methods generally exhibit a performance
drop exceeding 2% mloU when adapting to a di erent backbone; for instance, ClearCLIP (Lan et al., 2024a)
su ers a notable decline of 2.7% mloU. In contrast, when augmented with LHT-CLIP, this performance
degradation is signi cantly alleviated, highlighting the robustness of our approach. Across both backbones,
LHT-CLIP delivers substantial improvements over baseline methods, validating its e ectiveness.

4.2 Experimental analysis

In this section, we conduct comprehensive ablation studies to validate the e ectiveness of our proposed
method. We adopt SCLIP (Wang et al., 2024) as the baseline, which enhances spatial correlation by modi-
fying the attention mechanism in the nal layer, replacing the standard QK > attention with a combination

of QQ” + KK ~. In addition, following prior work (Lan et al., 2024a; Yang et al., 2024), we remove the
residual connections and FFN from the nal transformer layer. For experiments in this part, we highlight
the optimal hyperparameter settings in gray .

Analysis of the hoyer threshold parameter . Our method relies on hoyer sparsity to identify anoma-
lous tokens, making the sparsity threshold a critical hyperparameter. In Table 2, We conduct a systematic
evaluation. At = 0:2, many normal tokens are misclassi ed, leading to excessive smoothing and degraded
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Table 1: Performance comparison of our approach with other methods on eight semantic segmentation
benchmarks. Existing methods with our improvement are marked in gray .

Methods Training With a background class  Without background class Avg.
VOC21 C60 Object VOC20 City C59 ADE Stu
ReCo 3 251 199 157 57.7 21.1 223 11.2 148 235
GroupViT 3 523 187 275 79.7 18.5 23.4 104 153 30.7
TCL 3 512 243 304 775 23.1 30.3 14.9 19.6 339
CLIP 7 162 7.7 55 418 55 92 21 44 11.6
MaskCLIP 7 38.8 236  20.6 749 16.4 264 9.8 14.8 28.2
CLIPSurgery 7 55.2 187 275 79.7 185 23.4 10.4 15.3 31.1
LaVG 7 62.1 316 342 825 26.2 34.7 158 23.2 38.8
NACLIP 7 589 322 332 79.7 355 352 17.4 23.3 39.4
SCLIP 7 59.7 31.7 335 81.5 32.3 345 165 22.7 39.1
+LHT-CLIP (ours) 7 648 348 366 86.3 36.1 37.6 18.0 24.9 42.4 (+3.3)
ClearCLIP 7 570 322 325 82.3 32.8 35.8 17.3 24.0 39.2
+LHT-CLIP (ours) 7 638 352 356 85.7 37.8 38.8 19.2 25.8 42.7 (+3.5)
ResCLIP 7 60.0 327 340 85,5 35.6 35.8 17.7 23.8 40.6
+LHT-CLIP (ours) 7 639 355 352 86.9 382 382 19.1 255 42.8 (+2.2)
Table 2: Study of hoyer sparsity threshold . Table 3: Study of (Istart ;lend; ) in SSR module.
C60 Stu C59 ADE Avg (Istart ;leng;) C60 Stu C59 ADE Avg
=02 1.3 1.2 15 0.6 1.2 baseline 324 240 360 176 275
=04 330 244 366 179 280 9, 11, 0.1) 327 237 365 177 217
=05 330 244 367 179 280 (10,11,0.1) 331 243 369 180 281
=08 330 244 366 179 280 (11, 11,0.1) 327 244 364 180 279
=09 324 240 360 176 275 (10, 11, 0.05) 32,8 243 364 180 27.9
baseline 324 240 360 176 275 (10,11,0.2) 326 239 365 178 277

performance. As increases to 0.4, performance steadily improves, but plateaus between 0.5 and 0.8, with a
decline observed beyond this range. The broad stable region indicates a clear sparsity gap between normal

and abnormal tokens, highlighting the robustness of ATR to threshold selection. Based on this analysis, we
x = 0:5 for all experiments.

Analysis of spatial-semantic reweighting parameters and number of layers. To evaluate the

impact of the reweighting strength and the range of layers involved, from lgt tO leng, We perform a
comprehensive sensitivity analysis. The results are summarized in Table 3. We observe that the best
performance is obtained when reweighting is applied to layers 10 11 in the ViT-B/16 backbone. This aligns
with our earlier ndings that these layers experience a marked decline in visual discriminability while yielding
only marginal improvements in semantic alignment. Extending reweighting to include layer 9 results in a
slight gain in visual discriminability but introduces noisy semantic signals, ultimately leading to a reduction in
segmentation performance. In addition, we examine the e ect of varying the reweighting threshold parameter
. As increases from 0 to 0.1, performance improves steadily, indicating a bene cial balance between visual
and semantic cues. However, further increasing leads to a performance drop, as it incorporates inaccurate
semantic information from earlier layers and signi cantly perturbs the input distribution of subsequent layers.

Analysis of the number of selected heads k. In Table 4, we study the e ect of varying the number

of top-k attention heads selected for enhancement. For ViT-B/16 backbone, increasing k from 5 to 10
improves segmentation accuracy, as aggregating multiple visual discriminative heads helps suppress spurious
correlations. However, performance declines when k becomes too large due to the inclusion of noisy or less
informative heads, which introduce noisy cross-category interactions. We also compare head- and layer-
level selection (best | = 8), nding that head-level selection consistently performs better, as discriminative

heads are distributed across layers, while entire-layer selection introduces irrelevant heads and degrades
performance.
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Table 4: Study of number of selected heads k. Table 5: Combination of three strategies.
k C60 Stu C59 ADE Avg Module mioU
baseline 324 240 360 176 275 ATR  SSR  SHE

layer(=8) 32.8 24.8 364 17.7 28.0 baseline 275

k=5 328 246 36.3 17.8 279 X X 28.6 11

k =10 330 251 370 183 284 X X 289  +14

k =30 330 250 37.1 18.2 28.3 X X 28.9 1.4

k =50 328 250 370 18.1 28.2 X X X 29.2 +1.7

Figure 7: Qualitative comparison between CLIP-based training-free baseline methods and their counterparts
integrated with LHT-CLIP.

Study of combination e ect. In prior parts, we show the e ectiveness of each individual strategy in Ta-

ble 2, Table 3 and Table 4. The Table 5 further presents results of di erent combinations under the same
settings. The result highlights the complementary contributions of each strategy to the overall segmentation
performance, yielding average 1.7 mloU improvement on these four datasets.

4.3 Qualitative results

In Figure 7, we present a qualitative comparison between CLIP-based training-free baseline methods and their
counterparts integrated with LHT-CLIP. As shown in the gure, the integration of LHT-CLIP consistently

leads to more accurate and visually coherent segmentation results. The enhanced models produce cleaner
segmentation maps with reduced noise, improved spatial consistency among same-category objects, and
better delineation of object boundaries, all while preserving the original text-image alignment capabilities of
the baseline methods.

4.4 Applicability beyond CLIP
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