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Abstract. Vision-Language Pretrained Models (VLPs) have shown
remarkable success in transferring knowledge to various downstream
tasks, ranging from image-level tasks such as classification to pixel-
level tasks such as Semantic Segmentation. However, a persistent
challenge in the latter dense prediction tasks is the misalignment be-
tween pixel and text features. This mismatch hinders effective fu-
sion between visual and textual representations, and leads to sub-
optimal predictions. While some studies attribute this to a Modal-
ity Gap, where vision and language modalities form distinct clusters
within the shared feature space, we argue that the key issue is seman-
tic misalignment, where the pixel features do not accurately reflect
the concepts encoded by the text features. To achieve a stronger se-
mantic alignment between pixels and text embeddings, in this work
we propose a Mask-Text Contrastive (MTC) module that explicitly
enforces an alignment between image regions and their correspond-
ing semantic concepts. This is achieved by projecting both pixel and
text features into a common space where an InfoNCE-based loss
promotes semantic correspondence, reducing the modality gap as a
side effect. Our approach can be seamlessly integrated into state-
of-the-art VLP-based segmentation architectures, requiring only a
lightweight linear projection and introducing minimal computational
overhead at inference time. Experiments show that the MTC mod-
ule consistently improves segmentation performance in benchmarks
such as ADE20K, COCO-Stuff 10k and Pascal Context. Further ex-
periments with COCO show that MTC is also effective in other
downstream dense tasks such as object detection and instance seg-
mentation. The repository associated with this work is available at
https://github.com/fedasaro62/mask-text-contrastive-fully-seg.

1 Introduction

In recent years, Vision-Language Pre-trained Models (VLPs), such
as CLIP [31], have shown promising results on dense prediction tasks
such as Semantic Segmentation [8]. These models are often adapted
to segmentation pipelines by integrating the CLIP text encoder into
an encoder-decoder architecture. After encoding, the visual and tex-
tual features are fused by a decoder to produce the final segmentation
output. Previous work has shown that leveraging the semantic rich-
ness embedded in the text encoder can benefit the visual path and
improve the segmentation accuracy [32, 43].
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Figure 1: A generic CLIP-based encoder-decoder architecture for se-
mantic segmentation, extended by our Mask-Text Contrastive (MTC)
module (in red). Rather than addressing only the Modality Gap, MTC
focuses on reducing the semantic misalignment between pixel and
text features by aligning them in a common embedding space using
a contrastive loss. This semantic alignment enables more effective
fusion and leads to consistent improvements in segmentation accu-
racy.

Pixel and Text
Features
Arrangement

When working in a multimodal setting, effective fusion between
visual and textual information requires high-quality alignment [23].
In this context, alignment refers to the semantic correspondence be-
tween the modalities, while fusion refers to the integration of these
aligned features. Nevertheless, existing segmentation approaches of-
ten overlook explicit mechanisms for aligning pixel-level features
with their textual counterparts prior to fusion, despite its proven im-
portance in various image-level tasks [22].

We first note that the Modality Gap [25] that occurs in VLPs at
the image level, also extends to the pixel level (see Figurel) in most
existing architectures such as DenseCLIP [32], ZegCLIP [43], and
OTSeg [19]. However, we find that Modality Gap reduction alone is
not sufficient to improve segmentation performance if it is not ac-
companied by semantic alignment.

To address this issue, we propose the Mask-Text Contrastive
(MTC) module, which aligns pixel and text features by projecting
them into a shared embedding space where a contrastive loss (In-
foNCE) enforces semantic alignment (Figure 1). Inspired by [5], this
alignment uses ground-truth pixel masks instead of individual pixels,
resulting in a conceptually more accurate representation. Indeed, this
class-wise supervision enforces concept-level consistency, ensuring
that visual features accurately reflect the semantics encoded in text
embeddings reducing as well the Modality Gap as a positive side
effect. The main contributions of this work are the following:
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e We analyze the effects of semantic misalignment between pixel
and text features in VLP-based segmentation models.

e We introduce a novel Mask-Text Contrastive module that enhances
semantic alignment between pixel and text features, leading to
improved segmentation performance across multiple models and
datasets. Additionally, it proves effective in object detection and
instance segmentation.

e Through extensive ablation studies, we demonstrate that semantic
alignment, rather than merely reducing the Modality Gap, is the
primary driver of improvements in segmentation accuracy.

2 Related Work

Semantic Segmentation. Semantic Segmentation (SS) is a dense
prediction task that involves assigning a semantic label to each
pixel in an image [20]. Over the past two decades, SS has
found widespread application in areas such as robotics [17], satel-
lite imaging [1], and medical image analysis [30]. The field has
evolved from early CNN-based models like U-Net [33], FCN [27],
and DeepLab [3], to more recent Transformer-based architectures
such as SegFormer [36] and SETR [41]. Hybrid models, such
as SegNeXt [14], aim to leverage the strengths of both CNNs
and Transformers by integrating CNN-based building blocks with
Transformer-like multi-head attention mechanisms, thereby achiev-
ing a balance between computational efficiency and expressive
power.

Most existing segmentation approaches rely on models pretrained
on ImageNet [6], requiring fine-tuning of all parameters, which is
computationally intensive. In contrast, recent works leverage Vision-
Language Pretrained Models such as CLIP as backbones, signifi-
cantly reducing the computational burden while maintaining com-
petitive performance.

Vision-Language Pre-trained Models. Recently, VLPs such as
CLIP [31] and ALIGN [18] have emerged as powerful general-
purpose learners, showing remarkable success in zero-shot classi-
fication and retrieval tasks. These models are trained in a weakly
supervised manner using large-scale web-sourced image-text pairs
and a contrastive learning objective. Due to their architectural de-
sign, which employs separate branches for image and text encoding,
they are commonly referred to as Dual-Encoders. The versatility of
these models has motivated extensive efforts to transfer their capa-
bilities to downstream vision tasks, including object detection [13],
and semantic segmentation [32].

However, a known limitation of Dual-Encoder VLPs is the pres-
ence of a Modality Gap [25], where image and text features tend to
reside in distinct subspaces of the shared embedding space. This is-
sue, rooted in the contrastive pre-training paradigm, has been shown
to hinder tasks that require tight cross-modal alignment. Reduc-
ing this gap has proven beneficial in applications such as cross-
modal retrieval [9], multimodal arithmetic [10], semantic commu-
nication through compact latent representations [12], and cross-
modality classification, where text encodings are directly fed into
classifiers trained on images [28].

In this work, we observe that VLP-based segmentation networks
display a Modality Gap at the pixel level, indicating sub-optimal
alignment quality. Throughout this study, we investigate the role of
this gap in the semantic alignment between pixel and text features.

Pixel-Text Alignment. VLPs have been successfully applied
to dense prediction tasks such as semantic segmentation. For in-
stance, [32] adapt CLIP from an image-text to a pixel-text match-
ing paradigm, showcasing the effectiveness of vision-language pre-

training for transferring knowledge to segmentation. Building on the
zero-shot classification capabilities of VLPs, recent work has also
expanded semantic segmentation to an open-set setting, giving rise
to the task of Open-Vocabulary Semantic Segmentation.

Effectively adapting VLPs to dense prediction requires transition-
ing from image-text alignment to pixel-text alignment. Early two-
stage approaches first generate class-agnostic mask proposals and
then classify each proposal using CLIP by matching region pro-
posals with the textual features of class labels [7, 11, 38, 37]. No-
tably, MaskCLIP [8] and SAN [38] supervise segmentation via dice
and binary cross-entropy losses for mask generation, and cross-
entropy loss for the final classification, but do not explicitly en-
force pixel-text alignment. More recent one-stage methods bypass
the need for a mask proposal module by directly aligning pixel and
text features using visual feature maps extracted from the image en-
coder [21, 32, 43, 19]. For example, DenseCLIP [32] performs pixel-
text matching through a cross-entropy loss computed over intermedi-
ate similarity score maps. PPL [21] introduces a probabilistic pixel-
text matching strategy to capture diverse and informative class-level
attributes. OTSeg [19] proposes a Multi-Prompt Sinkhorn algorithm
to align multiple textual prompts with semantic pixel features.

However, these methods often lack sufficiently strong semantic
correspondence between class-specific pixel and text features. To ad-
dress this, MTA-CLIP [5] propose using ground-truth masks to ex-
plicitly guide cross-modal alignment within a one-stage framework.
Inspired by their approach, we introduce a Mask-Text Contrastive
(MTC) module that similarly leverages mask supervision but differs
in design. Unlike the architecture in [S] —which relies on customized
decoders and prompt learning—our method offers a lightweight,
plug-and-play alignment component that can be casily integrated
into any CLIP-based encoder-decoder segmentation framework. This
modularity highlights the flexibility of our solution and its effective-
ness in promoting feature alignment prior to fusion in the decoding
stages.

3 Preliminaries on the Modality Gap

In this section, we present a preliminary discussion of our work by
introducing the concept of the Modality Gap, detailing its measure-
ment, and reviewing existing methods proposed for its reduction.

3.1 Introduction to the Modality Gap

Previous works have observed the phenomenon of the Modality Gap
in CLIP-based multimodal learning methods [25, 34]. It refers to the
separation of image and text features, which are clustered in different
subregions of the shared feature space. Formally, let By, Er € R™*¢
denote the image and text embeddings, respectively, where n is the
number of samples and d is the embedding dimension. The Modality
Gap is defined as the difference between the centroids of the image
and text embeddings:

n

1 & i 1 i
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Authors from [10] demonstrate that this gap, common to various
VLPs, arises due to random initialization and contrastive pretraining.
These factors cause the features to lie on a lower-dimensional man-
ifold in the latent space. Their experiments, along with those of [9],
showed that reducing this gap can improve downstream performance
in tasks such as cross-modal retrieval, both in zero-shot settings and
with fine-tuning.
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Figure 2: T-SNE visualization of features extracted from DenseCLIP ViT-B, trained on ADE20K, COCO-Stuff 10k and Pascal Context, showing

pixel and (ext representations. Ten categories are randomly sampled for display.

3.2 Reducing the Modality Gap

The Modality Gap phenomenon is a recent discovery, and there is
still no universally accepted method to mitigate it. In the following,
we examine some of the techniques proposed over the past few years,
whose impact we aim to understand in the context of the semantic
segmentation task.

Optimizing Alignment and Uniformity. Recent studies have ex-
plored the adaptation of alignment and uniformity principles to mul-
timodal contrastive learning to minimize the gap [10]. Uniformity
refers to the property of ensuring that features within the same
modality (image or text) are evenly distributed in the feature space.
The idea is that uniformity within each modality can help reduce the
modality gap by avoiding the two-regions effect.

Given the image and text embeddings Er, By € R™*?, the uni-
formity loss over the image space is defined as:

N
1 ]
LIIJnifonn = log N § €xp (_2”E} - E?”2> . 2)

J,k=1

Analogously, L& m is defined for the text space. The overall uni-
formity loss is then:

1
Ltniform = 5 (Lgnifom + L{Jniform) . 3)

The Alignment loss, which instead promotes semantic alignment be-
tween similar image-text pairs, is defined as:

N
1 ) )
Laiign = & > |1 — EL1%. )
=1

The Uniformity and Alignment Loss is defined as:
Lua = Lunitorm + Latign, o)

Swap Modalities. Authors from [39] show that swapping modal-
ities during contrastive training helps in mitigating the Modality
Gap. Specifically, they distinguish between Hard Swapping and Soft
Swapping. Hard Swapping performs a random swap of Fr[i, j] and
Erli, j] for each (4, 7) independently with a probability pns, result-
ing in the swapped features E; and Er. Soft Swapping (SS) ap-
plies a probabilistic interpolation between the two modalities. For
each (i,7), we randomly sample X\;; € [0, 1] and compute the
new features as Erli,j] = Ni;Er[i,j] + (1 — Xij)Erli,j] and

Er[i, j] = Xij BErli, 3] + (1 — Xij) Er[4, j]. Similar to Hard Swap-
ping, the swapped features are used as inputs to the loss function
for network optimization. Additionally, swapping is applied to a ran-
domly selected portion pss of the training data.

Minimizing Central Moment Discrepancy. In multimodal senti-
ment analysis, [15] propose reducing the discrepancy between vision
and text features using the Central Moment Discrepancy (CMD) [40]
as a loss function. This metric quantifies distributional differences
by comparing their respective moments. The CMD loss effectively
promotes modality-invariant features, which, in other words, helps
reduce the Modality Gap.

4 Pixel-Text Alignment in Semantic Segmentation

Despite recent adaptations of VLPs to dense prediction tasks like
semantic segmentation, pixel-text alignment prior to fusion remains
underexplored. To address this, we analyze feature space structure in
terms of the Modality Gap and Semantic Alignment across similar
and dissimilar concepts.

Modality Gap. Differently from classification or retricval tasks,
where the Modality Gap is assessed between image-level features
and textual features, in semantic segmentation, the Modality Gap
must be analyzed locally, between pixel-level features and textual
ones. Given an input image I € RT*W >3 and a set of K labels
C ={c,...,ck}, each candidate label ¢; can be either hard-coded
or soft-coded. Depending on the specific model, labels follow either
template-based or prompt-learning strategies, resulting in prompts

P ={p1,...,px}. The image I and prompts P are encoded by the
CLIP image encoder @ and text encoder ¢, respectively:

Fy=®(T) € RTW'xd, (6)

Fr = (I)T(P) S RKXd. @

where H’ and W' denote the spatial dimensions of the feature map
produced by ®;, and d is the feature dimensionality.

This formulation allows us to study pixel-level features of Fr
against text features [r. Specifically, we begin by assessing the
Modality Gap on DenseCLIP [32], ZegCLIP [43], and OTSeg [19],
each trained on ADE20K [42], COCO-Stuff 10k [2] and Pascal Con-
text [29].

Table 1 illustrates the gap between visual and textual features in
terms of centroid distance. We observe that the modality gap (Eq. 1)
in the CLIP model propagates to the pixel level, resulting in separated
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Table 1: Semantic alignment and Modality Gap, measured by Apx
and Ag,p respectively, across recent CLIP-based semantic segmenta-
tion models trained on ADE20K, COCO-Stuff 10k, and Pascal Con-
text.

Model ADE20K COCO-Stuff 10k | Pascal Context
APN T Agap »L APN T Agap ~L APN T Agap ~L
DenseCLIP ViT-B 0.43 0.88 0.42 0.89 0.52 0.89
DenseCLIP Res-50 0.27 0.97 0.31 1.08 0.40 0.94
ZegCLIP 0.01 0.97 0.01 0.90 0.01 0.99
OTSeg 0.02 0.96 0.02 0.93 0.02 0.93

features with Agy, > 0.88 (DenseCLIP ViT-B on ADE20K), which
is even higher than the image level gap previously observed (0.66
in [10]). Figure 2 further illustrates this phenomenon: although the
pixel features are clustered by class, they remain distant from the
text features, which are grouped in a separate region of the feature
space.

Semantic Alignment. A pronounced Modality Gap suggests poor
semantic alignment between modalities. Beyond measuring this gap,
we also assess whether the joint pixel-text feature space exhibits
meaningful semantic structure. Notably, a low Ay, does not guar-
antee proper alignment—semantic concepts may still be misaligned
if modality distributions merely overlap in latent space.

Properly assessing semantic alignment requires establishing corre-
spondences between object pixel features and their textual represen-
tations, ensuring availability of both positive and negative pairs. To
this end, we leverage the ground truth mask Y € R¥*W (o isolate
features corresponding to each object class from the visual feature
map Fr.

We first upsample Iy from II’ x W' to match the resolution of
Y, using bilinear interpolation to preserve spatial consistency. The
upsampled features allow extraction of class-specific pixel features:

Fre; = {Fr(z,y) | Y(2,y) = e} ®)

We then compute the mean feature representation per class:

- 1
Fre, =7 Z Fr(z,y), )
|FI,Cz‘|
(z,y)EYCi

which serves as the visual counterpart to the text embedding Fr(c).
Given visual features F7 ., and textual features Fr(c;) for each
class ¢; € C, we define the Positive-Negative Similarity Gap:

Al’N - Spos - Sncg, A[’N € [_2, 2] (10)
1 _
Spos = T > (Fre,, Pr(e) (n
|C| c,eC
1 _
N —— Froe., Fr(c; (12)
C11CT—1) %;ﬂ e Fr(c;))

Here, Spos and Sy, represent the average cosine similarity of pos-
itive and negative pairs, respectively, both ranging in [—1, 1]. This
formulation avoids degenerate cases where all features are sim-
ilarly aligned. A larger Apn indicates stronger semantic align-
ment—ypositive pairs are closer, and negative pairs are more distinct.

Table 1 reports the values of Apy, highlighting that after training,
ZegCLIP and OTSeg exhibit low semantic alignment before fusion,
with scores around 0.01. These values are notably low compared to
the theoretical maximum of 2, with the highest observed value being
0.52 for DenseCLIP ViT-B on Pascal Context. This suggests signifi-
cant room for improving semantic alignment between pixel and text
before their fusion in the later stages of the network.
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Figure 3: Our Alignment Module (in the box) is implemented within a
generic CLIP-based Encoder-Decoder architecture for image seman-
tic segmentation. Positioned immediately after the encoding stage, it
enhances the alignment between pixel and text features, facilitating
cross-modality fusion and improving prediction performance.

5 Mask-Text Contrastive Module

As observed, pixel and text features do not appear to be properly
aligned in the shared semantic space across various CLIP-based
encoder-decoder models. We hypothesize that this misalignment may
hinder pixel-text fusion steps, thereby affecting segmentation perfor-
mance of the model. To address this, we introduce our Mask-Text
Contrastive Module, highlighted in the red blocks in Figure 3. The
Alignment Module is positioned immediately after the image and
text encoders to promote modality fusion in the subsequent stages of
the network.

Specifically, during training, the model inputs consist of an image
I € RFXWX3 3 set of candidate labels C' = {ci,...,cx}, and the
ground truth semantic map Y € R¥ > The image and class labels
are encoded using the image encoder ®; (Equation 6) and text en-
coder @ (Equation 7), resulting in image features F; € R¥ xW'xd
and text features Fr € R¥*?, The objective of our alignment mod-
ule is to improve pixel-text alignment by enhancing the correspon-
dence between visual and textual representations.

First, Fr and Fr are linearly projected using learnable transforma-
tion matrices Wy and Wr, respectively, to map them into a shared
feature space:

Fy =Wk, Fp=Wrkr. (13)

Since the ground truth mask Y is available during training, we
follow the same procedure used for computing Apy: the feature map
F7} is upsampled and passed through Equations 8 and 9, resulting in
the per-class visual features F‘}yci. These embeddings serve as the
visual counterparts to the corresponding text embeddings within a
CLIP-based contrastive learning framework. We define this objective
as the Mask-Text Contrastive (MTC) loss, which enforces seman-
tic alignment between pixel-level features and their respective tex-
tual representations, both L2-normalized. The MTC contrastive loss
function is formulated as:

K nll /
! exp ((Fe,: Pr(ci))/7)
Lyre = — K ;:1 log >

S exp ((F ., Frle) /)
x exp ((Fi ., Fr(c))/7)

1
- — Zlog —
2K = ZiK:leXp <<FI/7C1.,F%(CJ‘)>/T)

(14)

where (-, -) denotes the inner product and 7 is the contrastive tem-
perature.
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Table 2: Performance of the Alignment Module evaluated on Semantic Segmentation using DenseCLIP, ZegCLIP, and OTSeg as CLIP-based
encoder-decoder models. Results are reported in terms of mloU and mAcc, computed on the ADE20K, COCO-Stuft 10k, and Pascal Context

datasets.
Model Loss ADE20K COCO-Stuff 10k Pascal Context
mloU mAcc Apn T Agyp L [mIoU mAcc Apny T Agyp | | mloU mAcc Apn T Agap |

DenseCLIP ViT-B Baseline 50.60 63.20 043 0.88 |43.27 5562 042 0.89 |[57.44 69.26 0.52 0.89
MTC (ours) | 52.53 66.67 0.83  0.27 |45.01 58.14 0.84 0.25 [58.61 70.56 094 0.24

DenseCLIP Res-50 Baseline 4350 55.88 027 097 [37.36 4940 0.31 1.08 |48.55 60.71 0.4 0.94
MTC (ours) | 44.62 58.4 0.65 0.28 |3833 5282 0.66 0.29 [49.64 62.04 080 0.29

ZegCLIP Baseline 34.41 4394 0.01 0.97 |38.55 4893 0.01 090 |[51.72 61.22 0.01 0.99
MTC (ours) | 36.29 46.83 0.70  0.25 |39.82 50.31 0.65 0.18 |52.88 6253 083 0.24

OTSeg Baseline 38.67 4891 0.02 096 [4337 5406 0.02 093 [5224 63.11 0.02 093
MTC (ours) | 39.59 50.12 0.70  0.29 |44.52 5523 0.72 0.25 [53.81 6457 083 0.26

This loss serves as a regularization mechanism, ensuring that im-
age features corresponding to each class are maximally aligned with
their respective text features while remaining distinct from non-
matching text features.

The proposed Alignmend Module can be seamlessly integrated
into any CLIP-based segmentation network following the image-text
encoding stage. The total training objective is formulated as:

Lol = Lmodet + ALmtc. (15)

where )\ is a regularization hyperparameter that controls the contri-
bution of the Mask-Text Contrastive loss.

6 Experiments
6.1 Datasets and Metrics

To assess the effectiveness of the proposed Mask-Text Contrastive
Module in enhancing the semantic alignment between pixel and text
features, we conducted extensive experiments on public semantic
segmentation benchmarks.

ADE20K [42]: This dataset consists of more than 20K scene-
centric images, each annotated with pixel-level object and object-part
labels. It includes a total of 150 semantic categories, encompassing
both "stuff" classes (e.g., sky, road, grass) and discrete "thing" classes
(e.g., person, car, bed).

COCO-Stuff 10K [2]: This dataset comprises 10K images derived
from the COCO training set. It is split into 9K training images and
1K validation images, covering 80 "thing" classes, 91 "stuft" classes,
and one "unlabeled" class, which we exclude in this work.

Pascal Context [29]: The PASCAL Context dataset contains
10,103 images with pixel-wise annotations. It includes a subset of 59
frequent classes, divided into objects, stuff, and hybrids, commonly
used for evaluation due to sparsity in other object categories.

To further evaluate the effectiveness of our Alignment Module, we
conduct experiments on object detection and instance segmentation
using the COCO 2017 dataset [26], which consists of 118K training
images, SK validation images, and 80 object categories.

We evaluate semantic segmentation using mean accuracy (mAcc)
and mean intersection over union (mloU), which measure per-class
classification and overall mask overlap, respectively. Additionally,
we assess pixel-text alignment quality via Semantic Consistency
(Eq. 10) and Modality Gap (Eq. 1).

6.2 Experimental Details

Our experiments are implemented using the MMSegmentation tool-
box.! We employ three main CLIP-based segmentation models:

I MMSegmentation: Openmmlab semantic segmentation toolbox and bench-
mark. Available at https://github.com/open-mmlab/mmsegmentation

Table 3: Computational overhead introduced by MTC module com-
pared to baselines

Model FLOPs Params Params
Increase (%) | Increase (M) | Increase (%)
DenseCLIP ViT-B +0.015% +0.5 +0.26%
ZegCLIP +0.009% +0.5 +3.40%
OTSeg +0.005% +0.5 +0.49%

DenseCLIP [32], ZegCLIP [43], and OTSeg [19]. To isolate the con-
tribution of the proposed Alignment Module within each architec-
ture, we maintain the same hyperparameters as the baseline, includ-
ing the number of iterations, batch size, learning rate, optimizer, and
scheduler. Across all experiments, we set the regularization coeffi-
cient in Equation 15 to A = 0.4. Whenever applied, the hard swap-
ping and soft swapping probabilities pn, and py are set to 1072 and
5 x 1072, respectively.

6.3 Results

We begin by evaluating the performance of our Alignment Module
against the baseline CLIP-based segmentation models DenseCLIP,
ZegCLIP, and OTSeg, as reported in Table 2.

Our results show that the Mask-Text Contrastive Alignment con-
sistently improves performance across all base models. Specifically,
for DenseCLIP ViT-B, employing MTC leads to an improvement of
1.93% in mloU on ADE20K (52.53% vs. 50.60%), and 1.74% in
mloU on COCO-Stuff 10k (45.01% vs. 43.27%). Similar improve-
ments are observed across other segmentation models. For exam-
ple, DenseCLIP Res-50 sees a 1.12% increase in mloU on ADE20K
(44.62% vs. 43.50%), and ZegCLIP experiences a 1.27% improve-
ment on COCO-Stuff 10k (39.82% vs. 38.55%). Overall, perfor-
mance gains range between 1% and 2% across all models and
datasets.

The semantic alignment promoted by the MTC module can be ob-
served through the Apy values. For instance, on COCO-Stuff 10k,
the Positive-Negative Similarity gap (Apx) increases from 0.01 to
0.65 for ZegCLIP. Similarly, for DenseCLIP ViT-B, Apy rises from
0.42 to 0.84. These results indicate that MTC fosters stronger se-
mantic relationships between pixel and text, ultimately improving
segmentation quality. Such improved alignment can also be observed
by examining the Modality Gap Ay, which, for COCO-Stuff 10k,
decreases from 0.90 to 0.18 for ZegCLIP, and from 0.89 to 0.25 for
DenseCLIP ViT-B. The diminished Modality Gap and improved Apy
are further illustrated in Figure 4, where pixel and text features ap-
pear closer in the feature space and are clustered according to their
respective classes.

6.3.1 Training Details

Faster convergence. To emphasize the impact of the Mask-Text
Contrastive Alignment during training, Figure 5 illustrates the trend
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Figure 4: Pixel and (ext feature distributions obtained from DenseCLIP trained with our Alignment Module on ADE20K (a), COCO-Stuff 10k
(b), Pascal Context (c). Ten categories are randomly sampled for display.
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Table 5: Comparison Between Pairwise and CLIP Loss in the Mask-

Text Alignment Module.
Model Loss ADE20K | COCO-Stuff 10k
. Pairwise 51.24 42.82
DenseCLIP ViT-B Lartc 5253 45.01
Pairwise 35.07 30.95
ZegCLIP Lairc 36.29 39.82
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Table 6: Effect of Random Masking (RM) and Label Confusion (LC)
on the Mask-Text Contrastive module.

Figure 5: Comparison of the mloU trends over training iterations be-
tween the Alignment Module (solid line) and the baseline (dashed
line) on ADE20K (red), COCO-Stuff 10k (green), and Pascal Con-
text (blue) datasets.

Table 4: Comparison of different upsampling methods on ADE20K
and COCO-Stuff 10K datasets.

Model Upsampling Method | ADE20K | COCO-Stuff 10K
. Learnable Upsampling | 52.28 44.23
DenseCLIP ViT-B
enseCLIPVITB | o car Upsampling | 52.53 45.01
Learnable Upsampling | 36.13 39.59
ZegCLIP
egC Bilinear Upsampling | 36.29 39.82

of the mloU metric over training iterations, comparing our MTC ap-
proach with the baseline. We observe that enforcing alignment be-
tween pixel and text features consistently leads to faster convergence,
already from the very early stages of training. This behavior indicates
that our method enables the model to learn more discriminative fea-
ture representations with fewer training iterations, which is particu-
larly advantageous in scenarios requiring computational efficiency.
Computational Overhead. Table 3 shows that the MTC module
introduces minimal overhead, adding only +0.5M parameters. The
relative increase remains below 0.02% in FLOPs and under 3.5% in
parameters, confirming its lightweight and efficient design.

6.3.2 Ablation Study

Effect of Upsampling Method. We explore whether the bilinear in-
terpolation used to align visual features with the mask resolution can
be replaced by a Learnable Upsampling (LU) method, inspired by
[24]. This method first extracts features using a convolutional layer,
then progressively upsamples them through four stages. Each stage
performs bilinear upsampling with a scale factor of 2, followed by
a convolutional layer with ReLU activation, except for the final out-
put layer. The results presented in Table 4 indicate that Learnable
Upsampling yields comparable or lower performance compared to
simple bilinear interpolation. Therefore, we prefer the latter due to

Model Loss ADE20K | COCO-Stuff 10k
Lyre 52.53 45.01

DenseCLIP ViT-B | Lypc+RM 52.37 44.93
LMTC+LC 52.28 44.76
Lyre 36.29 39.82

ZegCLIP Lyic+RM | 3611 39.50
LMTC+LC 35.96 39.42

its lack of additional parameters and faster computation.

Effect of Contrastive Loss Choice. To evaluate the impact of dif-
ferent contrastive learning strategies, we implement two versions of
our Mask-Text Alignment Module: one utilizing the Lyrc loss func-
tion, as defined in Equation 14, and another employing a Pairwise
contrastive loss [35], which operates by directly minimizing the dis-
tance between positive sample pairs while maximizing the distance
between negative pairs. Unlike Lyyc approach, which considers mul-
tiple negatives simultaneously, the pairwise method optimizes indi-
vidual pairs in isolation. Table 5 highlights the importance of con-
trastive loss selection in influencing performance, as the pairwise loss
consistently underperforms compared to Lyrc.

Effect of Mask Perturbation. Since MTC heavily relies on
ground truth masks, we evaluate the impact of mask quality on model
performance. Table 6 reports the results of applying Random Mask-
ing (RM), which replaces ground truth pixels with ignore labels, and
Label Confusion (LC), which randomly swaps labels with incorrect
ones, during training. For each training sample, a random subset of
pixels (with » ~ 14(0.05,0.5)) is selected, and the perturbation is
applied with probability p = 0.2 per selected pixel. The results sug-
gest that both perturbation methods have a minimal effect on perfor-
mance, with scores remaining above the baseline reported in Table 2.

6.3.3 Comparison with State-of-the-Art

Similarly to [5], Table 7 compares our method against prior works
on ADE20K and COCO-Stuff 10k using ViT-B backbone. Specif-
ically, we use DenseCLIP ViT-B integrated with our MTC align-
ment module for the comparison. The results demonstrate that our
method outperforms previous approaches, achieving an mloU of 52.5
on ADE20K and 45.0 on COCO-Stuft 10K. This suggests that MTC
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Table 7: Comparison of mloU scores with state-of-the-art methods on
ADE20K and COCO-Stuff 10k. Gray blocks indicate missing results
due to unavailable code; (*) indicates values computed by us.

Method Pre-train  |ADE20K|COCO-Stuff 10k
Mask2Former [4] ImageNet 51.1 40.2*
Mask2Former [4] CLIP 51.0 40.8%*

PPL [21] CLIP 51.6

MTA-CLIP [5] CLIP 52.3

Semantic FPN [20] ImageNet-21K| 49.1 39.9%

CLIP + Semantic FPN [31] CLIP 494 42.4%*
DenseCLIP [32] CLIP 50.6 43.2%
DenseCLIP + MTC (ours) CLIP 52.5 45.0

Table 8: Comparison of different approaches to reduce the Modality
Gap by exploiting various losses used in the Mask-Text Contrastive
Module.

Model Loss

ADE20K COCO-Stuff 10k
mloU APN T Agap J, mloU ApN T Agap J,
Lvre | 5253 0.83  0.27 |45.01 0.84 0.25
DenseCLIP ViT-B | UA 5226 0.76 021 [43.68 0.79 0.15
CMD |50.80 0.0 0.01 [4242 0.0 0.01
Lwic | 44.62 065 028 |3833 066 029
DenseCLIP RES-50 | UA | 44.09 0.54 0.27 |36.21 052  0.15
CMD |42.52 0.0 0.01 |35.04 0.0 0.01
Lyre | 3629 070 025 |39.82 0.66 0.18
ZegCLIP UA 3543 0.65 023 [39.15 0.65 0.17
CMD |32.88 0.0 0.02 3762 0.0 0.02
Lyvrc | 3959 070 029 |4452 072 025
OTSeg UA 3839 065 026 [43.63 071 023
CMD |37.39 0.0 0.02 [43.07 0.0 0.01

is a highly effective component that can be seamlessly integrated
into any CLIP-based encoder-decoder architecture, enhancing fea-
ture alignment and overall segmentation accuracy.

6.3.4 Does a Lower Modality Gap Lead to Higher
Performance?

Comparing CLIP Loss with Alternative Gap Reduction Objec-
tives. A key question in this study is whether reducing the Modality
Gap directly improves segmentation performance, or if the gains ob-
served in previous sections primarily stem from the semantic align-
ment enforced by the MTC module. To explore this, we first com-
pare various objective functions that promote Modality Gap reduc-
tion and semantic alignment to different extents. We adopt the tech-
niques introduced in Section 3.2—specifically, Optimizing Unifor-
mity and Alignment (UA) and Minimizing Central Moment Discrep-
ancy (CMD)—as alternative objectives to the Lwyrc loss within our
MTC module. The UA objective encourages a more uniform distribu-
tion of pixel and text features, effectively reducing the Modality Gap
while still promoting alignment among positive pairs. In contrast,
CMD focuses on minimizing the distributional discrepancy between
modalities by aligning their central moments, without explicitly en-
forcing pairwise alignment between pixel and text features.

Table 8 presents a comparison between Lyrc, UA, and CMD in
terms of mloU, Apy, and Agap. The results indicate that the Ly
loss consistently achieves the highest mloU scores across all mod-
els. For example, on ADE20K, Lwmic achieves 52.53% mloU for
DenseCLIP ViT-B and 44.62% for DenseCLIP Res-50, outperform-
ing both UA (52.26% and 44.09%, respectively) and CMD (50.80%
and 42.52%). In terms of Modality Gap reduction, UA—and even
more so CMD—effectively minimize Agyp. UA achieves values as
low as 0.21 on ADE20K and 0.15 on COCO-Stuff 10k for Dense-
CLIP ViT-B, while CMD consistently maintains a near-zero value of
0.01. However, this reduction does not lead to improved segmen-
tation performance, as the mloU remains lower compared to that

Table 9: Impact of Modality Gap reduction on Lyrc loss within the
Mask-Text Contrastive Module using different techniques.
ADE20K COCO-Stuff 10k
mloU APN T Agap ,L mloU APN T Agap J,
Lmtc | 52.53 0.83 027 (4501 084  0.25
DenseCLIP VIT-B |+ HS [5225 083 025 |4447 083 021
+SS |5191 0.82 0.23 |43.73 084 0.18
Lyrc |44.62 065 028 |3833 0.66 029
DenseCLIP RES-50 | + HS |44.51 0.65 025 |37.48 0.67 026
+SS |4397 0.66 0.24 |37.63 0.66 023
Lytc | 3629 070 025 [39.82 065 0.18
ZegCLIP +HS [3591 0.71 023 [39.34 0.66 0.16
+SS |3584 0.69 021 [39.01 065 0.15
Lyrc |39.59 070 029 (4452 072 025
OTSeg +HS |38.64 0.70 0.24 |43.81 072 0.19
+SS |38.67 0.70 0.22 |43.54 071 0.16

Model Loss

achieved using the Lwrrc loss.

We hypothesize that this behavior stems from the differing degrees
of semantic alignment enforced by each loss function. Specifically,
while Lyrc maintains a relatively high Apy (0.83 on ADE20K and
0.84 on COCO-Stuff 10k for ViT-B), UA enforces weaker align-
ment, leading to a lower Apy (0.76 and 0.79, respectively). CMD, in
contrast, completely disregards alignment, resulting in Apy = 0.0
across all cases. This suggests that merely reducing the Modality
Gap without preserving alignment quality fails to improve segmenta-
tion, as the pixel-text features lose semantic consistency. While UA
still enforces some level of alignment by constraining positive pairs,
CMD does not account for alignment at all, leading to a collapse
in meaningful feature associations. Thus, we believe that the impact
of Modality Gap reduction should be analyzed while simultaneously
ensuring robust semantic alignment between pixel and text features.

Integrating Modality Gap Reduction into CLIP Loss. Since sc-
mantic alignment between pixel and text features is crucial and the
Lwmic loss effectively achieves it, we investigate whether explicitly
reducing the Modality Gap within Lyc offers additional benefits.
To this end, we employ the Modality Swapping (HS/SS) technique
(Section 3.2), as it preserves the Ly objective and allows evaluat-
ing the isolated effect of Modality Gap reduction.

Table 9 shows the results for each model using Lyrc and
Lyvrc+HS/SS losses. Analyzing the A,y values, we find that both
HS and SS effectively reduce the Modality Gap. However, this re-
duction does not improve segmentation performance. Lurc alone
achieves the best performance. We again observe the Apy values to
explain this phenomenon. These values remain comparable across
both Lvrc loss and +HS/SS configurations, suggesting that the qual-
ity of semantic alignment remains approximately constant. In this
context, the Modality Gap reduction can be assessed as an isolated
effect, where explicitly enforcing a lower gap does not seem to con-
tribute to improved performance in semantic segmentation. This may
be due to the fact that the semantic alignment enforced by the Lmrc
between pixel and text features is already sufficiently strong, such
that additional reduction of the Modality Gap does not enhance the
separation between positive and negative pairs, which is essential for
semantic segmentation.

6.3.5 MTC Module Performance in Object Detection and
Instance Segmentation Tasks

To further evaluate the effectiveness of our Mask-Text Contrastive
Module, we conducted experiments on Object Detection and In-
stance Segmentation using DenseCLIP within the Mask R-CNN
framework [32]. We report the standard Average Precision (AP), AP
at IoU=0.5 and IoU=0.75, as well as the mean Average Precision
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Table 10: Results on object detection and instance segmentation tested on COCO val2017 using Mask R-CNN [16] framework.

Model Loss AP AP, APL. APS AP APY | AP™ AP APm  APT' AP APT
DenseCLIP Res.50 | Baseline [ 402 632 439 263 442 510 | 376 602 398 208 407 537
MTC (ours) | 41.4 643 451 275 453 522 | 384 610 406 21.6 415 545
DenseCLIP Res 0] | Baseline [ 426 651 465 277 465 542 | 396 624 424 214 430 562
MTC (ours) | 43.8 66.2 477 289 47.6 554 | 404 632 432 222 438 570

(mAP) for both object detection and instance segmentation, since
these tasks are performed concurrently.

Results in Table 10 demonstrate that integrating our MTC mod-
ule into DenseCLIP consistently improves object detection and in-
stance segmentation. For DenseCLIP with ResNet-50 and ResNet-
101, overall AP increases by +1.2% (from 40.2% to 41.4% and
42.6% to 43.8%, respectively). Gains are also seen for AP at [oU=0.5
and 0.75, indicating enhanced localization and classification. In-
stance segmentation improves by 0.8%-1.0% mAP. Performance
gains across backbones highlight that MTC reduces pixel-text mis-
alignment, enhancing feature discrimination and benefiting various
dense prediction tasks beyond segmentation.

7 Conclusion and Future Work

In this paper, we observe that existing CLIP-based semantic seg-
mentation models often lack the proper semantic alignment between
pixel and text features and suffer from a significant Modality Gap.
To address this problem, we propose a Mask-Text Contrastive Mod-
ule that uses ground truth masks to better align visual features of
target objects with their textual representations. Experiments on seg-
mentation, object detection and instance segmentation on different
architectures confirm the effectiveness of our method and emphasize
the importance of semantic alignment. Our approach fits seamlessly
into state-of-the-art VLP-based segmentation models, requiring only
a lightweight linear projection and minimal inference overhead. Fi-
nally, our analysis shows that Modality Gap reduction is subordi-
nate to semantic alignment: gap reduction alone can degrade perfor-
mance, and once alignment is fixed, further gap reduction does not
provide any additional benefit.

Future work includes exploring the properties of the pixel-text fea-
ture space, such as Semantic Alignment and Modality Gap, in other
dense prediction tasks like Open-Vocabulary and Few-Shot Semantic
Segmentation.
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