Mamba as a Bridge: Where Vision Foundation Models Meet Vision Language
Models for Domain-Generalized Semantic Segmentation

Xin Zhang!

!National University of Singapore

x.zhang@u.nus.edu

Abstract

Vision Foundation Models (VFMs) and Vision-Language
Models (VLMs) have gained traction in Domain General-
ized Semantic Segmentation (DGSS) due to their strong gen-
eralization capabilities '. However, existing DGSS methods
often rely exclusively on either VFEMs or VLMs, overlooking
their complementary strengths. VFMs (e.g., DINOv2) excel
at capturing fine-grained features, while VLMs (e.g., CLIP)
provide robust text alignment but struggle with coarse gran-
ularity. Despite their complementary strengths, effectively
integrating VFMs and VLMs with attention mechanisms is
challenging, as the increased patch tokens complicate long-
sequence modeling. To address this, we propose MFuser, a
novel Mamba-based fusion framework that efficiently com-
bines the strengths of VFMs and VLMs while maintaining
linear scalability in sequence length. MFuser consists of
two key components: MVFuser, which acts as a co-adapter
to jointly fine-tune the two models by capturing both se-
quential and spatial dynamics; and MTEnhancer, a hybrid
attention-Mamba module that refines text embeddings by in-
corporating image priors. Our approach achieves precise
feature locality and strong text alignment without incur-
ring significant computational overhead. Extensive exper-
iments demonstrate that MFuser significantly outperforms
state-of-the-art DGSS methods, achieving 68.20 mloU on
synthetic-to-real and 71.87 mloU on real-to-real bench-
marks. The code is available at https ://github.
com/devinxzhang/MFuser.

1. Introduction

Developing semantic segmentation models that can ro-
bustly handle diverse and unseen conditions [6, 54-56]
is critical for real-world applications such as autonomous
driving, where variations in environment, lighting, and
weather [1, 5, 30, 31, 53] can significantly impact per-

n this paper, we refer to foundation models trained solely on visual
data as VFMs and those trained on both visual and textual data as VLMs.
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Figure 1. Comparative analysis of the VFM and the VLM fea-
tures. VFM: Visualization of PCA-computed features from DI-
NOV2 (the first three components of PCA, computed on the image
features, serve as color channels), displaying fine-grained details
but lacking text alignment. VLM: Image-text similarity map from
EVAO02-CLIP using the query ‘car’, demonstrating good alignment
with text but insufficient localization of queried objects. MFuser:
Our proposed fusion framework integrates VEM and VLM, result-
ing in unified features that exhibit both precise locality and robust
text alignment. Quantitative results on synthetic-to-real DGSS
benchmarks further validate our approach, with MFuser consis-
tently achieving the highest mIoU scores across all tasks.

formance. Domain Generalized Semantic Segmentation
(DGSS) aims for strong performance across unseen do-
mains without relying on target domain data during train-
ing. Traditional approaches include normalization and
whitening techniques [9, 39], domain randomization meth-
ods [22, 61, 63]. Despite these efforts, existing approaches
remain suboptimal, as they often rely on conventional back-
bones pre-trained on limited datasets, which struggle to
generalize effectively to the diverse challenges encountered
in real-world scenarios.

The recent emergence of Vision Foundation Models
(VFMs) and Vision Language Models (VLMs) has estab-
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lished them as powerful tools for achieving generaliza-
tion in various domains. Some studies have introduced
parameter-efficient fine-tuning (PEFT) methods that effec-
tively adapt these foundation models for DGSS [50, 58].
Additionally, some works leverage diffusion models [43]
to generate diverse-style images for training DGSS mod-
els [14]. VLMs, in particular, have demonstrated the abil-
ity to generalize effectively across varied domains by uti-
lizing text embeddings that provide semantic and domain-
invariant representations [40]. This capability has sparked
the development of multiple approaches in both image clas-
sification [8, 23] and semantic segmentation [14, 36]. How-
ever, the specific differences between VFMs and VLMs in
the context of DGSS remain underexplored.

VEM features (e.g., DINOv2 [35]) capture strong de-
tails at a granular level. In contrast, VLM features (e.g.,
EVAOQ2-CLIP [15]) struggle to associate text semantics with
precise visual regions due to their image-level alignment
training. However, this alignment enables VLMs to lever-
age text embeddings as semantic anchors [37], guiding vi-
sual features to remain robust across domain variations. To
examine their properties, we perform principal component
analysis (PCA) on the DINOv2 features at the final layer.
As illustrated in Fig. 1, the PCA-computed features from
DINOV2 clearly distinguish between different objects (e.g.,
cars and trees), even in low-light conditions. Additionally,
we apply EVA02-CLIP with the text query ‘car’. The acti-
vation map also indicates the presence of cars but appears
incomplete. This raises an important question: how can we
combine both models to extract features that are both lo-
cally precise and text-aligned, enabling effective use of text
embeddings for improved generalization?

An intuitive idea would be to utilize both a VFM and a
VLM for training a segmentation model. However, with-
out fine-tuning, foundation models may struggle to adapt
to DGSS tasks [50] and VLM text embeddings often fail
to align with VFM features, resulting in suboptimal perfor-
mance. Fully fine-tuning both models, meanwhile, is com-
putationally prohibitive. As such, we propose to introduce
additional trainable parameters while keeping the original
ones frozen, enabling efficient adaptation. Moreover, com-
bining features from both encoders doubles the patch se-
quence length, complicating even parameter-efficient fine-
tuning methods in handling such long-range sequences.
This leads us to our second question: how can we efficiently
adapt and integrate both a VFM and a VLM for DGSS?

To this end, we propose MFuser, a novel fusion frame-
work based on the State-Space Model (SSM) that efficiently
unifies the strengths of VFMs and VLMs. SSMs [16, 66]
are well-suited for capturing long-range dependencies with
linear computational complexity, making them ideal for
jointly adapting VFMs and VLMs with minimal over-
head. Following recent advances in text-guided segmen-

tation [36, 57, 65], we build MFuser on the text-queried

Mask2Former [7] pipeline, where class text embeddings

serve as queries for the segmentation decoder, enabling

class-aware feature refinement. Specifically, we introduce

MVFuser, a Mamba-based co-adapter that jointly fine-tunes

the two Visual models. By taking concatenated patch to-

kens (features) from both models at each layer, MVFuser
models both sequential dynamics and spatial relationships
among tokens in parallel. This enables effective interaction
between the two feature types, enhancing the granularity of

VLM features while also reducing trainable parameters.

To further ensure cross-modality consistency between
the fused visual features and VLM Text embeddings, we
introduce MTEnhancer. MTEnhancer employs a hybrid
attention-Mamba architecture, leveraging the strengths of
both model families. Visual features are used as condi-
tional inputs within MTEnhancer, enabling effective se-
quence modeling that produces text embeddings closely re-
lated to visual content, resulting in image-conditioned text
embeddings. Extensive experiments across diverse DGSS
settings demonstrate that the proposed MFuser consistently
outperforms existing state-of-the-art methods, achieving su-
perior results in both synthetic-to-real and real-to-real sce-
narios. Contributions can be summarized into three aspects:
* We propose a novel fusion framework, MFuser, to col-

laborate arbitrary pairs of VFMs and VLMs for DGSS,
integrating the strengths of both without introducing sig-
nificant computational overhead.

* We present MVFuser, a Mamba-based co-adapter that en-
ables joint fine-tuning of VFMs and VLMs, bridging the
gap between these models and enhancing their comple-
mentary feature interactions. Additionally, we introduce
MTEnhancer, a hybrid attention-Mamba module that re-
fines text embeddings with visual priors, ensuring supe-
rior cross-modal consistency and robust alignment.

» Extensive experiments show the proposed MFuser con-
sistently outperforms state-of-the-art methods, achieving
68.20 mIoU on synthetic-to-real and 71.87 mIoU on real-
to-real benchmarks.

2. Related Works

Domain Generalized Semantic Segmentation Domain
Generalized Semantic Segmentation (DGSS) aims to de-
velop models capable of generalizing to unseen domains
without relying on target domain data during training.
Common approaches include meta-learning, which exposes
models to diverse tasks to learn features that are robust to
domain shifts [25]; data augmentation techniques, such as
style transfer and synthetic data creation, to introduce exten-
sive visual diversity [4]; instance normalization and whiten-
ing [21, 38, 39, 52], which encourages the model to foucs
on domain-invariant features rather than domain-specific
styles. Some works also explore to design new architec-

14528



tures based on transformers [12, 20]. Recently, increasing
attention has been paid to leveraging foundation models to
enhance generalization [37, 50, 58]. Efforts have been taken
to harness generative foundation models to creat new im-
ages [2], parameter-efficiently fine-tune VFMs [50], lever-
age textual semantics to guide invariance learning [37], etc.
However, the complementary potential of combining VFMs
and VLMs remains largely underexplored.

Foundation Models Foundation models represent a
transformative approach in deep learning, focusing on pre-
training networks on a vast collection of unlabeled images.
This pre-training equips the model with strong general rep-
resentation capabilities, allowing it to be fine-tuned effec-
tively for various downstream tasks. Initially popularized in
Natural Language Processing (NLP), this paradigm has also
drawn increasing attention in computer vision. In this pa-
per, we refer to the vision-only pre-trained models as Vision
Foundation Models (VFMs) including DINO [3] and DI-
NOv2 [35], iBOT [64], MAE [19], SAM [27], etc. Vision-
language pre-trained models are referred to as Vision Lan-
guage Models (VLMs), which include CLIP [40], EVAO2-
CLIP [15, 49], SIGLIP [60], etc. There are also generative
foundation models such as Stable Diffusion [43, 51]. We fo-
cus on effectively combining VFMs and VLMs for DGSS.

State Space Models for Visual Applications State-space
models (SSMs) [17, 47] have emerged as promising al-
ternatives for capturing long-range dependencies, offer-
ing linear scalability with sequence length. Building on
the foundational S4 model [17], which introduced deep
state-space modeling, SSMs have found applications across
a range of fields, including Natural Language Process-
ing (NLP) [33], computer vision [66], medical applica-
tions [45]. Mamba [16] extended S4 by introducing a
hardware-aware design and a selective scan mechanism,
leading to the development of a selective SSM called the
S6 model. More recently, VMamba [66] emerged as a fully
Mamba-based architecture for vision tasks, while other
studies [18] explored hybrid models combining Mamba
and transformers. Unlike previous SSM-based efforts
that primarily focus on creating entire backbone architec-
tures, we take a different approach by designing Mamba-
based adapters to efficiently fine-tune pre-trained VFMs
and VLMs. This method enhances the adaptability and
performance of VFMs and VLMs across various domains,
leveraging Mamba’s efficiency to optimize existing models
rather than training from scratch.

3. Preliminary

Domain Generalized Segmantic Segmentation Given
the source images X° = {z7}YS with corresponding
ground truth masks V5 = {y7}Ys where Ng denotes the
number of source images, and a segmentation model M,

composed of a visual encoder E followed by a segmenta-
tion decoder D, namely M = D o E, domain generalized
semantic segmentation (DGSS) aims to train the network to
generalize to unknown target domains. With the advance-
ments in foundation models, recent DGSS methods increas-
ingly leverage their strong generalization capabilities to de-
sign effective visual encoders [50, 58].

Semantic Segmentation with Text Queries Recent seg-
mentation frameworks like Mask2Former [7], utilize a
query-based mechanism where learnable object queries
serve as dynamic pointers to direct the model’s focus on
relevant regions. Building on this, recent studies have
increasingly leveraged the image-text alignment capabili-
ties of Vision Language Models (VLMs) to design text-
based queries [11, 29, 32, 36, 57, 65]. The text embed-
dings produced by VLMs have been found to be inherently
domain-invariant, capturing semantic information that re-
mains consistent across various contexts and visual styles.
This domain invariance stems from the VLM training pro-
cess, which associates textual descriptions with diverse vi-
sual inputs, effectively disentangling semantic content from
domain-specific features. The domain invariance of text
embeddings forms a basis for promoting the domain gener-
alization of visual features. In this paper, we follow a simi-
lar pipeline which utilizes the text embeddings of each class
as the queries in a Mask2Former decoder. Formally, the vi-
sual encoder E‘\/ZLM of a VLM serves as the encoder of the
segmentation model, the aligned text encoder EY"™ gen-
erates class embeddings ¢; = [t!,2, ..., t¢] for each class
label name {classy }¢_ ;. ¢; will be used to design queries
or conditional queries of the decoder [36, 57, 65].

4. Proposed Method

In this section, we introduce the Mamba-based founda-
tion models fuser (MFuser), a framework designed to in-
tegrate an arbitrary VFM with a CLIP-like VLM using a
Mask2Former decoder for DGSS. Fig. 2 illustrates the over-
all architecture of MFuser. MFuser enhances feature local-
ity while leveraging domain-invariant semantic knowledge
provided by text embeddings to effectively constrain visual
representations. The core components of this framework
include MVFuser and MTEnhancer. MVFuser jointly fine-
tunes the visual encoders of both models in a parameter-
efficient manner, fusing their features to maximize synergy.
MTEnhancer enriches the text queries by incorporating vi-
sual features, enhancing semantic alignment and feature ro-
bustness.

4.1. MVFuser

Due to the large number of parameters in the VFM and
VLM visual encoders, fully fine-tuning all parameters is im-
practical. Instead, we propose the introduction of additional
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Figure 2. Overall architecture of MFuser. MFuser takes inputs through both VFM and VLM visual encoders. Features from each encoder
layer are concatenated and refined in MVFuser, which captures sequential and spatial dependencies in parallel. The refined features are
then added back to the original features and passed to the next layer. MTEnhancer strengthens text embeddings of each class by integrating
visual features through a hybrid attention-Mamba mechanism. The enhanced text embeddings serve as object queries for the Mask2Former
decoder, alongside multi-scale visual features. During training, only MVFusers, MTEnhancers, and the segmentation decoder are trainable
while the VFM and VLM remain frozen, preserving their generalization ability and enabling efficient training. Note that skip connections

between each block of MTEnhancer are omitted for clarity.

modules, MVFuser, to refine visual features while keeping
the original encoder parameters frozen.

This design offers several advantages. First, the distinct
characteristics of the two visual encoders could be com-
promised by full fine-tuning, whereas adapter-style fine-
tuning preserves their original strengths while mitigating
their weaknesses. Second, refining features from both en-
coders through a shared MVFuser encourages effective in-
teraction between the two feature types.

Specifically, the visual encoders of VFMs and VLMs
are composed of an image tokenizer layer and N consec-
utively connected transformer blocks {B;}¥ ;. The image
tokenizer layer first converts a 2D image into flatten patch
tokens x, € RT*D  where T represents the length of the
patch sequence and D denotes the feature dimension.

Normally, x,, is input into the transformer blocks to cal-
culate features. The process is as follows:

Tl = B1(9Cp),$i = Bi(xifl)a (D

where z; is the token features output by Block B;. The

features for VFM and VLM can be denoted as =)™, and
Y™ respectively.

As stated, Y™ exhibits finer granularity, from which
xY™ can benefit through the interaction. We propose in-
serting the MVFuser at each block to bridge the two vi-
sual encoders, encouraging layer-wise interaction of the two
models. MVFuser receives both z}™ and 2} as input,
the learned feature offsets are then added back to xy™
and 2™ respectively, enabling multi-level feature refine-

ment where one MVFuser refines the features from both en-
coders:

[AzY™: AzY™] = MVFuser([z)™; zY™M]), (2)
szFM’ _ nyFM + AleFM7leLM’ _ x;/LM + Ax;/LM7 (3)

where Azy™ and AzY™ are the learned feature offsets for

VFM and VLM, respectively. z) VLM symbolize
the refined features.

MVFuser acts two roles: 1) refines Y™ and )
generate more task-specific features; 2) interacts between
two kinds of features to complement each’s weaknesses. A
natural idea to capture inter-token relationship is to employ
self-attention mechanism. However, the sequence length is
doubled with the features from the two encoders. Apply-
ing the attention mechanism in transformers for adaptation
is inefficient due to the quadratic increase in computational
complexity with token count. While introducing learnable
tokens and applying cross-attention between learnable to-
kens and patch token features can reduce this computational
cost, it struggles to capture inter-token dependencies effec-
tively. To address these challenges, we design a fusion mod-
ule based on state-space models for efficient long-range se-
quence modeling.

M’ and x,

VLM to

Core of the MVFuser The architecture of MVFuser is
shown in Fig. 2. Token features from both encoders are con-
catenated to form the input to MVFuser. Following a bottle-
neck design, MVFuser first projects the concatenated token

14530



features to a lower-dimensional space, models inter-token
dependencies, and then projects them back to the original
feature dimension.

We modify the original Mamba block to encourage the
two branches to capture the sequential dynamics and spatial
relationships respectively in parallel.

29 = S8M(conv(proj (Y™ 2YM)), )

% » g

x

(spa)
Ty i s g

= conv(proj([zy™; zY™M])). %)
Note that we omit the activation and normalization layers
for clarity. Finally, a gating mechanism is applied between
the outputs of the two branch to improve generalization, fol-
lowed by a projection layer to recover the feature dimen-
sion.

[Azy™: AzY™] = proj (a:l(-secn ® xl(-Spa)), (6)
where ® denotes the element-wise multiplication.

4.2. MTEnhancer

Text embeddings have been utilized as queries in seman-
tic segmentation by framing the task as a matching prob-
lem between representative class queries and image patch
features, or by serving as the initial object queries for
the Mask2Former decoder. This approach leverages the
domain-invariant semantic information embedded in text
to enhance the model’s ability to accurately identify and
segment relevant regions within an image [57, 65]. Un-
like previous methods, which typically assume that visual
features and text embeddings are already aligned in a pre-
trained VLM, our approach enhances the original text em-
beddings from a VLM by incorporating the fused visual pri-
ors through the proposed MTEnhancer. MTEnhancer is de-
signed to enriches text embeddings by modeling their rela-
tionships with fused image tokens.

As illustrated in Fig. 2, MTEnhancer is a hybrid archi-
tecture combining an attention block, a conditional Mamba
block, and an MLP, leveraging the strengths of diverse
model architectures. The attention block encodes inter-class
relationships, while the conditional Mamba block integrates
image tokens into the text embeddings. While the Mamba
block excels at processing long token sequences, its use in
cross-attention mechanisms remains largely unexplored. To
efficiently leverage the unidirectional scan order inherent to
Mamba, we propose concatenating two copies of text em-
beddings at both sides of the image token, together they
serve as the input of the Mamba block. Each block within
MTEnhancer is implemented with residual connections.

gt = q¢ + Attention(qy), @)
[Aqs; Azy; Agi®™] = Mamba([qs; 205 ¢, ]),  (8)
@ = qr + Age + Agi™, 9
¢t = q: + MLP(q;), (10)

where z,, represents the fused visual features output by the
encoders’ final heads. ¢; is denoted without distinguish-
ing between updates throughout the process. We adopt the
approach of using enhanced text embeddings g; as object
queries for a Mask2Former decoder [36, 57].

Training Objective We train the framework with the
prediction-level segmentation loss together with the feature-
level alignment loss. For the segmentation loss, we follow
the standard Mask2Former [7]:

Eseg = /\bceﬁbce + /\diceﬁdice + >\ClS£ClS7 (1 1)

where Lpce, Laice, Le1s Tepresent the binary cross-entropy
loss and the dice loss for the predicted masks, and the cross-
entropy loss for each queried proposal, respectively.
Additionally, we enforce a pixel-level vision-language
alignment using a pixel-text alignment loss to ensure that
textual semantics are precisely mapped to corresponding
image regions [41]. The experiments involve three VLMs:
CLIP, EVA02-CLIP, and SIGLIP. We apply SoftMax loss
for CLIP and EVA02-CLIP, and Sigmoid loss for SIGLIP,
consistent with the loss functions used during each VLM’s
original training. Therefore, the overall training loss is:

»Ctotal = »Cseg + ['align~ (12)

5. Experiments
5.1. Settings

Datasets We evaluate the performance of MFuser on both
synthetic-to-real, clear-to-adverse-weather, and real-to-real
scenarios are involved. As synthetic datasets, GTAV [42]
contains 12,403, 6,382, and 6181 images for training,
validation, and testing, respectively, at a resolution of
1914%1052. As real-world datasets, Cityscapes [10] com-
prises 2,975 images for training and 500 images for valida-
tion, with a resolution of 2048 x1024. BDD100K [59] in-
cludes 7,000 and 1,000 images for training and validation,
each at 1280x 1024 resolution. Mapillary [34] consists of
18,000 training and 2,000 validation images, with varying
resolutions across the dataset. We also include the clear-to-
adverse-weather generalization in the supplement.
Network Architecture To make a comprehensive evalu-
ation of the proposed MFuser, we employ the VFM of
DINOvV2 [35], and VLMs including CLIP [40], EVA02-
CLIP [49], SIGLIP [60]. For the segmentation decoder, we
follow tqdm [37] which modifies a standard Mask2Former
decoder by replacing the randomly initialized object queries
with the enhanced class embeddings. Thus, the text object
queries are set to 19 to match the number of classes.
Implementation Details We keep the parameters of the
VEM and VLM frozen and only train the MVFuser, MTEn-
hancer and the segmentation decoder. We use the same
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training configuration on all VLM alternatives and both
generalization setups. We also apply prompt tuning for the
text encoder, similar to [37]. All experiments are conducted
with the input size of 512x512, a batch size of 2 and learn-
ing rate of le-4. Following [37, 50], AdamW optimizer is
employed with a linear warm-up over tyarm = 1.5k itera-
tions, followed by a linear decay. Standard augmentations
for segmentation tasks are applied, including random scal-
ing, random cropping, random flipping, and color jittering.
All experiments are conducted on one 24GB RTX A5000.

5.2. Comparison with State-of-The-Art Methods

We compare our MFuser with existing DGSS methods on
two setups: synthetic-to-real (G—{C, B, M}) and real-
to-real (C—{B, M}). Three VLMs are involved together
with DINOv2, namely CLIP, EVAO2-CLIP, and SIGLIP,
all of Large types. We mainly compare with recent foun-
dation model-based approaches, including CLOUDS [2],
VLTseg [24], Rein [50], SET [58], and tqdm [37]. Several
conventional methods are also involved. We provide results
on Synthia [44] and ACDC [46] in the supplement.

Synthetic-to-Real Generalization Tab. 1 compares the
performance of the proposed MFuser with existing state-
of-the-art DGSS methods under the synthetic-to-real setup.
For each combination of the VFM and VLMs, we con-
sistently outperform the existing methods on all bench-
marks by a large margin. In particular, our MFuser with
the EVA02-CLIP model improves the G—B benchmark by
1.49 mloU. On average, we achieve 2.15 mloU better than
the state-of-the-art. Our proposed MFuser remains excel-
lent performance using different VFM and VLM combina-
tions, showing the versatility of our framework. To better
understand how the proposed MFuser improves the feature
generalization, Fig. 3 shows the qualitative comparison with
the most recent methods, Rein [50] and tqdm [37]. Our
method identifies fine-grained differences more effectively.

Real-to-Real Generalization As shown in Tab. 2, we
compare the performance of MFuser with existing state-
of-the-art DGSS methods under the real-to-real setting.
MFuser largely surpasses the existing methods with all three
VLMs. Specifically, we improve the C—B benchmark by
0.74 mloU, and the C—M benchmark by 1.7 mloU. An
overall improvement of 1.43 mloU is achieved.

5.3. In-Depth Analysis

Efficiency Analysis MVFuser is more efficient than self-
attention-based adapters, which have quadratic complexity
in modeling inter-patch relationships. To evaluate this, we
replace MVFuser with 3 self-attention-based adapters while
keeping all other components intact: self-attn(concat.):
attn(q, k, v=concat(Fvrm, Fvim)); self-attn(separate):

{attn(q=Fvrum, k, v=Fvim), attn(q=Fvrm, k, v=Fyrm) }.

Table 1. Performance comparison (mloU in %) under the
synthetic-to-real setting (G—{C, B, M}). DINOvV2 [35] is used as
the VFM for all MFuser variants, showing only the applied VLMs.
Our method is marked in gray . The best and second-best results
are highlighted in bold and underlined, respectively.

synthetic-to-real
Method Backbone GoC ‘ GoB ‘ GoM ‘ Ave.
SAN-SAW [39] | RN101 45.33 | 41.18 | 40.77 | 42.43
WildNet [28] RN101 4579 | 41.73 | 47.08 | 44.87
SHADE [61] RN101 46.66 | 43.66 | 4550 | 45.27
TLDR [26] RN101 47.58 | 44.88 | 48.80 | 47.09
FAMix [13] RN101 4947 | 46.40 | 51.97 | 49.28
SHADE [62] MiT-B5 53.27 | 48.19 | 54.99 | 52.15
IBAFormer [48] | MiT-B5 56.34 | 49.76 | 58.26 | 54.79
VLTSeg [24] CLIP-B 47.50 | 4570 | 54.30 | 49.17
CLOUDS [2] ConvNeXt-L | 60.20 | 57.40 | 67.00 | 61.50
VLTSeg [24] EVAO02-L 65.60 | 58.40 | 66.50 | 63.50
Rein [50] EVA02-L 65.30 | 60.50 | 64.90 | 63.60
Rein [50] DINOv2-L 66.40 | 60.40 | 66.10 | 64.30
SET [58] DINOv2-L 68.06 | 61.64 | 67.68 | 65.79
tqdm [37] EVA02-L 68.88 | 59.18 | 70.10 | 66.05
MFuser CLIP-L 7124 | 61.08 | 71.14 67.82
MFuser SIGLIP-L 71.10 | 61.19 | 71.71 68.00
MFuser EVA02-L 70.19 | 63.13 | 71.28 68.20

Table 2. Performance comparison (mloU in %) under the real-to-
real setting (C—{B, M}). DINOv2 [35] is used as the VFM for all
MFuser variants, showing only the applied VLMs. Our method is
marked in gray . The best and second-best results are highlighted
in bold and underlined, respectively.

real-to-real

Method Backbone B ‘ M ‘ Ave.
SAN-SAW [39] | RN101 54.73 | 61.27 | 58.00
WildNet [28] RN101 47.01 | 50.94 | 48.98
SHADE [61] RN101 50.95 | 60.67 | 55.81

HGFormer [12]
VLTSeg [24]

Swin-L 61.50 | 72.10 | 66.80
EVAO02-L 64.40 | 76.40 | 70.40

Rein [50] EVAQ2-L 64.10 | 69.50 | 66.80
Rein [50] DINOv2-L | 65.00 | 72.30 | 68.65
SET [58] DINOv2-L | 65.07 | 75.67 | 70.37
tqdm [37] EVAO02-L 64.72 | 76.15 | 70.44
MFuser SIGLIP-L | 65.44 | 77.97 | 71.71
MFuser CLIP-L 65.58 | 78.10 | 71.84
MFuser EVAQ02-L 65.81 | 77.93 | 71.87

Table 3. Efficiency analysis. The experiments are conducted with
DINOv2 and EVA02-CLIP models under the G—{C, B, M} set-
tings. The best results are highlighted in bold.

Params. M) FLOPs(G) C B M Avg

self-attn (concat.) 4.20 98.64 70.24 62.31 71.11 67.89
self-attn (separate) 8.40 71.08 69.68 61.91 70.85 67.48
bi-deform-attn 3.35 34.65 69.46 61.17 70.11 66.91
MVFuser 1.67 17.21 70.19 63.13 71.26 68.19
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Figure 3. Qualitative results on unseen target domains under the G—{C, B, M} setting. MFuser is compared with Rein [50] and tqdm [37].

bi-deform-attn applies self-attn(concat.) using bidi-
rectional deformable self-attention from Deformable
DETR [67]. Tab. 3 summarizes efficiency and results,
with parameters and FLOPs per adapter (using DeepSpeed
package, batch size=2). MVFuser achieves the best while
significantly reducing parameters and FLOPs.

Foundation Model Ensemble It is natural to consider
ensembling multiple foundation models to enhance per-
formance. To rigorously assess the effectiveness of the
proposed MFuser, we address the following questions: 1)
Is simply combining multi-encoder features sufficient to
achieve the desired results? 2) Can any parameter-efficient
fine-tuning method alone achieve comparable results?

To answer the first question, we replaced the MVFuser
with a simple concatenation of features from the VFM and
VLM visual encoders. We also evaluated using only the
VFM or VLM visual features independently. As shown
in Tab. 4, merely concatenating the features from both en-
coders does not yield satisfactory results and even performs
worse than using only VFM or VLM features alone. This
occurs because the frozen VFM features are not aligned
with the text queries when both are input into the decoder.
Additionally, the alignment between VLM visual features
and text queries is compromised when the VLM features
are mixed with the VFM features.

Furthermore, fully fine-tuning both encoders is challeng-
ing. For example, fully fine-tuning the EVAO2-CLIP vi-
sual encoder alone requires 4x80GB A100 GPUs for 20
hours, as reported in [37], which imposes a significant com-
putational burden—Iet alone the cost of fine-tuning two en-
coders simultaneously. Alternatively, our MFuser keeps the
original VFM and VLM parameters fixed and introduces an
additional fusion block, MVFuser, which acts as a bridge
between the two foundation models. By optimizing only the
MVFuser, we not only adapt the features of both encoders

Table 4. Ablation studies on the vision feature fusion under the
G—{C, B, M} setting. DINOv2 and EVA02-CLIP are applied
as the VFM and the VLM, respectively. w.o finetune: directly
concatenate features of the two encoders; Conv: utilize convolu-
tion layers for fusion; Cross-Attention: implement cross-attention
in [50] for fusion. The best results are highlighted in bold.

FusionChoice | C | B | M | Avg
VEFM-only 67.68 | 60.82 | 66.89 | 65.13
VLM-only 68.26 | 60.02 | 70.18 | 66.15
w.o Fintune 66.96 | 58.88 | 68.25 | 64.70

Convolution 69.28 | 61.45 | 69.78 | 66.83
Cross-Attention | 69.67 | 60.52 | 70.43 | 66.87
Sep. MVFuser | 69.57 | 62.88 | 70.59 | 67.68
MVFuser 70.19 | 63.13 | 71.28 | 68.20

to be more effective but also facilitate interactions between
them. Consequently, our method provides a more efficient
and effective approach for promoting DGSS with founda-
tion models, achieving the best performance with only 15
hours of training on a single 24GB GPU. Fig. 4 shows that
our proposed MVFuser significantly improves the localiza-
tion and robustness of the features.

To answer the second question, we implement two al-
ternative adapters to fine-tune the two encoders, based on
convolution and attention mechanisms, respectively. For the
convolution-based adapter, we first reshape the 1D patch se-
quence into a 2D feature map and then employ an architec-
ture similar to the spatial branch of the MVFuser, replac-
ing 1D convolutions with 2D convolutions. The attention-
based adapter reimplements Rein [50] to jointly fine-tune
both encoders using a single set of learnable tokens through
cross-attention. We do not include a self-attention-based
adapter due to its quadratic computational cost with re-
spect to the number of tokens, which makes it impracti-
cal. As shown in Table 4, our Mamba-based MVFuser
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