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DFormer++: Improving RGBD Representation
Learning for Semantic Segmentation
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Abstract—We explore the potential of pretrain-and-finetune manner on the RGB-D semantic segmentation to solve the common
mismatch problem in this field. Specifically, we present DFormer++, a novel RGB-D pretrain-and-finetune framework to learn
transferable representations for RGB-D semantic segmentation. This paper has two vital innovations. 1) Framework perspective:
Different from the existing methods that finetune RGB pretrained backbone to the RGB-D scenes, we pretrain the backbone using
image-depth pairs from ImageNet-1K, and hence the model is endowed with the capacity to encode RGB-D representations; 2)
Architecture perspective: Our model comprises a sequence of RGB-D attention blocks, which are tailored for encoding both RGB and
depth information through a novel attention mechanism. Our DFormer++ avoids the mismatched encoding of the 3D geometry
relationships in depth maps by RGB pretrained backbones, which widely lies in previous works but has not been resolved. Meanwhile,
the tailored architecture greatly reduces redundant parameters for encoding RGB-D data and achieves efficient and accurate
perception. Experimental results show that our DFormer++ achieves new cutting-edge performance on three popular RGB-D semantic
segmentation benchmarks. Our code is available at: https://github.com/VCIP-RGBD/DFormer.

Index Terms—Depth; RGB-D representation learning; pretraining-and-finetuning; attention mechanism.

✦

1 INTRODUCTION

W ITH the widespread use of 3D sensors, RGB-D data
is becoming increasingly available to access. The

geometric information within the depth maps is of great
benefit for distinguishing instances and context. The RGB-D
research is vital for robust high-level scene understanding.
Meanwhile, RGB-D data also presents considerable poten-
tial in a large number of applications, e.g., SLAM [50],
automatic driving [30], and robotics [39]. Therefore, RGB-D
research has attracted great attention in the past few years.

Current mainstream RGB-D methods adopt RGB pre-
trained backbone to process the RGB-D scenes. The left
part of Fig. 1 shows the pipeline of this type of approach.
As can be seen, two individual RGB pretrained backbones
are used to extract the features of the RGB images and
depth maps. Interactions between the features of RGB and
depth maps are performed between the two backbones.
Current state-of-the-art methods [53], [62] have achieved ex-
cellent performance on several RGB-D benchmark datasets,
but there are still three important issues that cannot be
ignored. i) Mismatch between pretraining and finetuning:
The backbone in the RGB-D downstream tasks takes an
image-depth pair as input, inconsistent with the pretraining
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Fig. 1. Comparisons between the existing popular pretrain-and-
finetune pipeline and ours for RGB-D segmentation. RGB pre-
training: Recent mainstream methods adopt two RGB pre-
trained backbones to separately encode RGB and depth infor-
mation and fuse them. RGB-D pretraining: The RGB-D back-
bone in DFormer++ learns transferable RGB-D representations
during pretraining and then is finetuned for segmentation.

process that takes only RGB images as input, causing a
huge representation distribution shift; ii) Interference on the
backbone: Interactions are densely performed between the
RGB branch and depth branch during finetuning, which
may destroy the representation distribution when using the
RGB pretrained backbone. iii) Redundant parameters and
computation cost. The dual backbones in RGB-D networks
bring more computational cost compared to the standard
RGB methods, which is not efficient. We argue that the main
reason for these issues is that depth clues are not considered
during pretraining.

Taking the above issues into account, a straightforward
question arises: Is it possible to specifically design an RGB-D
pretraining framework to eliminate this gap? This motivates
us to present a novel RGB-D pretraining framework in our

https://github.com/VCIP-RGBD/DFormer
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Fig. 2. Performance vs. computational cost on the NYU Depth
v2 dataset [45]. DFormer++ achieves the state-of-the-art 59.0%
mIoU and the best trade-off compared to other methods.

conference version [60], as shown in the right part of Fig. 1.
During the pretraining period, we consider taking image-
depth pairs1, rather than relying solely on RGB images, as
input and propose to build interactions between RGB and
depth features within the building blocks of the encoder. In
this way, the inconsistency issue between the mismatch in-
puts of pretraining and finetuning can be naturally avoided.

In this paper, we further analyze the RGB-D pretraining
framework through additional experiments, including in-
vestigating the effect of different depth estimation methods
for the pretraining and exploring the rationale for incorpo-
rating depth information. To alleviate the heavy computa-
tion burdens of processing RGB-D scenes, our conference
version presents an RGB-D block consisting of global, local,
and base modules to construct an efficient and effective
RGB-D model. This work improves the hybrid fusion block
to a unified depth-guided attention block to construct our
DFormer++. We leverage depth features to guide the en-
hancement of RGB features, enabling simultaneous RGB-D
feature fusion, thereby eliminating the need for a separate
RGB-only encoding module.

DFormer++ demonstrates further improvements com-
pared to the conference version. We observe that the depth
information only needs a small portion of channels to en-
code. There is no need to use a whole pretrained backbone
to extract depth features as done in previous works. Since
the feature interactions between RGB images and depth
images begin during the pretraining stage, the efficiency
of these interactions can be largely improved compared to
previous works, as demonstrated in Fig. 2. To track recent
developments in the field and make fair and reasonable
comparisons, we also introduce and discuss more recent
published algorithms.

To validate the effectiveness of DFormer++, we perform
extensive experiments on three widely-used RGB-D seman-
tic segmentation benchmarks, i.e., NYU Depth v2 [45], SUN-

1. For depth maps, we employ a popular depth estimation model [58]
to predict the depth map for each RGB image, which we found works
well.

RGBD [46], and Stanford2D3D [2]. Compared to the confer-
ence version, we expand our experiments to include Stan-
ford2D3D [2], a large-scale RGB-D segmentation dataset, to
further validate the effectiveness of our method. By integrat-
ing a lightweight decoder on top of our pretrained RGB-D
backbone, the proposed DFormer++ achieves new state-of-
the-art records with less computational cost compared to
previous methods. Notably, our largest model, DFormer++-
Base, achieves a result of 59.0% mIoU on NYU Depth v2
while maintaining lower computational cost. Meanwhile,
our lightweight model, DFormer++-Tiny, achieves 57.0%
mIoU on NYU Depth v2 with merely 17.3M parameters
and 29.5G MACs. Among all the benchmarks, our approach
achieves the best trade-off between segmentation perfor-
mance and computations compared to other recent models.

To sum up, our main contributions can be summarized
as follows:

• We present a novel RGB-D pretraining framework,
termed DFormer++, to alleviate the mismatch issue
between pretraining and finetuning and avoid the
distribution shift.

• We propose a depth guided attention module to fuse
the RGB and depth features to provide transferable
representations for RGB-D downstream tasks.

• We found that in our framework it is enough to
use a small portion of channels to encode the depth
information compared to RGB features, an effective
way to reduce model size.

A preliminary version of this work appeared in [60]. In
this journal version, we make a substantial revision along
four axes: (1) Architecture. We replace the three-branch
CNN–Transformer hybrid fusion block with a unified
depth-guided attention that fuses and encodes within at-
tention, removing the separate RGB-only branch and reduc-
ing redundancy while improving the accuracy–efficiency
trade-off; (2) Technical details and analyses. We provide
the full RGB-D pretraining protocol (data construction, ob-
jectives, schedules), systematically compare three decoding
manners, and add distribution-shift diagnostics to clar-
ify design choices; (3) Expanded experiments. We eval-
uate on large-scale and diverse real-world datasets (e.g.,
Stanford2D3D [2], Cityscapes [14]), test RGB–LiDAR and
RGB–Thermal variants, and study pretraining with multi-
ple depth estimators; (4) Updated comparisons and deeper
analysis. We incorporate more recent state-of-the-art meth-
ods and provide more ablations and visualizations. Overall,
the proposed framework provides a more principled fusion
mechanism, richer technical exposition, and broader empir-
ical validation than the conference version.

2 RELATED WORK

2.1 RGB-D Semantic Segmentation
Recently, the rise of deep learning technologies (e.g.,
CNNs [26], and Transformers [33], [48]) has made signif-
icant progress in scene parsing [57], [59], [64], one of the
most important pursuits of computer vision. The current
deep learning methods achieve excellent performance on
various scene perception tasks, such as classification [15],
[27], [36], [37], semantic segmentation [13], [22] and object
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detection [11]. However, in the challenging scenes from the
real world [34], [47], they still struggle to obtain accurate
perception, as they only focus on RGB images that provide
them with distinct colors and textures but neglect 3D geo-
metric information. Considering these limitations within vi-
sual images, researchers integrate images with depth maps
for a more comprehensive and robust understanding of real-
world scenes.

Semantic segmentation aims to produce per-pixel cat-
egory prediction across a given scene. Given the supple-
mentary depth maps, researchers have conducted a lot of
investigation in building fusion modules to bridge the RGB
and depth features extracted by two parallel pretrained
backbones to achieve the interaction and alignment between
them. For instance, methods like CMX [61], Sigma [49], and
Geminifusion [31] dynamically fuse RGB-D representations
in RGB and depth encoders and aggregate them in the
decoder. In the RGB-D semantic segmentation task, a series
of works introduces the evolution of fusion manners and
significantly extends the performance boundaries. Never-
theless, they still face three common issues: (1) mismatching
problem in pretraining and finetuning; (2) interference on
the pretrained RGB backbone; (3) redundant computational
burden caused by the dual backbone architecture.

Another line of methods focuses on the design of opera-
tors [6], [8], [51], [56] to encode complementary information
from images and depth maps. For example, methods like
ShapeConv [6], and SGNet [8] propose depth-aware convo-
lutions, which enable efficient RGB features and 3D spatial
information integration to largely enhance the capability
of perceiving geometry. These methods are efficient, but
the improvement is usually limited due to the insufficient
utilization of the 3D geometry information involved in the
depth modal. In general, these two mainstream paradigms
are not sufficient to process RGB-D scenes efficiently and
accurately.

2.2 Multi-Modal Learning

The pretrain-and-finetune paradigm, which has achieved
great success in natural language processing and com-
puter vision, has now been extended to the multi-modal
domain. The resulting transferable representations have
demonstrated exceptional performance across a broad range
of downstream tasks. Existing multi-modal learning meth-
ods encompass a wide array of modalities, such as image
and text [7], [12], [40], [55], [63], text and video [1], text
and 3D mesh [65], image, depth, and video [21]. From
the modality encoding perspective, these methods can be
mainly categorized into two groups, i.e., multi- and joint-
encoder ones. Specifically, the multi-encoder methods ex-
ploit multiple encoders to independently project the inputs
in different modalities into a common space and minimize
the distance or perform representation fusion between them.
For example, methods like CLIP [40] and VATT [1] employ
several individual encoders to embed the representations
in different modalities and align them via a contrastive
learning strategy. In contrast, the joint-encoder methods
simultaneously input different modalities and use a multi-
modal encoder based on attention mechanisms to model
joint representations. For instance, MultiMAE [3] adopts
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Fig. 3. Detailed structure of the RGB-D block in our conference version.

a unified transformer to encode the tokens with a fixed
dimension that are linearly projected from a small subset of
randomly sampled multi-modal patches and multiple task-
specific decoders to reconstruct their corresponding masked
patches by attention mechanisms separately. Earlier works
such as ESANet [43], EMSANet [42], and EMSAFormer
[18] have explored RGB-D pretraining or multi-task learn-
ing for semantic segmentation. However, these approaches
typically rely on fully synthetic RGB-D corpora with a
pronounced domain gap to real indoor scenes, or pseudo or
weak modality pairings or comparatively small-scale, task-
specific pretraining regimes that limit generalization.

In this paper, we propose DFormer++, a novel frame-
work that achieves RGB-D representation learning in a pre-
training manner to maintain consistency within pretraining
and finetuning. We are among the first to encourage the
semantic cues from RGB and depth modalities to align
together by the explicit supervision signals of classifica-
tion, yielding transferable representations for RGB-D down-
stream tasks.

2.3 Multi-Modal Fusion
The process of RGB-D multi-modal fusion involves har-
nessing 3D geometry information within depth maps to
enrich associated details, thereby exceeding the capabilities
of their unimodal counterparts. As attention mechanism has
achieved great success in various vision tasks [28], [44],
recently, using attention-based methods to perform multi-
modal fusion has become a new trend. ACNet [29] proposes
an Attention Complementary Module (ACM) to enable the
multimodal fusion between the RGB and depth branches.
CMX [61] designs a Cross-Modal Feature Rectification Mod-
ule to build connections between the RGB branch and depth
branch and deploys a Feature Fusion Module to perform
the exchange of long-range contexts before the decoder.
GeminiFusion [31] proposes a pixel-wise fusion approach
that capitalizes on aligned cross-modal representations. In
this paper, we propose a depth guided attention block
that performs the multi-modal fusion at local and global
regions. This feature enables each token on the feature map
to utilize the geometry clues to identify which object each
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pixel belongs to in the local regions and capture the object
semantics in the global regions.

3 DFORMER++
In this section, we first revisit the building block of our
conference version in Sec. 3.1 and then describe the core
component of our model, i.e., the proposed depth guided
attention mechanism, in Sec. 3.2. Then, we present the over-
all architecture of our RGB-D encoder in Sec. 3.3. Finally,
we present the details of our RGB-D pretraining and how
to finetune the pretrained model to downstream tasks in
Sec. 3.4 and Sec. 3.5.

3.1 Revisiting DFormer Block
The building block within DFormer is mainly composed
of the global awareness attention (GAA) module, the local
enhancement attention (LEA) module, and a base module,
as shown in Fig. 3. GAA incorporates depth information
and aims to enhance the capability of object localization
from a global perspective, while LEA adopts a large-kernel
convolution to capture the local clues from the depth fea-
tures, which can refine the details of the RGB representa-
tions. Different from the self-attention mechanism [48] that
introduces quadratic computation growth as the pixels or
tokens increase, the Query (Q) in GAA is down-sampled to
a fixed size k × k and hence the computational complexity
can be reduced. So, Q comes from the concatenation of the
RGB features Xrgb and depth features Xd, while key (K)
and value (V ) are extracted from RGB features. Based on the
generated Q ∈ Rk×k×C , K ∈ Rh×w×C , and V ∈ Rh×w×C ,
where h and w are the height and width of features in the
current stage, C is the channel number, we formulate the
GAA as follows:

XGAA = UP(V · Softmax(
Q⊤K√
Cd

)), (1)

where UP(·) is a bilinear upsampling operation that con-
verts the spatial size from k × k to h× w.

The LEA module captures local details and is regarded
as a supplement to the GAA module. Unlike most previ-
ous works that use addition or concatenation to fuse the
RGB features and depth features, we conduct a depth-wise
convolution with a large kernel on the depth features and
use the resulting features as attention weights to reweigh
the RGB features via a simple Hadamard product inspired
by [27]. The calculation process of can be defined as follows:

XLEA = DConvk′×k′ (Linear(Xd))⊙ Linear(Xrgb), (2)

where DConvk′×k′ is a depth-wise convolution with kernel
size k

′ × k
′

and ‘⊙′ is the Hadamard product. To preserve
the diverse appearance information, we also build a base
module to transform the RGB features Xrgb to XBase:

XBase = DConvk′×k′ (Linear(Xrgb))⊙ Linear(Xrgb), (3)

where the resulting features XBase has the same spatial size
as XGAA and XLEA. Finally, these three features are fused
together by concatenation and linear projection to generate
the output features.

While this RGB-D block shows good performance by
leveraging cross-attention for global interaction, convolu-
tions for local modality fusion, and a dedicated RGB branch
for preserving color features, its multi-branch design in-
troduces computational redundancy and may limit the full
potential of depth-guided feature learning. To address these
limitations, we propose a unified depth guided attention
that can better achieve local and global interactions. Using
depth information as a guide signal, our approach enables
the attention mechanism within our DFormer++ to dy-
namically focus on spatially relevant regions, thus further
enhancing overall segmentation accuracy and efficiency.
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Fig. 5. Overall architecture of the proposed DFormer++. First, we use the pretrained DFormer++ to encode the RGB-D data. Then,
the features from the last three stages are concatenated and delivered to a lightweight decoder head for final prediction. Note that
only the RGB features from the encoder are used in the decoder.

3.2 Depth Guided Attention

Leveraging the complementary roles of depth at different
granularities, our method enables RGB–D interactions be-
tween fine-grained local tokens and summarized global
tokens within a unified attention block. At the local level,
depth provides precise geometric cues that sharpen object
boundaries and near-field spatial relations, which is cru-
cial for separating adjacent objects or surfaces with sim-
ilar appearance but different depths. At the global level,
depth captures the overall scene layout and high-level se-
mantics, supplying long-range contextual constraints that
disambiguate category assignments. By jointly integrating
local geometry and global structure, the proposed fusion
better exploits depth as a complementary signal to RGB,
thereby improving multi-modal representation quality and
yielding stronger scene understanding performance without
the need of base modules in the conference version.

Our attention mechanism is composed of a depth guided
local attention and a depth guided global attention, as
shown in Fig. 4. In each block, given the input RGB features
Xrgb with C channels and depth features Xd with Cd

channels, we now focus on the operations conducted on
a single token for the two modalities. In the depth guided
local attention module (DGLA), the calculation is performed
in a local window with a size of l × l which is centered at
the focused token. We project RGB and depth features to
obtain the Q, K, V embeddings for RGB and depth, denoted
as Qrgb, Qd, Krgb, Kd, V rgb, V d. The local windows in the
K and V embeddings are denoted as Krgb

l , Kd
l , V rgb

l , V d
l , re-

spectively. Linear projections preserve the dimensionality C
for RGB features but transform depth features from Cd to C ,
enabling seamless multi-modal fusion. Here, we empirically
found that a simple addition operation performs well for
fusing the embeddings from the two modalities. Thus, the
fused embeddings are computed as: Qfuse = Qrgb + Qd,
Kfuse

l = Krgb
l + Kd

l , V fuse
l = V rgb

l + V d
l . Based on the

generated Qfuse, Kfuse
l and V fuse

l , we formulate the DGLA
as follows:

XDGLA = V fuse
l · Softmax(

Qfuse⊤Kfuse
l√

C
+B), (4)

where B means the learnable position bias.

In the depth guided global attention module (DGGA),
the calculation is conducted between the focused token and
all the coarse-grained tokens. The RGB and depth tokens
Xrgb and Xd are down-sampled to form the coarse-grained
tokens. Then we use the coarse-grained RGB and depth
tokens to generate the global Key and Value, i.e., Krgb

g , Kd
g ,

V rgb
g , and V d

g . The fused global embeddings can be gener-
ated as follows: Kfuse

g = Krgb
g +Kd

g , V fuse
g = V rgb

g + V d
g .

The DGGA can be formulated as follows:

XDGGA = V fuse
g · Softmax(

Qfuse⊤Kfuse
g√

C
+B). (5)

Finally, we add the local tokens XDGLA and global tokens
XDGGA together and project the resulting tokens to gener-
ate the output depth and RGB tokens.
Complexity analysis. Let N be the number of spatial tokens,
C and Cd the channel dimensions for RGB and depth, l ×
l the local window size in DGLA, and G the number of
pooled global tokens in DGGA (with G ≪ N and l fixed
across resolutions). For each query, DGLA attends to l2 local
tokens (cost O(C l2)) and DGGA attends to G global tokens
(cost O(C G)). Across all N queries, the joint attention cost
is:

O
(
N C (l2 +G)

)
,

which is linear in N since l2 and G are resolution-
independent constants. The attention map memory is like-
wise O(N(l2 + G)). Modality-specific Q/K/V projections
introduce O

(
N (C2 + CCd)

)
multiply-adds, shared by all

attention variants and thus omitted for relative compar-
ison. It illustrate advantages over the prior works: (1)
Concatenation + global self-attention over (2N) fused to-
kens: O

(
(2N)2C

)
= O(4N2C) (quadratic). (2) Bidirectional

cross-attention (RGB↔Depth): two passes of O(N2C) each
⇒ O(2N2C) (quadratic). (3) Local-only fusion (no global
context): O(NCl2) (linear but context-limited). (4) Full
global self-attention per modality + late fusion: 2×O(N2C)
+ fusion overhead (quadratic). Our DGLA+DGGA attains
a hybrid receptive field (fine local + coarse global) while
remaining O

(
NC(l2 +G)

)
-a strict reduction from quadratic

baselines without discarding global cues.
Advantage and feature analysis. We replace the three-
branch CNN–Transformer hybrid with a unified depth-
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Fig. 6. Three different decoding manners. Left: RGB and depth features that generated at the last three stages of the encoder are
fused together and then sent to the decoder. Middle: RGB and depth features are sent to the decoder. Right: Only RGB features
are sent to the decoder.

guided attention that projects RGB/depth to Q/K/V and
fuses once inside attention, removing the RGB-only base
branch and conv fusion while residual routes and adap-
tive weights preserve RGB fidelity and down-weight depth
when unnecessary. With fixed size, the paths have lin-
ear pixel complexity; addition avoids concat’s channel
inflation/projection and Hadamard’s gating/conv over-
head, and allocating fewer depth channels reduces acti-
vations—yielding a more identifiable, optimization-stable
module with a superior accuracy–efficiency trade-off. In our
attention module, the depth clues are utilized at fine-grained
local and coarse-grained global regions to help distinguish
which object each pixel belongs to and perceive the ge-
ometry relationship between different objects. This feature
enables our model to utilize depth maps from different
perspectives and achieve more accurate scene perception.
Besides, all the adopted fusion operations including embed-
dings addition, DGLA in a fixed window, and DGGA in a
fixed pool size are performed in a linear complexity mode.
With our efficient and effective RGB-D attention modules,
the model can conduct information interaction in each block
with an affordable computation burden.

3.3 Overall Architecture

Fig. 5 illustrates the overall architecture of our DFormer++.
The hierarchical encoder is composed of four stages, which
are utilized to generate multi-scale RGB-D features. Each
stage contains a stack of depth guided attention blocks.
Two convolutions with kernel size 3 × 3 and stride 2 are
used to down-sample RGB and depth features, respectively,
between two consecutive stages.

Given an RGB image and the corresponding depth map
with spatial size H ×W , they are first separately processed
by two parallel stem layers consisting of two convolutions
with kernel size 3 × 3 and stride 2. Then, the RGB features
and depth features are fed into the hierarchical encoder to
encode multi-scale features at {1/4, 1/8, 1/16, 1/32} of the
original image resolution. In stage 4, as the feature map size
has been reduced to H

32×
W
32 , the feature pooling module can-

not function properly. We perform the multi-modal fusion at
the whole regions without pooling, the modification in the
last stage is widely adopted in perception models [52]. Next,
we pretrain this encoder using the image-depth pairs from
ImageNet-1K using the classification objective to generate
the transferable RGB-D representations. Finally, we send
the visual features from the pretrained RGB-D encoder to

the decoder to produce predictions, e.g., segmentation maps
with a spatial size of H ×W .

We empirically observe that encoding depth features
requires fewer parameters compared to the RGB ones due
to their less semantic information, which is verified and
illustrated in detail in the supplementary materials. To re-
duce model complexity in our RGB-D block, we use a small
portion of channels to encode the depth information. Based
on the configurations of the RGB-D blocks in each stage,
we design a series of DFormer++ encoder variants, termed
DFormer++-Tiny, DFormer++-Small, and DFormer++-Base,
respectively, with the same architecture but different model
sizes. For detailed configuration, readers can refer to sup-
plementary. DFormer++-Tiny is a lightweight encoder for
fast inference, while DFormer++-Base is the largest one for
receiving better performance.

3.4 RGB-D Pretraining
The purpose of RGB-D pretraining is to endow the backbone
with the ability to achieve the interaction between RGB and
depth modalities and generate transferable representations
with rich semantic and spatial information. To this end, we
first apply a depth estimator, e.g., Depth anything [58], on
the ImageNet-1K dataset [41] to generate a large number
of image-depth pairs. Then, we add a classification head
on the top of the RGB-D encoder to build the classification
network for pretraining. Particularly, the RGB features from
the last stage are flattened along the spatial dimension and
fed into the classifier head. In addition, we empirically
found that the different depth estimators for generating
depth maps have little effect on the downstream tasks after
finetuning. The details are given in the experiment section.
The standard cross-entropy loss is used as our optimiza-
tion objective, and the network is pretrained on RGB-D
data for the commonly used pretraining durations, i.e., 300
epochs. Following previous works [23], [37], the AdamW
optimizer [38] with learning rate 1e-3 and weight decay 5e-
2 is used and the batch size is set to 1024.

3.5 Task-Specific Decoder
In RGB-D segmentation models [31], [49], [61], [62], their
encoders are mostly pretrained on ImageNet. To capture the
multi-level features, a decoder is usually necessary, which is
built upon the encoder. In this paper, we explore three de-
coding paradigms on the encoder features, which have been
shown in Fig. 6. The first paradigm, mostly adopted in RGB-
D segmentation models like CMX [61], first fuse the RGB
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TABLE 1
Results on NYU Depth v2 [45] and SUN-RGBD [46]. We split the models to three sets according to the parameters. Some

methods do not report the results or settings on the SUN-RGBD datasets, so we reproduce them with the same training config. †

indicates our implemented results. All the backbones are pre-trained on ImageNet-1K. We calculate the MACs for all the models
using the same testing code.

Model Backbone Params NYU Depth v2 SUN-RGBD Code
Input size MACs mIoU Input size MACs mIoU

Omnivore22 [21] Swin-T 28.9M 480× 640 28.6G 49.7 530× 730 — — Link
TokenFusion22 [53] MiT-B2 26.0M 480× 640 54.9G 53.3 530× 730 70.7G 50.3† Link
DFormer-T24 [60] DFormer-T 6.0M 480× 640 14.7G 51.8 530× 730 18.9G 48.8 Link
DFormer-S24 [60] DFormer-S 18.7M 480× 640 28.7G 53.6 530× 730 37.0G 50.0 Link
DFormer-B24 [60] DFormer-B 29.5M 480× 640 45.3G 55.6 530× 730 58.4G 51.2 Link
DFormer++-Tiny DFormer++-T 17.3M 480 × 640 29.5G 57.0 530× 730 39.3G 51.5 Link

ESANet21 [43] ResNet-34 47.0M 480× 640 45.1G 50.3 480× 640 34.9G 45.0 Link
EMSANet22 [42] ResNet-34 46.9M 480× 640 45.1G 51.0 530× 730 58.7G 48.4 Link
TokenFusion22 [53] MiT-B3 45.9M 480× 640 94.0G 54.2 530× 730 121.6G 51.0† Link
Omnivore22 [21] Swin-S 50.6M 480× 640 56.0G 52.7 530× 730 — — Link
DFormer-L24 [60] DFormer-L 39.0M 480× 640 69.3G 57.2 530× 730 89.2G 52.5 Link
AsymFormer24 [16] B0+Conv-T 33.0M 480× 640 39.4G 55.3 530× 730 52.6G 49.1 Link
Sigma24 [49] VMamba-T 48.3M 480× 640 89.5G 53.9 480× 640 89.5G 50.0 Link
DFormer++-Small DFormer++-S 37.2M 480 × 640 56.4G 58.1 530× 730 74.6G 52.7 Link

ACNet19 [29] ResNet-50 115.6M 480× 640 115.6G 48.3 530× 730 150.6G 48.1 Link
SGNet20 [8] ResNet-101 64.7M 480× 640 108.5G 51.1 530× 730 151.5G 48.6 Link
SA-Gate20 [9] ResNet-101 110.9M 480× 640 192. 6G 52.4 530× 730 248.7G 49.4 Link
CEN20 [54] ResNet-101 118.2M 480× 640 617.9G 51.7 530× 730 789.2G 50.2 Link
CEN20 [54] ResNet-152 133.9M 480× 640 663.3G 52.5 530× 730 848.3G 51.1 Link
ShapeConv21 [6] ResNext-101 106.8M 480× 640 168.4G 51.3 530× 730 217.8G 48.6 Link
FRNet22 [68] ResNet-34 87.8M 480× 640 109.5G 53.6 530× 730 142.7G 51.8 Link
PGDENet22 [67] ResNet-34 107.4M 480× 640 162.9G 53.7 530× 730 212.2G 51.0 Link
MultiMAE22 [3] ViT-B 95.4M 640× 640 403.8G 56.0 640× 640 403.8G 51.1† Link
Omnivore22 [21] Swin-B 90.1M 480× 640 99.5G 54.0 530× 730 — — Link
CMX22 [61] MiT-B2 66.6M 480× 640 66.9G 54.4 530× 730 85.9G 49.7 Link
CMX22 [61] MiT-B4 139.9M 480× 640 134.0G 56.3 530× 730 173.2G 52.1 Link
CMX22 [61] MiT-B5 181.1M 480× 640 167.5G 56.9 530× 730 216.9G 52.4 Link
CMNeXt23 [62] MiT-B4 116.6M 480× 640 131.4G 56.9 530× 730 169.6G 51.9† Link
GeminiFusion24 [31] MiT-B3 75.8M 480× 640 138.2G 56.8 530× 730 179.0G 52.7 Link
Sigma24 [49] VMamba-S 69.8M 480× 640 138.9G 57.0 480× 640 138.9G 52.4 Link
DFormer++-Base DFormer++-B 66.7M 480 × 640 97.5G 59.0 530× 730 129.0G 53.0 Link

and depth features at each stage and then send the fused
features to the decoder. The second paradigm, adopted in
MultiMae [3], sends the RGB and depth features from the
encoder to the decoder together. Our DFormer++ only sends
the enhanced RGB features to the decoder as shown in the
right part of Fig. 6. Through experiments, we found that our
decoder is the most efficient decoding manner and is ade-
quate to achieve good perception of the RGB-D scenes with
our DFormer++ encoder. Specifically, our decoder only uses
the Xrgb features, while other methods [53], [61], [62] mostly
design modules that fuse both modalities features Xrgb and
Xd for final predictions. We argue that our DFormer++
achieves better interaction between RGB-D clues compared
to previous works and there is no need to incorporate depth
features in the decoder. We show that our Xrgb features
can efficiently extract the 3D geometry clues from the depth
modality thanks to our powerful RGB-D pretrained encoder
in our experiments. Delivering the depth features Xd to the
decoder is not necessary.

For the applications of our DFormer++ to downstream
tasks, we adopt the right decoding paradigm in Fig. 6 and
use a lightweight decoder head on the top of the pretrained
RGB-D backbone to build the task-specific network. Af-
ter finetuning on corresponding benchmark datasets, the
task-specific network is able to generate great predictions,
without using extra designs, like fusion modules [9], [61].

TABLE 2
Results on Stanford2D3D [2] dataset.

Model Backbone Params MACs mIoU

Depth-aware CNN [51] VGG-16 47.0M – 39.5
MMAF-Net-152 [19] ResNet-152 122.3M 134.4G 52.9
Shapeconv-101 [6] ResNet-101 106.8M 126.3G 60.6
CMX [61] MiT-B2 66.6M 50.2G 61.2
CMX [61] MiT-B4 139.9M 100.5G 62.1
DFormer++-T Ours-T 17.3M 21.5G 60.6
DFormer++-S Ours-S 37.2M 41.3G 62.1
DFormer++-B Ours-B 66.7M 72.1G 63.8

Specifically, we adopt a lightweight Hamburger head [20] to
aggregate the multi-scale RGB features from the last three
stages of our pretrained encoder.

4 EXPERIMENTS

4.1 RGB-D Semantic Segmentation

Datasets & implementation details. Following the common
experiment settings of RGB-D semantic segmentation meth-
ods [22], [57], we finetune and evaluate our DFormer++ on
three widely used datasets, i.e., NYU Depth v2 [45], SUN-
RGBD [46], and Stanford2D3D [2]. NYU Depth v2 contains
1,449 RGB-D images with size 480 × 640, divided into
795 training images and 654 test images with annotations
on 40 semantic categories. SUN-RGBD has 10,335 RGB-D
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TABLE 3
Comparison with other state-of-the-art methods on Cityscapes [14]. We

adopt the same training and testing settings as CMX [61].

Depth estimtor Params MACs mIoU

ESANet [43] 46.9M 45.1G 80.0
SA-Gate-ResNet101 [9] 110.9M 192.6G 81.7
CMX-B2 [61] 66.6M 67.6G 81.6
CMX-B4 [61] 139.9M 134.3G 82.6
DFormer++-T 17.3M 29.5G 81.8
DFormer++-S 37.2M 56.4G 83.0
DFormer++-L 66.7M 97.5G 84.8

images with 37 classes and 5,285/5,050 for training/test.
Stanford2D3D is a large-scale dataset and has 70,496 RGB-
D images with 13 object categories. Following the data
splitting [6], [61], areas of 1,2,3,4,6 in Stanford2D3D are
used for training, and area 5 is for test. During finetuning,
we only adopt two common data augmentation strategies,
i.e., random horizontal flipping and random scaling (from
0.5 to 1.75). The training images are cropped and resized
to 480 × 640, 480 × 480, and 480 × 480, respectively, for
NYU Depth v2, SUN-RGBD, and Stanford2D3D bench-
marks. Cross-entropy loss is utilized as the optimization
objective. We use AdamW [32] as our optimizer with an
initial learning rate of 6e-5 and the poly decay schedule.
Weight decay is set to 1e-2. During test, we employ mean
Intersection over Union (mIoU), which is averaged across
semantic categories, as the primary evaluation metric to
measure the segmentation performance. Following recent
works [53], [61], [62], we adopt multi-scale (MS) flip infer-
ence strategies with scales {0.5, 0.75, 1, 1.25, 1.5} for NYU
Depth v2 and SUN-RGBD and use single scale inference for
Stanfor2D3D.

Comparisons with state-of-the-art methods. We compare
our DFormer++ with 18 recent RGB-D semantic segmenta-
tion methods on the NYU Depth v2 [45], SUN-RGBD [46],
Stanford2D3D [2] datasets. These methods are chosen ac-
cording to three criteria: a) recently published, b) rep-
resentative, and c) with open-source code. As shown in
Tab. 1, our DFormer++ achieves new state-of-the-art per-
formance across these two benchmark datasets. DFormer++
also achieves edge-cutting performance on Stanford2D3D,
as shown in Tab. 2. We also plot the performance-efficiency
curves of different methods in Fig. 2. It is clear that
DFormer++ achieves much better performance and com-
putation trade-off compared to other methods. Particularly,
our DFormer++-S can achieve equal performance to the
current state-of-the-art methods with less than half of the
parameters and MACs, i.e., 37.2M and 56.4G. DFormer++-B
further yields 59.0% mIoU with 66.7M parameters and 97.5G
MACs and surpasses the recent state-of-the-art methods
by a large margin. In addition, the experiments on SUN-
RGBD and Stanford2D3D also present similar advantages
of our DFormer++ over other methods. These consistent
improvements indicate that our RGB-D backbone can more
efficiently build interactions between the RGB and depth
features, and hence yields better performance with even
lower computational cost. Moreover, the qualitative com-
parisons between the semantic segmentation results of our
DFormer++ and other state-of-the-art models in Fig. 8 fur-

TABLE 4
Latency (ms) on mobile and edge devices, i.e., iPhone 15ProMax and

NVIDIA Jetson Orin NX.

Model iPhone 15PM Orin NX NYU Depth V2

CMX-B2 285.4 47.9 54.4
CMX-B4 355.6 87.5 56.3
CMNeXt-B4 342.8 71.5 56.9
GemniFusion-B3 317.5 58.1 56.9
DFormer++-L 215.4 34.3 59.0

TABLE 5
Performance of the RGB pretrained and depth pretrained backbone for

segmentation using only depth maps. The two backbones adopt the
same pretraining settings and architecture but are pretrained on the

ImageNet images and their depth maps, respectively.

Backbone #Params MACs NYU mIoU(%)

RGB 13.8M 14.4G 29.6
Depth 13.8M 14.4G 44.8

ther demonstrate the advantage of our method.
Speed on diverse hardware. We benchmark DFormer++ in
deployment settings by exporting to ONNX for TensorRT
on Jetson Orin and converting to Core ML for iOS de-
vices, using a unified protocol (batch size 1, 480×640). As
summarized in Tab. 4, DFormer++ delivers lower latency
than recent state-of-the-art methods on iPhone 15 ProMax
and Jetson Orin, confirming that its architectural efficiency
transfers to real runtimes. From a memory–bandwidth per-
spective, our design employs fixed local windows and
global grids (linear-time attention), embedding-level addi-
tion rather than concatenation with projection, a smaller
depth channel ratio, and an RGB-only decoder—choices that
collectively reduce peak activations and feature movement,
easing the bandwidth bottleneck common on mobile/edge
devices. In practice, the measured latencies on Orin and
iOS confirm that DFormer++ sustains its accuracy–efficiency
advantage under realistic deployment constraints.
Diversity of real-world scenes. To assess robustness un-
der diverse real-world conditions, we report results across
indoor (NYU Depth V2, SUN-RGBD) and large-scale mixed
indoor scenes (Stanford2D3D), and additionally include out-
door evaluations. Specifically, DFormer++ is further tested
on KITTI-360 [35] and MFNet [24], which exhibit differ-
ent sensor characteristics and noise patterns, and we also
conduct experiments on Cityscapes [14] to broaden the
evaluation scope (Tab. 3). Despite being pretrained with syn-
thetic depth, our pretraining paradigm transfers effectively
to real-world scene perception across these datasets, con-
sistently improving performance under varied scene com-
plexities and sensor behaviors. This diversity of benchmarks
strengthens the empirical evidence that DFormer++ is not
only accurate and efficient on standard RGB-D settings, but
also resilient across heterogeneous real-world conditions.

4.2 Ablation Study and Analysis

In this subsection, we perform comprehensive ablation anal-
yses on our DFormer++ from different perspectives. Because
NYU Depth v2 [45] is the most widely-used RGB-D segmen-
tation dataset and contains various scenes, the subsequent
ablation experiments are mainly carried out on it.
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input features in depth pretrained model features in RGB pretrained model
Fig. 7. Encoding depth maps with backbones pretrained on different types of modality, i.e., pretraining with RGB data and pretraining with depth
maps. During finetuning, we only take the depth maps as input to see which backbone works better. Obviously, the backbone pretrained on depth
maps can generate more expressive feature maps.

Image Depth DFormer DFormer++ GT

Fig. 8. Qualitative comparison of DFormer++ and our conference
version.

4.2.1 Analysis of RGB-D Pretraining

Why involving depth information in pretraining? Existing
state-of-the-art RGB-D perception models [31], [61], [62]
mainly use models pretrained on RGB images to extract
3D geometry information from depth maps. We argue that
the huge representation distribution shift caused by using
the RGB backbone to encode the depth maps may influence
the extraction of the 3D geometry. To demonstrate this, we
respectively use RGB and depth data to pretrain the RGB
and depth backbone and then take only the depth maps
as input for segmentation. As shown in Tab. 5, we can see
under the same network architecture, the model pretrained
on RGB images obviously falls behind the one pretrained on
depth maps. We also visualize some features within the RGB
pretrained and depth pretrained backbones in Fig. 7. Before
finetuning, the backbone pretrained on RGB data is not able
to extract expressive features from the depth maps. After
finetuning, the model using RGB backbones still struggles
to extract diverse features from the depth maps. In contrast,
the features of the backbone pretrained on depth data are
better. These experiments indicate that there exist significant
differences between RGB and depth maps and it is difficult
to process the depth data with RGB pretrained weights.
This observation motivates us to involve depth data during
ImageNet pretraining.
Effect of different pretraining schemes. To illustrate the
necessity of the RGB-D pretraining within DFormer++, we
attempt to replace the depth maps with RGB images during
pretraining, dubbed as RGB pretraining. In particular, RGB
pretraining modifies the input channel of the depth stem

TABLE 6
Effect of different pretraining manners. RGB-only: pretraining on RGB

images; Syn-RGB-D: pretraining on synthetic RGB-D data; Hybrid:
hybird pretraining on synthetic RGB-D and real RGB + estimated

depth; Ours: pretraining on real RGB + estimated depth.

Model Pretraining manner NYU Depthv2 SUN RGBD

DFormer++-T RGB-only 54.3 48.4
DFormer++-T Syn-RGB-D 55.8 50.0
DFormer++-T Hybrid 56.5 50.9
DFormer++-T Ours 57.0 51.5
DFormer++-S RGB-only 55.9 49.9
DFormer++-S Syn-RGB-D 57.0 51.4
DFormer++-S Hybrid 57.8 52.2
DFormer++-S Ours 58.1 52.7

layer from 1 to 3. Note that for the finetuning setting, the
modalities of the input data and the model structure are
the same, i.e., DFormer++-T. As shown in Tab. 7, our RGB-
D pretraining brings 2.8% improvement for DFormer++-T
compared to the RGB pretraining in terms of mIoU on NYU
Depth v2. We argue that this is because our RGB-D pre-
training avoids the mismatch encoding of the 3D geometry
features of depth maps caused by the use of pretrained RGB
backbones and enhances the interaction efficiency between
the two modalities. Tab. 5 and Fig. 7 also demonstrate the
mismatch problem. These experimental results indicate that
the RGB-D representation capacity learned during the RGB-
D pretraining is crucial for semantic segmentation accuracy.

To better understand the role of the proposed RGB-D
pretraining, we further compare four pretraining regimes
under the same backbone, pretraining schedule, and fine-
tuning recipe: (1) RGB-only pretraining on ImageNet-1K,
(2) synthetic-only RGB-D pretraining on large-scale syn-
thetic RGB-D data (Syn-RGB-D), (3) hybrid pretraining that
first uses synthetic RGB-D and then real RGB + estimated
depth (Hybrid), and (4) our RGB-Pseudo-D pretraining on
real RGB + estimated depth for ImageNet-1K (Ours). We
adopt SceneNet [25] as the large-scale synthetic RGB-D
data. As summarized in Tab. 6, we observe a consistent
ordering across NYU Depth v2 and SUN RGB-D and for
both DFormer++-T and DFormer++-S: Ours > Hybrid > Syn-
RGB-D > RGB-only. For example, on NYU Depth v2, RGB-
Pseudo-D pretraining improves over RGB-only pretraining
by up to +2.7 mIoU for DFormer++-T and +2.2 mIoU for
DFormer++-S, and still brings clear gains over synthetic-
only and hybrid pretraining.

These results indicate that real RGB + estimated depth
provides more effective supervision than purely synthetic
RGB-D or hybrid schedules, likely because it combines
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Fig. 9. Statistics of distribution shift on the finetuning of the encoder that uses different pretraining manners. The batch normalize (BN) layer at the
first block of Stage 2 is chosen for this visualization.

Image DFormer++ Baseline
Fig. 10. Visualization of the features with the finetuned models that load
RGB-pretrained and RGBD-pretrained weights and RGB-D input.

realistic appearance and semantic statistics with explicit
geometric cues. Together with the analyses in Fig. 9 and
Fig. 10 (BN statistics, feature visualizations), this supports
our claim that learning RGB–depth interaction priors on
large-scale real-image RGB-Pseudo-D data is a practical and
strong alternative to synthetic-only or hybrid pretraining
schemes.

Observations towards the distribution shift. Interacting
the RGB and depth features within the RGB-pretrained
encoders would bring drastic changes in the feature distri-
bution, which makes the previous statistics of batch nor-
malization incompatible with the input features. Follow-
ing [10], we visualize the statistics of the BN layers of
the encoder during the finetuning process to reflect the
distribution shift. Specifically, we visualize the BN layer
for a random layer in Fig. 9 to observe the statistics of
the fused features. For the RGB-D pretrained encoder, the
running means and variance of the BN layer only have slight
changes after finetuning, illustrating the learned RGB-D
representations are transferable for the RGB-D segmentation
tasks. In contrast, for the RGB pretrained one, the statistics
of the BN layer are changed sharply after finetuning, which
indicates the encoding is mismatched. The situation forces
RGB pretrained weights to adapt the input features fused
by the two modalities. The redesigned unified depth-guided
attention (local+global) and RGB-D pretraining embed geo-
metric cues directly into the token stream, so the geometry
is propagated through deeper layers rather than being car-
ried by a separate depth branch. This architectural choice
encourages RGB-D interactions within attention at multiple
scales, which theoretically reduces modality drift and helps
preserve depth-related structure in deep layers. We also
visualize some features of DFormer++ that use the RGB
and RGB-D pretraining, as shown in Fig. 10. Our method

preserves the border and shape information within depth
cues.

Analysis of domain gaps. Two major domain gaps arise
in RGB-D pretraining: (1) the image/semantic gap between
fully synthetic RGB-D corpora (e.g., SceneNet) and real-
world scenes, and (2) the depth noise/artifact gap between
predicted depth (dense, hole-free, low speckle) and real
sensor depth (holes, quantization, range-dependent noise,
multipath, sparsity). The first gap is largely addressed by
pretraining on real ImageNet images rather than synthetic
renderings. The second gap remains but is gradually re-
duced through fine-tuning on real RGB-D benchmarks.
Although the depth maps are estimated, recent predictors
(e.g., Depth Anything) reliably preserve relative geometry
and ordinal structure, which are the main cues exploited by
our depth-guided attention. Fine-grained metric accuracy
and raw noise characteristics are less critical for delineating
semantic boundaries. Moreover, predicted depth maps are
spatially complete, providing consistent cross-modal cor-
respondences that facilitate robust RGB-depth alignment
transferable to noisy sensor data. Compared with synthetic
pretraining, this strategy maintains authentic appearance
diversity, realistic object co-occurrence, and material statis-
tics, thus alleviating the semantic distribution shift that
synthetic-based pretraining still suffers from. Consistent
improvements across SUN-RGBD, Stanford2D3D, and NYU
Depth v2 further demonstrate that fine-tuning effectively
bridges the remaining domain gap.

Impact of depth map quality. We pretrain DFormer++
on ImageNet-1K [41] using monocularly estimated depth
paired with RGB. To assess sensitivity to the quality of
pseudo-depth, we generate depth maps with DepthAny-
thing [58], OmniData [17], AdaBins [4], and DepthPro [5].
These four estimators are representative of different periods
and modeling paradigms in monocular depth estimation,
providing sufficient coverage for our study. At the pre-
training stage, we observe modest differences in ImageNet
Top-1 accuracy across estimators (e.g., 84.9/84.7/84.0/83.7
for DepthAnything/DepthPro/OmniData/AdaBins). How-
ever, after fine-tuning for RGB-D semantic segmentation,
the downstream results are highly consistent: all the mod-
els reported above all reach ∼57.0 mIoU on NYU Depth
V2. These findings indicate that DFormer++’s RGB-D pre-



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 11

training is robust to the choice and quality of the depth
estimator—suggesting that the gains stem from learning
a geometry–RGB interaction prior rather than exploiting
estimator-specific artifacts.

Our RGB-D pretraining is intended to endow the en-
coder with RGB-D representational capability at scale. Al-
though the pretraining depth maps are estimated, they pre-
serve the depth information patterns needed to learn robust
RGB–depth interactions, which then consistently translate
into gains on downstream segmentation with real sensor
depth.

What does RGB-Pseudo-D pretraining actually learn? Our
experiments on different depth estimators and depth qual-
ities suggest that the proposed RGB-Pseudo-D pretraining
is not simply distilling a particular monocular depth esti-
mator, but learning to exploit structural guidance from the
depth maps for segmentation. The target task is semantic
segmentation rather than 3D reconstruction, and the role of
the estimated depth during pretraining is to provide coarse
geometric structure and object contours that complement
RGB appearance. Although monocular depth estimators
may hallucinate fine-scale artifacts (e.g., internal boundaries
on wall paintings or errors on mirrors), they generally
agree on the global layout and major depth discontinuities.
The depth-guided attention in DFormer++ learns how to
fuse these structural cues with RGB features to sharpen
boundaries and improve region consistency, as reflected by
the feature visualizations and segmentation results in Fig. 8
and Fig. 10. The robustness to different estimators and even
highly perturbed depth maps is thus less an indication that
the model ignores geometry, and more an indication that it
focuses on stable, geometry-like structure (layout, contours)
shared across estimators, while down-weighting estimator-
specific artifacts that are not consistent with the semantic
supervision.

Discussion on RGB-D pretraining. Within the RGB-D
semantic segmentation community, it is now well estab-
lished that both RGB-only pretraining (e.g., on ImageNet or
ADE20K) and RGB-D pretraining can improve downstream
performance [18], [42], [43], including our conference ver-
sion [60]. Our goal in this work is therefore not to claim the
idea of RGB-D pretraining itself as novel, but to provide a
principled pretraining–architecture combination and to clar-
ify why it is effective. Conceptually, our RGB-D pretraining
is designed to reduce the mismatch between pretraining and
finetuning: instead of pretraining on RGB-only data and
introducing depth and fusion only at finetuning time, we
directly pretrain a single RGB-D backbone on large-scale
real-image RGB–depth pairs synthesized from ImageNet-1K
using a strong monocular estimator. The proposed depth-
guided local–global attention enables RGB and depth to
interact inside every encoder block, so that the modalities
and fusion patterns seen during pretraining are aligned with
those used in downstream segmentation. Compared to prior
RGB-D pretraining strategies that mainly rely on synthetic
RGB-D corpora, weak modality pairings, or relatively small,
task-specific pretraining regimes, our pipeline leverages the
appearance diversity and realistic semantics of ImageNet
together with geometry-preserving estimated depth, and
scales to full-image pretraining while keeping computation

TABLE 7
Semantic segmentation performance with different models under the
RGB-only pretraining and RGB-D pretraining on NYU Depth v2 [45].

Model Params. MACs RGB RGB-D

TokenFusion-B3 45.9M 94.0G 54.2 56.1 (+1.9)
CMX-B2 66.6M 38.8G 54.4 56.0 (+1.6)
CMNeXt-B4 116.6M 131.4G 56.8 58.3 (+1.5)
DFormer++-T 17.3M 29.5G 54.3 57.0 (+2.7)

TABLE 8
Effect of fusion manners within DFormer++-T under the RGB-only pre-

training and RGB-D pretraining on NYU Depth v2 [45].

Model Params. MACs RGB RGB-D

sparse 16.9M 27.3G 54.2 55.9 (+1.7)
dense (ours) 17.3M 29.5G 54.3 57.0 (+2.7)

manageable. The ablation studies in Tab. 7 further show that
this design consistently yields non-trivial gains over RGB-
only pretraining and over variants that do not involve depth
during pretraining, supporting our claim that aligning pre-
training and finetuning in a unified RGB-D encoder is key
to the observed improvements.

4.2.2 Generalization of DFormer++

RGB-D pretraining on other models. To verify the effect
of our RGB-D pretraining on other methods, we pretrain a
recent popular model CMX (MiT-B2) with our RGB-D pre-
training pipeline and it obtains about 1.4% mIoU improve-
ment, as shown in Tab. 7. Under the RGB-D pretraining,
DFormer++-T still outperforms CMX (MiT-B2) by a large
margin, which should be attributed to that the pretrained fu-
sion weight within DFormer++ can achieve better and more
efficient fusion between RGB-D data. Besides, we provide
the RGB pretrained DFormer++ to provide more insights in
Tab. 7. A similar phenomenon appears under the RGB-only
pretraining. While RGB-D pretraining consistently improves
all models, the absolute gain for DFormer++-T on NYU
Depth v2 is notably larger (+2.7 mIoU) than for the dual-
branch baselines (+1.5–1.9 mIoU). To probe whether this
effect is tied to our architectural design, Tab. 8 contrasts
a sparse-fusion variant of DFormer++-T, where RGB–D in-
teraction is performed only in the last block of each stage,
with our standard dense-fusion design, where depth-guided
attention operates in every encoder block. Under RGB-D
pretraining, dense fusion not only achieves higher absolute
accuracy but also enjoys a substantially larger gain (+2.7 vs.
+1.7 mIoU) at similar parameter counts and MACs. These
results support our hypothesis that a joint RGB-D encoder
with frequent, multi-scale RGB–depth interactions allows a
much larger fraction of the backbone parameters to directly
absorb the additional geometric supervision during pre-
training, making DFormer++ more "pretraining-effective"
than conventional two-branch designs that rely on sparse
fusion points.
Generalization ability to other modalities. Through RGB-
D pretraining, our DFormer++ is endowed with the capacity
to fuse the RGB and depth features during pretraining. To
verify whether the interaction method still works when
replacing depth with another modality, we finetune our
RGB-D pretrained DFormer++ to some benchmarks with
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TABLE 9
Results on the RGB-T semantic segmentation benchmark MFNet [24]
and RGB-L semantic segmentation benchmark KITTI-360 [35]. ‘RGB’
and ‘RGBD’ mean RGB-only and RGB-D pretraining, respectively. ‘∗’

represents our implementations via their official codes.

Model Pretrain Params MACs MFNet KITTI

CMX-B2 RGB 66.6M 67.6G 58.2 64.3
CMX-B4 RGB 139.9M 134.3G 59.7 65.5*
CMNeXt-B2 RGB 65.1M 65.5G 58.4* 65.3
CMNeXt-B4 RGB 135.6M 132.6G 59.9 65.6*
DFormer-L RGB 39.0M 65.7G 59.5 65.2
DFormer-L RGBD 39.0M 65.7G 60.3 66.1
DFormer++-S RGB 37.2M 56.4G 59.8 65.6
DFormer++-S RGBD 37.2M 56.4G 60.9 67.2
DFormer++-L RGB 66.7M 97.5G 60.0 65.9
DFormer++-L RGBD 66.7M 97.5G 61.4 67.7

TABLE 10
Results on the standard and misalignment settings on NYU Depth V2.

Model Params MACs standard misalignment

CMX-B2 66.6M 67.6G 54.4 53.1
CMX-B4 139.9M 134.3G 56.3 55.0
CMNeXt-B4 135.6M 132.6G 56.9 55.4
GemniFusion-B3 75.8M 138.2G 56.9 55.6
DFormer++-L 66.7M 97.5G 59.0 58.2

other modalities, i.e., RGB-T semantic segmentation on
MFNet [24] and RGB-L semantic segmentation on KITTI-
360 [35]. As shown in Tab. 9, our pretraining framework
still improves the performance. However, the improvement
is limited compared to that on RGB-D scenes.

Thermal images are not depth maps, but they still
provide structured, spatially coherent signals that strongly
correlate with object boundaries and shapes: temperature
distributions typically change across object surfaces and
at region transitions, producing clear gradients along con-
tours and between materials. In our framework, the second
modality (depth in the RGB-D setting) is mainly used as
a geometry-like structural cue: the depth-guided attention
block leverages this modality to highlight boundaries, sep-
arate overlapping objects, and refine region consistency,
rather than relying on its absolute physical semantics. When
depth is replaced by thermal in the RGB-T setting, the ther-
mal channels still supply high-frequency structural informa-
tion (object contours, homogeneous regions, etc.), which the
same attention mechanism can exploit in a similar way. Con-
sistent with this interpretation, RGB-D pretraining brings
moderate but positive improvements on MFNet—smaller
than on RGB-D benchmarks, as expected given the seman-
tic gap between thermal and depth—indicating that the
learned fusion pattern and structural priors are not strictly
tied to metric depth but can generalize to other structure-
bearing modalities.

We further frozen depth-related components, where only
the RGB branch and decoder are finetuned. In the frozen
setting, RGB-D pretraining still outperforms RGB-only pre-
training on DFormer++-S (57.8 vs. 56.5), indicating that part
of the structural prior learned from RGB-D pretraining is
embedded in the RGB branch and can transfer to RGB-
T. However, both settings perform clearly worse than full
finetuning, suggesting that a significant portion of the im-
provement on RGB-T tasks comes from jointly adapting the
depth-related and fusion modules to the thermal modality.

TABLE 11
Results on ADE20K using RGB-D input via single scale testing on

resolution of 512× 512.

Model Pretrain Params MACs ADE20K

DFormer++-T RGB 17.3M 30.4G 51.4
DFormer++-T RGBD 17.3M 30.4G 53.8

TABLE 12
Effect of additional RGB-D ADE20K pretraining on DFormer++-T.

Pretrain Params MACs NYU

RGB 17.3M 29.5G 54.3
RGBD Imagenet 17.3M 29.5G 57.0
RGBD Imagenet + ADE20K 17.3M 29.5G 57.6

Expansion to RGB segmentation dataset. To further test the
scalability of our approach, we apply monocular depth esti-
mation to the RGB-only ADE20K [66] training set and train
DFormer++-T on ADE20K with RGB-D inputs. As shown in
Tab. 11, RGB-D ImageNet pretraining followed by RGB-D
ADE20K training improves the ADE20K test performance
from 51.4 to 53.8 mIoU compared with RGB-only pretrain.
We then use these ADE20K-trained checkpoints as initializa-
tion for NYU Depth v2. As reported in Tab. 12, additional
RGB-D training on ADE20K further boosts NYU Depth
v2 performance from 57.0 to 57.6 mIoU on top of RGB-D
ImageNet pretraining. These results show that our RGB-D
pretraining framework is scalable: augmenting more large-
scale RGB datasets with estimated depth and incorporating
them into the pretraining stage can provide additional gains
as the pretraining corpus grows.
RGB-D misalignment. In Tab. 10, we conducted a mis-
alignment stress test on NYU Depth V2 by randomly shift-
ing the depth maps 0-20% in both horizontal and vertical
directions. As misalignment increases, all methods exhibit
notable performance drops; our method remains the best
performance, though it also declines. This trend is expected
because current RGB-D pipelines, including ours, rely on
position-wise fusion that implicitly assumes spatial align-
ment between RGB and depth, and most architectures do
not explicitly model cross-modal misregistration, which in-
evitably harms accuracy under strong shifts. Despite the
unavoidable degradation, our approach shows the strongest
robustness and retains the best overall performance under
misalignment.

5 CONCLUSIONS

In this work, we propose a novel RGB-D pretraining frame-
work to learn transferable representations for RGB-D down-
stream tasks. The core of our model architecture is a tailored
depth guided attention mechanism. Thanks to the proposed
RGB-D attention, our model is able to utilize the 3D geome-
try within the depth modality from coarse- and fine-grained
scales. This avoids the use of individual branches for encod-
ing depth information and achieves efficient and effective
RGB-D encoding. We combine them to propose a powerful
and highly robust RGB-D foundation model, DFormer++,
which achieves new state-of-the-art performance in RGB-D
semantic segmentation benchmarks, with far less compu-
tational cost compared to existing methods. We hope this
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work could bring the multi-modal segmentation community
new insights for advanced RGB-D training pipelines and
model designs.
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