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Abstract

With the success of Vision Transformer (ViT) in image classi-
fication, its variants have yielded great success in many down-
stream vision tasks. Among those, the semantic segmentation
task has also benefited greatly from the advance of ViT vari-
ants. However, most studies of the transformer for semantic
segmentation only focus on designing efficient transformer
encoders, rarely giving attention to designing the decoder.
Several studies make attempts in using the transformer de-
coder as the segmentation decoder with class-wise learnable
query. Instead, we aim to directly use the encoder features
as the queries. This paper proposes the Feature Enhancing
Decoder transFormer (FeedFormer) that enhances structural
information using the transformer decoder. Our goal is to de-
code the high-level encoder features using the lowest-level
encoder feature. We do this by formulating high-level features
as queries, and the lowest-level feature as the key and value.
This enhances the high-level features by collecting the struc-
tural information from the lowest-level feature. Additionally,
we use a simple reformation trick of pushing the encoder
blocks to take the place of the existing self-attention mod-
ule of the decoder to improve efficiency. We show the supe-
riority of our decoder with various light-weight transformer-
based decoders on popular semantic segmentation datasets.
Despite the minute computation, our model has achieved
state-of-the-art performance in the performance computation
trade-off. Our model FeedFormer-B0 surpasses SegFormer-
B0 with 1.8% higher mIoU and 7.1% less computation on
ADE20K, and 1.7% higher mIoU and 14.4% less compu-
tation on Cityscapes, respectively. Code will be released at:
https://github.com/jhshim1995/FeedFormer.

Introduction
Semantic segmentation is one of the most fundamental com-
puter vision tasks, and it is used extensively in many real-
world applications, such as autonomous driving (Cordts
et al. 2016; Geiger, Lenz, and Urtasun 2012) and medical di-
agnoses (Ma et al. 2021). However, the accurate pixel-wise
prediction of the whole image is very challenging because it
requires considerations for both global and local relations.

*These authors contributed equally.
†Corresponding author.
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Recently, this difficulty has been largely alleviated with
the emergence of transformers. Following the significant im-
provement by using the transformer architectures in natural
language processing (NLP), (Dosovitskiy et al. 2020) first
introduced Vision Transformer (ViT) which utilizes the pure
transformer encoder for vision tasks. Since then, many stud-
ies have been conducted to extend ViT to the field of the
semantic segmentation (Xie et al. 2021; Zheng et al. 2021;
Liu et al. 2021; Wang et al. 2021; Yu and Wu 2021; Yang
et al. 2022; Jain et al. 2021). In these studies, most methods
focus only on improving the efficiency of the transformer
encoder, but only take a simple design or borrow from the
existing design for the decoder architecture. For example,
SegFormer in Figure 1 (a) shows impressive performance
by designing an efficient transformer encoder with a sim-
ple ALL-MLP decoder. However, it lacks consideration for
designing the segmentation decoder optimized for the trans-
former encoder structure.

Other studies include utilizing the transformer decoder
structure in vision tasks. DEtection TRansformer (Carion
et al. 2020) was the first to bring the transformer encoder-
decoder structure to detection and segmentation tasks. In-
spired by DETR, several works expand on DETR to employ
the transformer decoder in the task of semantic segmenta-
tion (Strudel et al. 2021; Bousselham et al. 2021; Cheng,
Schwing, and Kirillov 2021; Cheng et al. 2022). The main
difference between the feature decoder and the learnable
object query decoder in Figure 1 (a) and (b), is the use
of learnable query. General transformer decoders use class-
wise learnable queries to extract feature information related
to each class. Therefore, they either only use the highest-
level feature or need an additional pixel decoder to extract
the multi-scale features. Moreover, to utilize the multi-scale
features, the class-wise queries have to be decoded cumula-
tively for each multi-scale feature. Therefore, the feature has
to pass through the transformer decoder repetitively, which
causes large computational complexity. Our strategy is to di-
rectly use features as queries instead of class-wise learnable
queries. In other words, we replace an ALL-MLP feature de-
coder with the transformer decoder, as shown in Figure 1
(c). Then, which level of feature should be used as query
and key?

In the semantic segmentation task, consideration of low-
level feature is very important because the spatial detail is
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Figure 1: Comparison between the proposed and previous architectures. (a) Feature decoder (SegFormer) decodes multi-scale
features from the encoder using only MLPs. (b) Architectures like Mask2Former take a learnable token as the query to use
it for the mask prediction. The repetition of the transformer decoder and an additional pixel decoder is required to consider
multi-scale features. (c) Our method, feature query decoder (FeedFormer), is the combination of the two methods. Our method
(c) uses the feature query instead of the learnable query as in (b) to decode higher-level features with respect to the lowest-level
feature which contains structural information.

lost as the network progresses down to high-level features.
Therefore, how to pass on the low-level detail to the high-
level semantic feature is of great importance. To cope with
the challenge, many studies have adopted various techniques
to restore lost details in the latter stages of the network (Ron-
neberger, Fischer, and Brox 2015; Chen et al. 2018; Wang
et al. 2020). Their precise methods all differ, but they all
have a unifying goal of figuring out how to add the low-level
representation to the high-level features.

This paper proposes the Feature Enhancing Decoder
transFormer (FeedFormer), which improves structure infor-
mation of the high-level features with the transformer de-
coder architecture for segmentation prediction. Our key idea
is to decode the high-level encoder features using the lowest-
level encoder feature. To do this, as shown in Figure 1 (c),
we replace an ALL-MLP decoder to the transformer de-
coder, which considers the lowest-level feature as key and
value and the higher features as queries. Intuitively, this is
reasonable because using the key information, the decoder
collects the value information most relevant to the query
and adds the relevant information back to the query. After
decoding each feature with respect to the lowest-level fea-
ture, the lowest-level feature and all decoded features are
concatenated through a prediction head to obtain a segmen-
tation map.

Fortunately, the standard transformer decoder starts with
a self-attention module, which has an overlapping role with
the encoder’s self-attention block. Therefore, to improve ef-
ficiency, we introduce a novel reformation trick, which is to
simply push the self-attention block of the encoder into the

decoder to take the place of the existing self-attention mod-
ule as shown in Figure 2 (d). In addition, since our Feed-
Former uses the transformer decoder only once, the addi-
tional computation imposed by the decoder is very small.

We demonstrate the advantages of our architecture in
terms of model size, computation, and performance on two
publicly available datasets. Our contributions are summa-
rized as follows:
• We propose a novel and efficient transformer decoder

architecture for semantic segmentation, which uses fea-
tures as queries instead of class-wise learnable queries. In
more detail, our FeedFormer decodes high-level features
(queries) with respect to the lowest-level feature (key),
which serves to enhance the structural information ab-
sent in the high-level features.

• To improve efficiency, we rephrase a part of the trans-
former encoder as the transformer decoder and push the
self-attention block of the encoder into the decoder. We
also exploit the transformer decoder only once for each
feature, which strengthens the efficiency of our model.

• Our methodology can be easily applied to various
transformer-based encoders such as Mix Transformer
(MiT) (Xie et al. 2021) and Lite Vision Transformer
(LVT) (Yang et al. 2022) with a simple modification.

• The superior performance of our FeedFormer is demon-
strated on widely used semantic segmentation datasets
in light-weight and advanced settings. Our light-weight
model, FeedFormer-LVT, achieves 41.0% mIoU on
ADE20K and 78.6% mIoU on Cityscapes val, respec-
tively with only 4.6M parameters.
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Figure 2: The proposed FeedFormer framework (a) A conceptual diagram. Among the features F1, F2, F3, and F4 extracted
from the encoder, only F1 is used as the key and value. F2, F3, and F4 are used as feature queries in the transformer decoder.
Through this, F2, F3, and F4 are decoded by extracting the structural information related to F1. (b) A simplified version of (a).
(c) Final form of our FeedFormer architecture after applying the rearrangement trick. (d) The rearrangement process in which
the self-attention layer of the transformer decoder is replaced by the encoder stage block.

Related Work
Transformer Encoder Architecture
Since the success of transformer (Vaswani et al. 2017) in
NLP, the scope of transformer applications expanded to var-
ious vision tasks. ViT (Dosovitskiy et al. 2020) first proved
the effectiveness of using transformer in vision task by ap-
plying it in the classification task. ViT splits an image into
a sequence of patches, which is then linearly embedded as a
token for the transformer block. SETR (Zheng et al. 2021)
used vision transformer for the segmentation task by adopt-
ing ViT as the segmentation encoder. PVT (Wang et al.
2021) and Swin Transformer (Liu et al. 2021) tackled the
problem of ViT of only being able to process single-scale
features and proposed hierarchical vision transformers with
four-stage design along with down-sampling features to be
applied to dense prediction tasks. LVT (Yang et al. 2022)
dived further into increasing the efficiency of ViT. Recently,
SegFormer (Xie et al. 2021) proposed a very simple and ef-
ficient joint structure of a Mix Transformer encoder and an
ALL-MLP decoder.

Transformer Decoder Architecture
Recent works adopted the transformer decoder to enhance
the performance of semantic segmentation. DETR (Carion
et al. 2020) was the first to apply a pure segmentation de-
coder for the segmentation task. DETR used the learned set
of object queries to reason about the relations of the object
and the context to produce a parallel set of predictions. Seg-
menter (Strudel et al. 2021) used a pure transformer encoder-
decoder for semantic segmentation. SenFormer (Boussel-
ham et al. 2021), MaskFormer (Cheng, Schwing, and Kir-
illov 2021), and Mask2Former (Cheng et al. 2022) used the
transformer decoder by learning query sets, that can refine
multi-scales features extracted from the backbone by stack-
ing transformer decoders. However all these methodologies
use randomly initialized learnable query, requiring an addi-
tional pixel-decoder to extract multi-scale features inputted
to the transformer decoder. Our model differs in that multi-
scales features are directly used from the encoder for the
transformer decoder by formulating the detailed highest-
level feature as the feature query.
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Proposed FeedFormer Architecture
In this section, we present the proposed FeedFormer, the
simple transformer encoder-decoder structure for semantic
segmentation. Overall conceptual diagram is illustrated in
Figure 2 (a). We first extract four multi-scale features from
the hierarchical vision transformer encoder. Then, of the
four multi-scale features, we use the latter three features,
F2, F3, and F4 as queries, and the lowest-level feature, F1,
as the key and value of the transformer decoder. This is
the main difference from the existing transformer decoder,
which uses learnable class-wise queries. In the decoder,
pooling is performed on F1 to match the spatial dimension of
the queries. The output decoded features, D2, D3, and D4,
are up-sampled to match the spatial dimension of F1. The
three output decoded features, together with F1, are concate-
nated and processed through the MLP layer to produce the
final prediction. Our FeedFormer can also be depicted as in
Figure 2 (b). Next, let us take a closer look at the inside of
our FeedFormer decoder.

Building Blocks of FeedFormer
The transformer conducts attention mechanisms for the em-
bedded patches. Here, we briefly explain the patch embed-
ding layer and the attention block.

Patch Embedding Layer For the case of most hierarchi-
cal transformers, when an image with H×W ×3 is inputted
to the network, output features of each stage take the shape
of Fi ∈ R(Hi×Wi×Ci). Each stage feature Fi is then divided
into H×W

2i+1×2i+1 number of patches, which is linearly pro-
jected to produce embedded patches with H

2i+1 × W
2i+1 × Ci

size. Linearly embedded patches serve as an input to the
multi-head attention (MHA) layer in the attention block.

Attention Block In the attention block of Figure 3, the
MHA layer with query, key, and value, each denoted as Q,
K and V, is computed as follows:

MHA(Q,K,V) = Softmax(QKT)V. (1)

This MHA layer and the feed forward layer (FFL) are se-
quentially connected, with layer norms (LNs) applied before
every block and residual connections after every block:

aj−1 = MHA(LN(kvj−1, qj−1)) + qj−1, (2)

qj = FFL(LN(aj−1)) + aj−1, (3)
where qj−1 is the embedded patches of query, kvj−1 is the
embedded patches of key, value, and j ∈ {1, ..., Li}. Li is
the number of repeated attention blocks.

The main difference between a self-attention layer and a
cross-attention layer is how to configure the key, query, and
value. The self-attention layer uses the same feature as the
key, query, and value, whereas the cross-attention layer uses
one feature as the query and another feature as the key and
value. In our FeedFormer, the cross-attention layer regards
the lowest-level feature as the key and value and high-level
features as the queries. Through the attention mechanism,
it collects the detail information highly relevant to the query
feature from the lowest-level feature and adds it back to each

Figure 3: Attention block in a general transformer architec-
ture. kvj−1 denotes the feature for key and value, and qj−1

denotes the query feature.

high-level feature. This process has the effect of improving
the detail of the high-level features regardless of the feature
scales.

Reforming FeedFormer for Efficient Architecture
Intuitively, the feature queries of the transformer decoder are
sequentially connected. Therefore, as in Steps 1 and 2 in Fig-
ure 2 (d), Fi+1 can be represented as a function of Fi, where
Stagei denotes each encoder stage, and PatchEmbed de-
notes the Patch Embedding layer:

Fi+1 = Stagei+1(PatchEmbed(Fi)). (4)
Fortunately, the typical transformer decoder starts with a
self-attention module, which has an overlapping role with
the encoder’s self-attention block. Therefore, to enhance ef-
ficiency, we simply push the self-attention block of the en-
coder into the decoder to take the place of the existing self-
attention module (Step 3). As a result, the query of the trans-
former decoder is changed to the patch embedded feature of
the previous stage (Step 4). This process is equally applied
to all three decoder stages. Our final architecture results in
Figure 2 (c), where only the first stage is used as the encoder,
and the other stages are incorporated into the decoder. Note
that the feature queries are changed by the encoder’s previ-
ous stage features. To the best of our knowledge, we are the
first that the part of the encoders has been reinterpreted as
decoders to make an efficient structure.

In general, the learnable query-based transformer de-
coders repeatedly perform decoding to utilize multi-scale
features. In contrast, our FeedFormer uses rich features
of encoders as queries, thus, structural information can be
transferred well by only decoding each feature once.

Experiments
Experimental Settings
Datasets We conducted experiments on two publicly
available datasets, ADE20K (Zhou et al. 2017) and
Cityscapes (Cordts et al. 2016). ADE20K is a challenging
scene parsing dataset covering 150 fine-grained semantic
concepts. It consists of a training set of 20,210 images, a
validation set of 2,000 images, and a testing set of 3,352 im-
ages. Cityscapes is an urban driving scene dataset for seman-
tic segmentation consisting of 5,000 finely annotated with 19
categories. It contains 5,000 high-resolution images divided
into a training set of 2,975 images, a validation set of 500
images and a testing set of 1,525 images.
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Method Encoder Params (M) ADE20K Cityscapes
GFLOPs mIoU GFLOPs mIoU

L
ig

ht
-w

ei
gh

t

FCN (Long, Shelhamer, and Darrell 2015) MobileNetV2 9.8 39.6 19.7 317.1 61.5
PSPNet (Zhao et al. 2017) MobileNetV2 13.7 52.9 29.6 423.4 70.2
DeepLabV3+ (Chen et al. 2018) MobileNetV2 15.4 69.4 34.0 555.4 75.2
SwiftNetRN (Orsic et al. 2019) RseNet18 11.8 - - 104.0 75.5
Semantic FPN (Li et al. 2021) ConvMLP-S 12.8 33.8 35.8 - -
SegFormer-B0 (Xie et al. 2021) MiT-B0 3.8 8.4 37.4 125.5 76.2
FeedFormer-B0 (Ours) MiT-B0 4.5 7.8 39.2 107.4 77.9
SegFormer-LVT (Yang et al. 2022) LVT 3.9 10.6 39.3 140.9 77.6
FeedFormer-LVT (Ours) LVT 4.6 10.0 41.0 124.6 78.6

A
dv

an
ce

d

CCNet (Huang et al. 2019) ResNet-101 68.9 278.4 43.7 2224.8 79.5
DeepLabV3+ (Chen et al. 2018) ResNet101 62.7 255.1 44.1 2032.3 80.9
OCRNet (Yuan, Chen, and Wang 2020) HRNet-W48 70.5 164.8 45.6 1296.8 81.1
Auto-DeepLab (Liu et al. 2019) Auto-DeepLab-L 44.4 - - 695.0 80.3
Swin UperNet-T (Liu et al. 2021) Swin-T 60.0 236.0 44.4 - -
SenFormer (Bousselham et al. 2021) Swin-T 144.0 179.0 46.0 - -
Seg-S-Mask/16 (Strudel et al. 2021) ViT-S 22.0 - 45.4 - -
SegFormer-B2 (Xie et al. 2021) MiT-B2 27.5 62.4 46.5 717.1 81.0
MaskFormer (Cheng, Schwing, and Kirillov 2021) Swin-T 42.0 55.0 46.7 - -
Mask2Former (Cheng et al. 2022) Swin-T 47.0 74.0 47.7 - 82.1
FeedFormer-B2 (Ours) MiT-B2 29.1 42.7 48.0 522.7 81.5

Table 1: Performance comparison with the state-of-the-art methods on ADE20K val and Cityscapes val. Compared to other
methods, our model displays superior performance compared to models with similar or larger computational complexity.

Method Params (M) GFLOPs mIoU
Segmenter-B0 4.4 - 32.5
FeedFormer-B0 (Ours) 4.5 7.8 39.2
Mask2Former-B0 23.0 51.8 41.1
FeedFormer-B2 (Ours) 29.4 42.7 48.0

Table 2: Performance comparison with learnable object
query decoders. B0 and B2 each denote MiT-B0, MiT-B2.

Method ADE20K CityScapes
mIoU mBA mIoU mBA

SegFormer-B0 37.4 31.2 76.2 53.6
FeedFormer-B0 (Ours) 39.2 32.0 77.9 54.2
SegFormer-B2 46.5 35.4 81.0 56.0
FeedFormer-B2 (Ours) 48.0 35.8 81.5 56.1

Table 3: Comparison of mBA on SegFormer and Feed-
Former. The result shows consistent improvement in both
segmentation mIoU and boundary mBA.

Implementation Details We used Mix Transformer
(MiT) (Xie et al. 2021) and Lite Vision Transformer (LVT)
(Yang et al. 2022) as our encoder backbone. Our model with
MiT-B0, MiT-B2, and LVT encoder backbone were each
named FeedFormer-B0, FeedFormer-B2, and FeedFormer-
LVT. For our light-weight variants FeedFormer-B0, and
FeedFormer-LVT, we used an embedding dimension of 128
for the final MLP before the prediction head, and 768 for
FeedFormer-B2. For ADE20K, we keep the input resolution
of the features when inputted to the decoder. For Cityscapes,
we downscale all the features into half the input dimension
before inputting them into the decoder to compensate for
the high computational cost imposed by the high resolution
of the image.

Decoder Params (M) GFLOPs mIoU
Sum Head 3.5 5.6 36.5

Concat Head 3.6 7.6 37.2
Cross-attn Head 4.4 7.3 37.2

Ours 4.5 7.8 39.2

Table 4: Performance comparison with different decoder
heads.

F1 F2 F3 F4 Params (M) mIoU
K,V - - - 4.5 39.2

- K,V - - 4.4 38.8
- - K,V - 4.1 38.1

Table 5: Performance comparison with different level fea-
tures as the key and value. K,V each indicates key, value of
the transformer decoder.

Training and Evaluation Settings We used the default
setting based on the public codebase mmsegmentation1. We
used 4 RTX 3090 GPUs for all training throughout the ex-
periments. We used encoders pre-trained on ImageNet-1K
dataset. During the training, we applied data augmentation
using random resize from 0.5 to 2.0 ratios, random hori-
zontal flipping, and random cropping to 512×512 pixel res-
olution for ADE20k and 1024×1024 pixel resolution for
Cityscapes. We trained the models using AdamW optimizer
for 160K iterations. We set the batch size to 16 for ADE20K
and 8 for Cityscapes. We set the learning rate to an initial
value of 6e-5, and then, used a polynomial learning rate de-
cay schedule with factor 1.0 by default. For evaluation, we
use ADE20K validation set and Cityscapes validation set to

1https://github.com/open-mmlab/mmsegmentation
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Figure 4: Qualitative results on ADE20K and Cityscapes.
Compared to SegFormer, our FeedFormer shows strength in
accurately segmenting complex details.

test the performance of our model. For ADE20K, we re-
scaled the short side of the image to 512 and kept the as-
pect ratio. For Cityscapes, we applied the sliding window
test by cropping 1024 × 1024 windows. We reported all
our main semantic segmentation results in mean Intersection
over Union (mIoU) under the single scale inference setting.

Comparison to State-of-The-Art Methods
We compared our results with the existing methods on
ADE20K and Cityscapes datasets. Table 1 presents our re-
sults including parameter size, Floating Point Operations
(FLOPs), and mIoU for ADE20K and Cityscapes.

Light-weight Models In the top part of Table 1, we re-
ported the performance of the light-weight models. As
shown in the table, our light-weight model FeedFormer-
B0 yielded 39.2% mIoU with only 4.5M parameters and
7.8 GFLOPs for ADE20K. Compared to SegFormer-B0,
FeedFormer-B0 shows 1.8% higher mIoU and 7.1% less
computation. For Cityscapes, the performance gap in-
creases even more, achieving 77.9% mIoU with only 107.4
GFLOPs. This is 1.7% increase in mIoU and 14.4% de-
crease in computation compared to SegFormer-B0. By us-
ing LVT as the backbone, we were able to boost the per-
formance further, outperforming all models compared in the
table. Our FeedFormer-LVT showed exceeding performance
with 41.0% and 78.6% mIoU in ADE20K and Cityscapes
respectively, with only 4.6M parameters.

Advanced Models In the bottom part, we show the re-
sults of the larger model, FeedFormer-B2. The results of
FeedFormer-B2 showed outstanding results even in a rel-
atively larger model. FeedFormer-B2 yielded 48.0% mIoU
with only 29.1M parameters and 42.7 GFLOPs on ADE20K,
which is 31.2% less computation and 1.5% better mIoU
compared to SegFormer-B2. In particular, when compared

Figure 5: Visualization of ADE20K prediction results with
and without the presence of transformer decoder; w/o de-
coding: 37.1% mIoU and w/ decoding: 38.2% mIoU.

to the mask2former, which uses the powerful Swin-T back-
bone, the number of parameters decreased by 38%, and the
computation decreased by 42%, with 0.3% higher mIoU. On
Cityscapes, our FeedFormer-B2 yielded 81.5% mIoU with
only 522.7 GFLOPs. This is 0.5% higher mIoU and 27%
less computation compared to SegFormer-B2, proving the
superiority of our model on all two datasets.

Qualitative Results
Figure 4 shows the qualitative results between our Feed-
Former and SegFormer on ADE20K and Cityscapes. As our
method has the benefit of considering structural informa-
tion when decoding multi-scale features, our model clearly
shows strength in segmenting complex regions with details.

Ablation Studies
Effectiveness of Feature Decoding Figure 5 visualizes
the effect of feature decoding with ADE20K prediction re-
sults. You can see that without the decoding process, inac-
curate segmentation occurs in the boundaries of complex
objects. Figure 6 further visualizes the effect of our detail
enhancement decoder. In the figure, F1, F2, F3, F4 denote
the four multi-scale features, outputted from the encoder,
and D2, D3, D4 denote the decoded features with respect to
F1. The figure shows that the decoded features highlight the
boundary details of each multi-scale feature, which are lost
before the decoding.

Effectiveness of using Feature Queries Next, to ver-
ify the effectiveness of feature decoding, we compared
our FeedFormer with learnable query-based transformer de-
coder architecture, Segmenter (Strudel et al. 2021) and
Mask2Former (Cheng et al. 2022). For a fair comparison of
the decoders, we used MiT-B0 as the encoder for all exper-
iments. As shown in Table 2, FeedFormer-B0 outperforms
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Figure 6: Visualization of feature detail enhancement of the proposed method. F2, F3, and F4 denote the query features of the
decoder, F1 the key, value feature, and D2, D3, and D4 denote the output of each cross-attention block. Note that boundary
details from F1 are added to F2, F3, and F4 to produce output features D2, D3, and D4.

Segmenter-B0, because only the highest-level feature is used
from the hierarchical transformer encoder. Mask2Former-
B0 shows a slight increase in performance compared to
FeedFormer-B0. However, its size and computation are
comparable to our larger model FeedFormer-B2, which has
6.9% higher mIoU on ADE20K. This shows that our model
is more effective in decoding multi-scale features compared
to transformer decoders that use learnable query.

Boundary Detail Recovery To show that using the
lowest-level feature as the key and value leads to the preser-
vation of boundary details, we evaluated our FeedFormer
and SegFormer using mean Boundary Accuracy (mBA) pro-
posed by (Cheng et al. 2020). As shown in Table 3, our
FeedFormer produces segmentation predictions with strong
boundaries, which result in the final segmentation perfor-
mance increase.

Effectiveness of Decoding Head In this experiment, we
verified the effect of our decoding head by comparing
summation head (Sum Head), concatenation head (Concat
Head), and cross-attention head (Cross-attn Head) to our
FeedFormer head. Using the three techniques, the features
were decoded with respect to the lowest-level feature F1. For
the Sum Head and the Concat Head, MLPs of embedding
dimension 256 were each applied to the feature beforehand,
and Cross-Attn head only used cross-attention in decoding
the feature. Table 4 shows that our FeedFormer head has
achieved the best performance with similar computational
complexity. The result also shows that the sole use of cross-
attention does not bring performance improvements. This is
because the meta-architecture of transformer is essential for
the performance, which is also discussed in the recent study
(Yu et al. 2022). Our result shows that the same belief ap-
plies to the design of transformer decoder.

Which key, value do we choose? In Table 5, To see which
feature serves the best as the key and value for the decoder,
we experimented by changing the key and value of our de-
coder from F1 to F3. The results show that using the lowest-
level F1 as the key and value performs the best out of the
three features. From this observation, we used the lowest-
level feature F1 as the key and value of the decoder.

Method Params (M) GFLOPs mIoU Time (ms)
PSPNet 13.7 423.4 70.2 85.5
DeepLabV3 15.4 125.5 75.2 116.3
BiSeNet 49.0 98.3 74.8 28.6
STDCNet 16.1 54.9 77.0 33.7
SegFormer 3.8 125.5 76.2 91.2
FeedFormer 4.5 107.4 77.9 79.5

Table 6: Inference time comparisons with real-time models.

Limitations Our proposed method encounters limitations
when it comes to inference time. In Table 6, we represent
the inference time comparisons of various models including
some famous real-time segmentation models on Cityscapes
dataset. We tested inference time of a single image of
2048×1024 resolution using a single RTX3090 GPU un-
der the mmsegmentation benchmark without any additional
accelerating techniques. The results show that our Feed-
Former is slow compared to the CNN-based real-time mod-
els, BiSeNet (Yu et al. 2018) and STDCNet (Fan et al. 2021).
Our model was not able to overcome the speed lag from the
lack of optimization support of the transformer components,
which is a general problem in many transformer-based mod-
els. We leave such limitations to future works.

Conclusion
In this paper, we present FeedFormer, a simple, pure yet
powerful decoder architecture that enhances the structural
information of the high-level features using the lowest-level
feature. We perform this by building a transformer decoder,
which takes the lowest-level feature as the key and value,
and high-level features as the queries. To make our architec-
ture more efficient, we proposed a simple reformation trick
that pushes the encoder blocks to replace the existing self-
attention module of the decoder. We show the superiority of
our decoder with various light-weight transformer-based en-
coders on popular semantic segmentation datasets. For a fu-
ture work, we plan to conduct experiments on various cross-
attention blocks of the transformer decoder to verify our fea-
ture decoding methodology.
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