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Abstract

Video semantic segmentation aims to assign a class la-
bel for each pixel in every video frame. Existing meth-
ods predominantly follow the reference-target interaction
paradigm, focusing on extracting local temporal contexts
while neglecting the integration of global temporal in-
formation. Moreover, complex dynamics and varying
lighting conditions introduce inter-frame intra-class dis-
crepancies in feature representations, leading to unstable
predictions. In this paper, we propose a novel frame-
work, the Dual-Temporal Exemplar Representation Net-
work (DTERN), which utilizes the strong representational
capability of cluster centers, i.e., exemplars, to effectively
model both local and global temporal information. DTERN
consists of two core modules: 1) the Local Temporal Ex-
emplar Module (LTEM), which constructs local exemplars
to capture local temporal contexts, ensuring stable and re-
liable predictions. 2) the Global Temporal Exemplar Mod-
ule (GTEM), which introduces learnable global exemplars
to dynamically model global temporal information, thereby
improving the effective consistency of segmentation. Fur-
thermore, we observe that the existing Video Consistency
(VC) metric fails to evaluate segmentation accuracy and
lacks sensitivity to small-object segmentation. To this end,
we propose Video Effective Consistency (VEC) to compre-
hensively evaluate temporal consistency and segmentation
effectiveness. Experiments on VSPW and Cityscape demon-
strate that DTERN outperforms state-of-the-art methods.
The code is available at https://github.com/zlxilo/DTERN.

1. Introduction
Video semantic segmentation (VSS) involves assigning se-
mantic labels to all pixels in a video. The core of VSS
lies in effectively leveraging temporal information. Exist-
ing methods mainly focus on modeling the temporal rela-
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Figure 1. Comparison of existing VSS methods with DTERN. (a)
Approaches using the reference-target interaction paradigm model
only the local temporal information. (b) CFFM++ further models
global temporal information by constructing non-learnable global
exemplars. (c) DTERN models both local and global temporal
information by constructs learnable exemplars.

tionship between reference and target frames through the
reference-target interaction paradigm (Fig. 1a).

Most of the existing VSS methods rely on optical flow to
capture temporal relationships. Typically, optical flow is ex-
tracted by dedicated networks [7, 16] to warp the reference
frame features into alignment with the target frame features,
followed by a simple aggregation process [9, 14, 25, 35, 47].
Additionally, recent research [18, 31, 34, 41] has intro-
duced the self-attention mechanism to model interactions
between frames, enabling the target frame to be dynami-
cally updated based on the reference frames. Meanwhile,
researchers have explored approaches to achieve efficient
and stable video semantic segmentation by reusing frame
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features [1, 21, 29] and improving reference frame selec-
tion strategies [38]. However, the above methods mainly
focus on extracting local temporal contexts, while the uti-
lization of global temporal information remains insufficient.
To mine global temporal contexts, CFFM++ [33] constructs
non-learnable global exemplars through a pre-trained en-
coder to model global temporal information, further im-
proving segmentation performance (Fig. 1b). Nevertheless,
CFFM++ is a multi-stage training framework that increases
the training burden, while the effectiveness of the global
temporal context mining with non-learnable exemplars is
constrained by the performance of the pre-trained encoder.
Moreover, these works fail to address the inter-frame intra-
class discrepancies caused by complex factors such as light-
ing and occlusion, resulting in unstable predictions.

To address the above issues, we propose DTERN, which
adopts a new interaction paradigm (Fig. 1c) that leverages
the strong representational capability of cluster centers to
model both local and global temporal information. Specif-
ically, DTERN consists of two core modules: the Local
Temporal Exemplar Module (LTEM) and the Global Tem-
poral Exemplar Module (GTEM). The sequential LTEMs
progressively enhance the target frame features, with each
LTEM constructing local exemplars to model local temporal
information. To achieve this, a Selection and Aggregation
Module is designed to selectively construct and adaptively
aggregate cluster centers, generating local exemplars within
each LTEM, thereby mitigating prediction instability. Fur-
thermore, to dynamically capture high-quality spatial and
semantic information from each input frame, a Cluster As-
signment Module is proposed to simulate the cluster as-
signment process. In GTEM, learnable tokens represent-
ing frame-level cluster centers (FCC) and video-level clus-
ter centers (VCC) are introduced. During training, VCC
progressively aggregates local temporal context from the
updated target frame features to derive global temporal in-
formation, which is then used to further update the target
frame features, improving the effective consistency of seg-
mentation. Furthermore, we introduce the Video Effective
Consistency (VEC) to address the limitations of the Video
Consistency (VC) metric, which fails to evaluate segmenta-
tion accuracy and exhibits insufficient sensitivity to small-
object segmentation.

In summary, our work has the following main contribu-
tions:
• To exploit temporal information and mitigate unstable

predictions caused by inter-frame intra-class discrepan-
cies, we propose DTERN to learn local and global tempo-
ral information by leveraging the strong representational
capability of cluster centers.

• We propose Video Effective Consistency (VEC), a novel
evaluation metric for video semantic segmentation. This
dual-focus metric simultaneously assesses temporal con-

sistency and segmentation effectiveness.
• We evaluate DTERN on the large-scale video semantic

segmentation datasets VSPW and Cityscapes. DTERN
outperforms several state-of-the-art methods.

2. Related Work

2.1. Image Semantic Segmentation
Image semantic segmentation is a core computer vision task
that assigns semantic labels to every pixel in an image.
While traditional methods relied on handcrafted features
and shallow models, significant advancements in this field
have been driven by Convolutional Neural Networks. Mod-
ern approaches [2, 3, 8, 12, 13, 15, 23, 26, 28, 42, 46, 48]
leverage end-to-end deep neural networks for efficient scene
segmentation and have achieved remarkable success. How-
ever, video data is more common in real-world scenarios,
which has led to increasing research attention on VSS.

2.2. Video Semantic Segmentation
VSS performs pixel-level classification for each frame. Cur-
rent approaches mainly model temporal relationships be-
tween reference and target frames, utilizing local temporal
information to improve segmentation performance.

VSS approaches mostly utilize optical flow to cap-
ture temporal information. Specifically, NetWarp [9] and
STTGU [25] employ feature warping to align features from
reference frames to the target frame via optical flow and
fuse them with the target frame features. ETC [22] uses op-
tical flow to align the segmentation results of the reference
and target frames and employs a temporal loss function to
enforce consistency constraints. DFF [47] and Accel [17]
propagate features from reference frames to the target frame
via optical flow, reducing computational costs. Researchers
also utilize self-attention mechanisms to model temporal in-
formation. Specifically, CFFM [31] introduces a coarse-
to-fine feature mining method that learn both static and
dynamic contextual information simultaneously. TMANet
[34] uses self-attention mechanisms to capture the relation-
ships between the current frame and the memorized frames.
STT [18] dynamically captures the temporal relationships
through a sparse self-attention mechanism. LMANet [27]
enhances the segmentation performance by leveraging se-
mantic information from past frames. Different from the
above approaches, [1, 29] reuse high-level features di-
rectly. DVSNet [38] utilizes a dynamic key-frame selec-
tion strategy. CFFM++[33] generates global exemplars via
clustering to enhance target frame features, improving the
video semantic segmentation performance. Efficient VSS
[17, 19, 38, 47] run costly networks only on reference
frames (fine-tuning non-keyframe features), while High-
Performance VSS [18, 22, 24, 31, 33] exploit temporal con-
tinuity to boost accuracy [11].
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The above VSS approaches mainly follow the reference-
target interaction paradigm for local temporal information
mining. However, this paradigm fails to utilize global tem-
poral information across entire videos. Though CFFM++
has learned global temporal information, the non-learnable
global exemplars generated by the pre-trained encoder limit
its performance. Moreover, intra-class discrepancies among
frames may lead to inconsistent semantic propagation, re-
sulting in unstable predictions. This paper proposes a novel
end-to-end VSS framework that leverages the strong repre-
sentational capability of cluster centers to capture local and
global temporal information.

2.3. Difference with CFFM++
We observe that recent work, CFFM++ [33], also employs
global exemplars to model global temporal information for
VSS. However, there are key differences between CFFM++
and our approach. CFFM++ adopts a multi-stage training
framework and models global temporal information using
non-learnable global exemplars generated by a pre-trained
encoder, which limits the model’s ability. In contrast,
DTERN models both local and global temporal contexts
through trainable exemplars within an end-to-end training
framework, providing greater flexibility and adaptability.

3. Methods
3.1. overview
As shown in Fig. 2a, DTERN includes a shared encoder, N
LTEMs, a GTEM, and a segmentation head. Given a video
clip with T frames

{
Itk ∈ R3×H×W

}T
k=1

. The target frame

is ItT and previous frames
{

Itk ∈ R3×H×W
}T−1

k=1
are ref-

erence frames. The encoder extracts multi-level features{
Zv
tk

∈ RCv×Hv×Wv
}V
v=1

for each frame. The convolu-
tional layers then fuse these features to produce encoded
outputs

{
Ftk ∈ RD×Ht×Wt

}T
k=1

. For the l-th LTEM,{
Fl
tk

}T−1

k=1
and enhanced target frame features {F̃l−1

tT ∈
RD×Ht×Wt} from the last LTEM are fed into the module,

which generates local exemplars {C̃l ∈ RM×D} and en-

hanced target frame features F̃l
tT . The GTEM enhances tar-

get frame features with global exemplars to improve tempo-
ral consistency and gets output {Õ ∈ RD×Ht×Wt}. Finally,
Õ is processed through the segmentation head to produce
the final segmentation result.

3.2. Local Temporal Exemplar Module
LTEM models local temporal information by constructing
local exemplars and using them to enhance the target frame
features. Specifically, LTEM consists of three submodules:
Cluster Assignment Module (CAM), Selection and Aggre-
gation Module (SAM), and Feature Enhancement Module

(FEM). For the multi-frame input features of the l-th LTEM,
the CAM generates cluster assignments Al

tj for each frame.
Based on these assignments, the SAM constructs cluster
centers for each frame and completes the formation of lo-

cal exemplars C̃l by aggregating the cluster centers of the
reference and target frames. The FEM leverages these local
exemplars to enhance the target frame features.

CAM. As shown in Fig. 2b, CAM consists of two
branches: Parallel Deep Convolutional Branch (PDCB)
and Axial Decomposition and Correction Branch (ADCB).
Specifically, due to intricate variations in illumination inten-
sity, object morphology, and other factors within and across
frames in video data, directly employing simply stacked
convolutional layers is insufficient to capture high-quality
texture features. To address this, the PDCB adopts a multi-
branch design with parallel depthwise convolutions of vary-
ing kernel sizes. The extracted multi-scale features are ag-
gregated to construct intra-frame texture feature. This pro-
cess is formulated as:

Ll
tj = Fagg(

n∑
i=1

DWConvki

(
xltj

)
+ xltj ) (1)

where Fagg represents a point-wise convolutional layer,
DWConvki

represents a depthwise convolution with a ker-
nel size of ki, and xltj represents the output of the shallow
convolutional layers processed from F l

tj .
The ADCB extracts spatial features via horizontal and

vertical pooling. Then, small-kernel 1D convolution is ap-
plied along the orthogonal axis (e.g. vertical for horizontal
pooling and vice versa) to refine the extracted features with
small-scale axial corrections. The output at height h can be
formalized as:

Gl
tj (h) = ψkx×1(

1

W

W∑
i=0

yltj (h, i)) (2)

where yltj = ψ1×1(F
l
tj ). Similarly, the output at width w

can be formalized as:

Gl
tj (w) = ψ1×ky

(
1

H

H∑
i=0

yltj (w, i)) (3)

After performing small-scale axial corrections separately
along each axis, the features are aggregated by summation.
Subsequently, two orthogonal 1D convolutions with larger
kernels are applied to achieve large-scale edge corrections.
This process can be expressed as:

Gl
tj = ψ1×kg (ψkg×1(G

l
tj (c, h) +Gl

tj (c, w))) (4)

By applying corrections to the feature map across multi-
ple directions and scales, the model achieves enhanced ac-
curacy of cluster assignment.
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Figure 2. Overview of DTERN (three input frames illustrated, with It3 as the target frame). (a) DTERN consists of a shared encoder, N
LTEMs, a GTEM, and a segmentation head. Each LTEM includes three submodules: CAM, SAM, and FEM. (b) CAM consists of PDCB
and ADCB, which jointly perform cluster assignment for each frame. (c) SAM merges the cluster assignments through feature selection
and aggregates the cluster centers of the reference and target frames to construct local exemplars. (d) FEM enhances the target frame
feratures using local exemplars. (e) GTEM dynamically updates global exemplars to learn global temporal information.

A sigmoid function is applied to the ADCB output to
generate a weight matrix, which is then used to enhance the
texture features extracted by the PDCB. The final cluster
assignment is obtained as:

Al
tj = ψ1×1(L

l
tj ⊙ σ(Gl

tj ) + Ll
tj ) (5)

where σ denotes the sigmoid function, ⊙ denotes the
Hadamard product, Al

tj ∈ RM×Ht×Wt and M is the pre-
defined number of clusters.

SAM. Considering the discrepancies in cluster assign-
ments between adjacent LTEMs, we employ feature selec-
tion [30] to selectively merge these assignments. Specifi-
cally, we first concatenate all cluster assignments and flat-
ten them along both temporal and spatial dimensions Al

t =
flatten([Al

t1 , A
l
t2 , . . . , A

l
tT ]). The selection operation is

Ãl
t = ϕ · Al

t · sim(Al
t, ξ), where ξ represents the task

embedding, and sim(·) denotes the cosine similarity func-
tion. We perform a mean operation on the cluster assign-
ments of two adjacent layers to bring them closer together

Âl
t = Avg(Ãl

t, Ã
l−1
t ). Then, we reshape the result along the

temporal dimension to recover the cluster assignments for

each frame. Through matrix multiplication, we construct
cluster centers for each frame as:

Cl = δ(Âl
t)⊗ flatten(F l

t )
⊤ (6)

where F l
t denotes the outcome of concatenating all frame

features along the temporal dimension, the flattening oper-
ation is executed along the spatial dimension, δ is the soft-
max function and the cluster centers Cl ∈ RT×M×D.

As video data tends to be complex and variable, di-
rect summing or averaging cluster centers across different
frames may lead to erroneous feature alignment and unsta-
ble predictions. Video information can be divided into static
regions, which capture consistent areas across consecutive
frames, and dynamic regions, which highlight the content
specific to the current frame. We hypothesize that the varia-
tions in cluster centers align with the inter-frame variations.

Therefore, the local exemplars C̃l can be constructed by
aggregating the cluster centers of the reference and target
frames based on their similarity.

We define wl
tj as the similarity between the cluster cen-

ters of the j-th frame and the target frame in the l-th LTEM,
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while C̃l is denoted as:

C̃l = Cl
tT +

T−1∑
j=0

wl
tj Cl

tj (7)

where C̃l ∈ RM×D and Cl
tT denotes the cluster centers of

the target frame. We compute the similarity between cluster
centers using the following formula:

wl
tj = σ(∂ + βcos(Cl

tT ,C
l
tj )) (8)

where cos(·) denotes the cosine function, and ∂ and β are
trainable parameters that are initialized to 0 and 1.

FEM. To enhance the features of the target frame with

the local exemplars C̃l, we first map the target frame fea-
tures F l

tT to a query {Ql
i ∈ RHtWt×D} through the linear

layer.
Ql

i = FC(F l
tT ,Wquery) (9)

where Wquery represents the weights of the linear layer

FC. Similarly, C̃l is mapped to key {Kl
i ∈ RM×D} and

value {Vl
i ∈ RM×D} through the linear layer. Then, we

update the target frame features using:

F̃l
tT = δ

(
Ql

iK
l
i
⊤

√
c

)
Vi + F l

tT (10)

Since the predefined cluster number is typically smaller
than the number of tokens (M << HtWt), our approach is
expected to reduces the complexity from quadratic to linear.

Traditional methods for mining local temporal informa-
tion predominantly rely on the reference-target interaction
paradigm. However, they neglect inter-frame intra-class
discrepancies caused by complex video variations, leading
to unstable predictions. In contrast, we utilize local exem-
plars to model local temporal information, which can more
effectively leverage consistent temporal information and en-
hance the accuracy and consistency of segmentation.

3.3. Global Temporal Exemplar Module
To mine global temporal information for improving
effective consistency in segmentation, GTEM intro-
duces learnable tokens: frame-wise cluster centers
{FCC ∈ RTg×Mg×D} and video-wise cluster centers
{V CC ∈ RMg×D}. FCC denotes the cluster centers of
each frame input to the GTEM, interacting with the cor-
responding frame features to perform cluster assignments.
V CC serves as the video-level cluster centers as well as
the global exemplars. We leverage VCC to progressively
model global temporal information from local temporal in-
formation contained in the updated target frame features.
Specifically, we first apply linear transformations to the tar-
get frame features and FCC as follows:

dx = FC(F̃tT ,Wx) dy = FC(FCC,Wy) (11)

To simulate cluster assignment, we calculate the affinity be-
tween FCC and the target frame features, subsequently de-
riving a probability distribution through softmax normaliza-
tion as:

Sx,y = δ(dx ⊗ d⊤y ) (12)

We align the local temporal information with the global
temporal information contained in VCC by matrix multipli-
cation.

d̃x = Sx,y ⊗ V CC (13)

To strengthen the correlation between local and global
temporal information, we further update the target frame
features as:

Õ = δ

(
φq(F̃tT )φ

⊤
k (d̃x)√
c

)
φv(d̃x) + F̃tT (14)

where φ(·) denotes a linear transformation operations. The
Õ will be fed into the segmentation head for processing to
obtain the final segmentation result.

Through the utilization of global temporal information,
GTEM improves the effective consistency of video seman-
tic segmentation.

4. Experiment
4.1. Experimental Setup
Datasets. The proposed approach is primarily evaluated on
VSPW [24], the largest dataset for video semantic segmen-
tation. The dataset includes 2,806 training clips, 343 vali-
dation clips, and 387 testing clips. It covers 124 semantic
categories, such as people, cars, and roads, with annotations
surpassing those of previous video semantic segmentation
(VSS) datasets. To validate the generalization of DTERN,
we also conduct experiments on the Cityscapes dataset [6],
which includes 2975 training clips, 500 validation clips, and
1275 testing clips covering 19 categories. Unlike VSPW,
Cityscapes features higher resolution and is annotated ev-
ery 30 frames, making it suitable for semi-supervised tasks.
Implementation details. Similar to Segformer [37], we use
the MiT backbone pre-trained on ImageNet-1K as the en-
coder. Following prior works [31, 33], Our model adopts a
T = 4 four-frame input configuration: for the target frame
at time t, the input frame sequence is {t− 9, t− 6, t− 3, t}.
In the ADCB of the CAM, we set the kernel sizes as
{kx, ky} = 3 and kg = 11. For the PDCB, the ker-
nel sizes are configured as {k1, k2, k3, k4} = {13, 11, 9, 7}
when the backbone adopts MiT-B0, otherwise, they are set
to {k1, k2, k3, k4} = {11, 9, 7, 5}. In the VSPW exper-
iments, the number of clusters for the MiT-B0, MiT-B1,
MiT-B2, and MiT-B5 are set to 250, 200, 150, and 124. In
the Cityscapes experiments, the number of clusters for the
MiT-B0 and MiT-B1 are set to 60 and 45. All data prepro-
cessing procedures and training strategy are consistent with
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Methods Type Backbone Params (M)↓ mIoU↑ Weighted IoU↑ VEC8 ↑ VEC16 ↑ FPS↑ Sources
SegFormer [37] Image MiT-B0 3.8 33.1 57.1 30.1 31.3 96.1 NeurIPS (2021)

MRCFA [32] Self-attention MiT-B0 5.2 35.2 57.9 33.4 34.5 42.3 ECCV (2022)
CFFM [31] Self-attention MiT-B0 4.7 35.2 58.8 32.6 33.9 44.2 CVPR (2022)

CFFM++ [33] other MiT-B0 5.7 35.9 58.9 33.2 34.4 42.0 TPAMI (2024)
TFC [21] other MiT-B0 4.5 32.9 - - - - AAAI (2024)

Ours - MiT-B0 8.2 35.9 59.8 33.4 34.5 31.3 -
SegFormer [37] Image MiT-B1 13.8 37.7 59.5 33.8 35.0 88.2 NeurIPS (2021)

MRCFA [32] Self-attention MiT-B1 16.2 38.9 60.0 35.8 37.1 33.0 ECCV (2022)
CFFM [31] Self-attention MiT-B1 15.5 38.3 60.1 35.8 37.0 32.8 CVPR (2022)

CFFM++ [33] other MiT-B1 16.5 39.9 60.7 37.5 38.1 31.3 TPAMI (2024)
TFC [21] other MiT-B1 14.5 36.7 - - - - AAAI (2024)

TDSNet [39] other MiT-B1 15.4 39.2 60.2 - - - Inf. Sci. (2025)
Ours - MiT-B1 18.1 40.3 61.3 37.8 39.0 27.2 -

PSPNet [44] Image ResNet-101 70.5 36.5 58.1 - - 32.5 CVPR (2017)
OCRNet [40] Image ResNet-101 58.1 36.7 59.2 - - 34.5 ECCV (2020)

Mask2Former [4] Image Swin-S 68.9 42.1 63.1 - - - CVPR (2022)
MPVSS [35] Optical-flow Swin-S 108.0 40.4 62.0 - - - NeurIPS (2023)

ETC [22] Optical-flow OCRNet 58.1 37.5 59.1 - - 25.1 ECCV (2020)
NetWarp [36] Optical-flow OCRNet 58.1 37.5 58.9 - - 6.2 ECCV (2018)

TCBst-ocr [24] other ResNet-101 58.1 37.4 59.3 - - 8.1 CVPR (2021)
SegFormer [37] Image MiT-B2 24.2 44.1 63.7 40.3 41.5 54.2 NeurIPS (2021)
MRCFA [32] Self-attention MiT-B2 27.3 45.3 64.7 42.3 43.8 24.4 ECCV (2022)
CFFM [31] Self-attention MiT-B2 26.5 45.0 64.4 42.7 44.3 23.6 CVPR (2022)

CFFM++ [33] other MiT-B2 28.5 45.5 64.7 43.1 44.7 22.5 TPAMI (2024)
DCFM (K = 1) [45] other MiT-B2 24.8 45.0 64.3 - - - TCSVT (2024)

TDSNet [39] other MiT-B2 26.5 45.9 65.1 - - - Inf. Sci. (2025)
Ours - MiT-B2 29.1 46.1 65.2 43.3 45.2 20.6 -

SegFormer [37] Image MiT-B5 82.1 48.9 66.5 46.0 47.6 25.0 NeurIPS (2021)
MRCFA [32] Self-attention MiT-B5 84.5 49.9 66.0 45.9 46.8 11.4 ECCV (2022)
CFFM [31] Self-attention MiT-B5 85.5 49.3 66.5 47.1 48.2 10.6 CVPR (2022)

CFFM++ [33] other MiT-B5 87.5 50.1 66.5 47.6 48.7 10.4 TPAMI (2024)
TFC [21] other MiT-B5 82.8 48.3 - - - - AAAI (2024)

DCFM (K = 1) [45] other MiT-B5 82.1 49.5 66.0 - - - TCSVT (2024)
Ours - MiT-B5 86.3 50.3 66.7 48.1 49.3 10.6 -

Table 1. Comparison with the state-of-the-art methods on the val set of VSPW [24]. The best results under each setting are highlighted in
bold. The FPS is computed on a single NVIDIA GeForce RTX 4090.

those described in [31, 33]. The code is built on mmsegmen-
tation [5] codebase.
Evaluation metrics. Following previous works [4, 21, 24,
31, 33, 39], we primarily employ the mean IoU and the
weighted IoU as the main measures of segmentation per-
formance. Previous works [21, 31, 33, 39] have adopted
video consistency (VC) to evaluate the smoothness of the
predicted segmentation maps. Formally, VCC is computed
as follows:

VCC =
(
⋂C

i=1Qt+i) ∩ (
⋂C

i=1Q
′
t+i)

(
⋂C

i=1Qt+i)
(15)

where
{

Qt+i

}C
i=1

are the ground truth frames,
{

Q′
t+i

}C
i=1

are the predicted labels.
We observe that the VC metric solely focuses on predic-

tion consistency while neglecting the accuracy of segmen-
tation and exhibiting insensitivity to small-object segmenta-
tion. For instance, a prediction of all zeros would result in a
VC metric of 1, which is clearly undesirable. We introduce
constraint 1: predictions must be effective:

VC′
C =

(
⋂C

i=1Qt+i ∩
⋂C

i=1Q
′
t+i)

(
⋂C

i=1Qt+i)
(16)

The corrected VC′ metric considers both temporal consis-
tency and segmentation accuracy. We further introduce con-

straint 2: we compute the mean IoU for consistent regions.
Ultimately, our VEC metric is expressed as:

VECC =
1

Nc

Nc∑
k=1

(
(
⋂C

i=1(Qt+i = k) ∩
⋂C

i=1(Q
′
t+i = k))

(
⋂C

i=1(Qt+i = k) ∪
⋂C

i=1(Q
′
t+i = k))

)

(17)
where Nc denotes the category number. The VEC ensures
both temporal consistency and segmentation effectiveness.

4.2. Segmentation Results
Performance on the VSPW: A comparison of DTERN
with the state-of-the-art methods on the VSPW dataset is
shown in Tab. 1. As in previous work [31, 33, 39], we
also report the complexity of the models and categorize
the models into two groups: small models (with less than
20M parameters) and large models (with more than 20M
parameters). For small model, DTERN significantly out-
performs the baseline SegFormer [37], achieving a 2.8%
improvement in mIoU when using MiT-B0 as the back-
bone. DTERN also exhibits superior segmentation consis-
tency, with VEC8 and VEC16 increasing by 3.3% and 3.2%.
When using the MiT-B1 as the backbone, DTERN achieves
a 2.6% improvement in mIoU over SegFormer, with VEC8

and VEC16 increasing by 4.0%. For larger models with
MiT-B2 and MiT-B5 as the backbone, DTERN still signif-
icantly outperforms the baseline. DTERN provides consis-
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Figure 3. Qualitative results. From top to bottom: the input
frames, the ground truth (GT), DTERN predictions, CFFM++ [33]
predictions and CFFM [37] predictions.

tent performance improvement across all backbones, indi-
cating the effectiveness of the proposed framework.
Performance on the Cityscapes: We also report the per-
formance on the val set of the Cityscapes in Tab. 2. Simi-
lar to VSPW, DTERN also achieves better segmentation re-
sults than the baseline SegFormer[37]. When using MiT-B0
as the backbone, DTERN achieves a 2.6% improvement in
mIoU over the baseline SegFormer, reaching 74.5% mIoU.
With the deeper MiT-B1 as the backbone, the mIoU in-
creases by 1.9%, achieving 76.0% mIoU.
Comparison with state-of-the-art methods: Under the
same backbone, DTERN outperforms self-attention-based
models such as CFFM [31] and CFFM++ [33] in terms of
mIoU, weighted IoU, VEC8, and VEC16. For example, in
the VSPW experiments, DTERN achieves improvements of
0.7%, 2.0%, 1.1% and 1.0% over CFFM when using MiT-
B0, MiT-B1, MiT-B2, and MiT-B5 as backbones, respec-
tively. Compared to CFFM++, DTERN achieves compara-
ble mIoU results with MiT-B0 while demonstrating superior
mIoU performance in all other cases. Additionally, DTERN
achieves the best VEC8 and VEC16 scores across all back-
bones. DTERN constructs local exemplars to model local
temporal information, effectively enhancing the accuracy
and stability of predictions. Moreover, by leveraging global
exemplars to capture global temporal information, DTERN
further improves the effective consistency of segmentation.
Qualitative results: We present qualitative examples of
results in Fig. 3. We compare the predictions of DTERN
with CFFM++ and CFFM on MiT-B1. It can be observed
that the CFFM, which employs a reference-target interac-
tion paradigm, produces unstable predictions even for adja-
cent frames where the same region (the black-box region)
belongs to the same category. Although CFFM++ improves
prediction consistency, consecutive prediction errors across
frames. In contrast, DTERN demonstrates significantly im-
proved segmentation accuracy and temporal consistency,
delivering superior quantitative and qualitative results.

Methods Type Backbone Params (M)↓ mIoU↑ Sources
FCN [23] Image MobileNetV2 9.8 61.5 CVPR (2015)

PSPNet [44] Image MobileNetV2 13.7 70.2 CVPR (2017)
DFF [47] Optical-flow ResNet-101 - 68.7 CVPR (2017)

GRFP [25] Optical-flow ResNet-101 - 69.4 ECCV (2018)
DVSN [38] Optical-flow ResNet-101 - 70.3 ECCV (2018)
Accel [17] Optical-flow ResNet-101 - 72.1 ECCV (2019)
ETC [22] Optical-flow ResNet-18 13.2 71.1 ECCV (2020)

SegFormer [37] Image MiT-B0 3.7 71.9 NeurIPS (2021)
MRCFA [32] Self-attention MiT-B0 4.2 72.8 ECCV (2022)
CFFM [31] Self-attention MiT-B0 4.6 74.0 CVPR (2022)

CFFM++ [33] Self-attention MiT-B0 5.1 74.3 TPAMI (2024)
Ours - MiT-B0 7.7 74.5 -

SegFormer [37] Image MiT-B1 13.8 74.1 NeurIPS (2021)
MRCFA [32] Self-attention MiT-B1 14.9 75.1 ECCV (2022)
CFFM [31] Self-attention MiT-B1 15.4 75.1 CVPR (2022)

CFFM++ [33] other MiT-B1 15.9 75.7 TPAMI (2024)
DCFM* [45] other MiT-B1 - 74.4 TCSVT (2024)
TDSNet [39] other MiT-B1 - 75.7 Inf. Sci. (2025)

Ours - MiT-B1 17.8 76.0 -

Table 2. Comparison with recent efficient VSS models on the
Cityscapes val set [6]. The best results are highlighted in bold.

4.3. Ablation Study
For a fair comparison, we follow the training strategy in
[31, 33] and conduct ablation studies with MiT-B1 on the
VSPW dataset [24].
Effectiveness of GTEM: We conduct ablation experiments
on GTEM to study its effect on the model. As shown in
Tab. 3, the inclusion of the GTEM module results in a 0.2%
improvement in both VEC8 and VEC16. This demonstrates
that GTEM enhances the effective consistency of segmen-
tation by capturing global temporal information through
global exemplars. The slight decrease in mIoU can be at-
tributed to the reference frame selection strategy, which en-
ables the model to extract rich global temporal information
relevant to the target frame. While GTEM further enhances
segmentation consistency by exploiting global temporal in-
formation across the entire video, its stronger emphasis on
global contexts may inadvertently dilute fine-grained details
in the target frame features.

# GTEM SAM CAM mIoU↑ VEC8 ↑ VEC16 ↑PDCB ADCB
a ✓ ✓ ✓ 40.4 37.6 38.8
b ✓ ✓ ✓ 40.0 37.1 38.0
c ✓ ✓ 39.7 36.7 37.8
d ✓ ✓ ✓ 38.3 35.6 36.6
e ✓ ✓ ✓ 39.6 37.1 38.1
f ✓ ✓ ✓ ✓ 40.3 37.8 39.0

Table 3. Ablation study of proposed blocks .

Effectiveness of CAM: To demonstrate the gain of CAM,
we replace it with ResBlock with comparable parameters.
As illustrated in Tab. 3, CAM achieves a 0.6% improve-
ment in mIoU. This demonstrates that the proposed CAM
enables more accurate cluster assignments compared to tra-
ditional stacked convolutional layers, leading to a signifi-
cant improvement in segmentation performance. We also
report ablation experiments on the dual-branch architecture
of CAM. The results indicate that the removal of either the
PDCB or ADCB leads to performance degradation. We ob-
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# Num mIoU↑ VEC8 ↑ VEC16 ↑
a 32 39.3 36.1 37.1
b 124 39.7 37.2 38.1
c 200 40.3 37.8 39.0
d 2048 39.6 37.0 37.9

Table 4. Ablation study on the number of cluster centers.

Method Pearson↑ Spearman↑ Kendall↑
CFFM CFFM++ CFFM CFFM++ CFFM CFFM++

Video Consistency 59.4 61.4 59.7 61.0 42.2 43.5
Video Effective Consistency 88.1 88.2 88.0 88.1 71.6 71.5

Table 5. Correlations between measured TC and ground-truth TC.

Methods mIoU↑ VEC8 ↑ VEC16 ↑ Sources
ClusterFormer [20] 38.0 34.9 36.3 NeurIPS (2023)

PaCaViT [10] 39.7 36.8 38.5 CVPR (2023)
Ours 40.3 37.8 39.0 -

Table 6. Ablation study on clustering strategy.

serve a sharp drop in mIoU when the ADCB is removed,
which indicates the benefits of non-local features. When
both branches are incorporated, DTERN achieves optimal
performance with a 40.3% mIoU. This highlights the syn-
ergistic improvement between the two branches. Further-
more, we provide a visualization of our cluster assignments
generated by CAM in Fig. 4.
Effectiveness of SAM: To validate the benefits of SAM,
we substitute our cluster center aggregation strategy with
direct summation across frames. The experimental results
in Tab. 3 demonstrate that this additive operation causes
a 0.3% mIoU degradation. Complex variations between
video frames may cause spatial discrepancies in cluster cen-
ters and lead to unstable predictions, which SAM effectively
mitigates, resulting in improved model performance.
Influence of the number of cluster centers: Table 4 ex-
plores the impact of the cluster-category cardinality rela-
tionship (K vs. C) on segmentation performance: the opti-
mal mIoU is achieved whenK is slightly larger thanC (e.g.,
K = 200); K < C (e.g., K = 32) limits feature discrim-
inability, leading to inter-class confusion (with a 1% drop in
mIoU); whenK = C, rigid correspondences reduce perfor-
mance in complex scenes (with a 0.6% drop in mIoU); and
K >> C (e.g., K = 2048) introduces computational re-
dundancy and overfitting (with a 0.7% drop in mIoU). The
results indicate that a moderate number of clusters (K > C)
can generate finer-grained feature representations for com-
plex scenes, enhancing flexibility and expressive power.
Effectiveness of VEC: To validate the effectiveness of
the VEC, we conduct experiments based on the Measur-
ing Temporal Consistency [43] to evaluate VC and VEC.
As shown in Tab. 5, in terms of Pearson, Spearman, and
Kendall correlation coefficients, VEC exhibits significantly
stronger correlation with the ground-truth TC compared to
the video consistency measure. We also demonstrate the

Figure 4. Qualitative results of our cluster assignments. Different
cluster assignments effectively focus on different category regions.
For certain categories, we generate diverse cluster assignments.

Pred

VC = 98.1 VEC = 43.4 VC = 96.7 VEC = 73.0

GT

Figure 5. Qualitative comparison of VC and VEC metrics using
CFFM++ predictions.

qualitative analysis of the VC and VEC in Fig. 5.
Effectiveness of clustering strategy: In Tab. 6, we also
compare our clustering strategy with recently adopted clus-
tering strategies [10, 20] in image segmentation. Our strat-
egy outperforms the others. The efficacy of our approach
stems from its capability to address two inherent chal-
lenges: 1) complex variations in illumination, object mor-
phology, and other scene dynamics that render traditional
stacked convolutions inadequate for precise cluster assign-
ments, and 2) prediction instability caused by cluster as-
signment discrepancies between adjacent LTEMs and inter-
frame cluster center variations. Our CAM improves clus-
ter assignment accuracy and SAM mitigates instability, ul-
timately enhancing segmentation performance.

5. Conclusion
For video semantic segmentation, the effective utilization of
both local and global temporal information is crucial. In this
paper, the primary contributions are two folds: 1) a novel
Video Effective Consistency metric for evaluating tempo-
ral consistency and segmentation effectiveness simultane-
ously and 2) the Dual-Temporal Exemplar Representation
Network (DTERN), leveraging the strong representational
capability of cluster centers to effectively model local and
global temporal information and achieving more accurate
and efficient segmentation results. To the best of our knowl-
edge, this is the first work to implement end-to-end video
semantic segmentation by utilizing exemplars. DTERN in-
troduces two key modules: the Local Temporal Exemplar
Module and the Global Temporal Exemplar Module. The
former constructs local exemplars to model local temporal
information, enabling stable prediction of the target frame,
thereby enhancing segmentation accuracy. The latter lever-
ages global exemplars to dynamically learn global tempo-
ral information, improving the effective consistency of seg-
mentation. With a limited increase in parameters, DTERN
achieves improved segmentation performance.
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