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Abstract

Most Neural Video Codecs (NVCs) only employ tempo-
ral references to generate temporal-only contexts and la-
tent prior. These temporal-only NVCs fail to handle large
motions or emerging objects due to limited contexts and
misaligned latent prior. To relieve the limitations, we pro-
pose a Spatially Embedded Video Codec (SEVC), in which
the low-resolution video is compressed for spatial refer-
ences. Firstly, our SEVC leverages both spatial and tem-
poral references to generate augmented motion vectors and
hybrid spatial-temporal contexts. Secondly, to address the
misalignment issue in latent prior and enrich the prior in-
formation, we introduce a spatial-guided latent prior aug-
mented by multiple temporal latent representations. At last,
we design a joint spatial-temporal optimization to learn
quality-adaptive bit allocation for spatial references, fur-
ther boosting rate-distortion performance. Experimental
results show that our SEVC effectively alleviates the limi-
tations in handling large motions or emerging objects, and
also reduces 11.9% more bitrate than the previous state-of-
the-art NVC while providing an additional low-resolution
bitstream. Our code and model are available at https:
//github.com/EsakaK/SEVC.

1. Introduction
The fundamental problem in video coding lies in deter-

mining rich references and effectively utilizing them to ob-
tain an accurate prediction. The richer the references, the
better the prediction, and the more bitrate saved.

Over the years, advancements in traditional video
codecs [9, 18, 46, 54, 60] have heavily relied on more effi-
cient utilization of temporal references. For example, more
complex motion models [31, 33, 59, 61], are proposed to
improve the quality of prediction. Inspired by them, recent
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Figure 1. Compared with previous Neural Video Codecs (NVCs),
our proposed codec embeds a base temporal-only codec to com-
press the low-resolution motion vbt and frame xb

t and provide ad-
ditional spatial references. Spatial and temporal references then
augment deep contexts for frame coding.

developments in neural video codecs (NVCs) [20, 28, 29,
50, 51, 56] have also concentrated on improving the utiliza-
tion efficiency of temporal references.

However, for most recent NVCs, employing only tem-
poral references fails to handle large motions or emerging
objects. One reason is that the motion models in existing
NVCs are not strong enough to accurately estimate motion
vectors (MVs) [41], and inevitable motion coding errors ex-
acerbate this inaccuracy. Inaccurate MVs disrupt the con-
text mining, resulting in poor temporal contexts. Another
reason is that these temporal-only contexts rely on limited
temporal references, such as a single previously decoded
feature and the misaligned latent prior [27], challenging to
describe emerging objects. Therefore, mitigating the MV
errors and generating richer contexts still represent the lim-
itations encountered by NVCs.

Deviating from previous temporal-only NVCs, we draw
inspiration from Video Super-Resolution (VSR) [10, 11, 23,

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
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Figure 2. Comparison of our Spatially Embedded Video Codec (SEVC) and previous NVCs. (a) compresses the residual between the
prediction frame x̄t and the input frame xt. (b) extracts deep contexts Ct from the previously reconstructed frame to serve as the coding
condition. (c) further improves the utilization of temporal references in both motion coding and frame coding. (d) conducts a base coding
on the low-resolution input frame xb

t and utilizes both spatial and temporal references for frame coding.

52] by incorporating additional low-resolution spatial ref-
erences to reconstruct the high-resolution frame. To alle-
viate the limitations caused by insufficient references, we
propose our Spatially Embedded Video Codec (SEVC). As
shown in Figure 1, in previous NVCs, only temporal refer-
ences are utilized for frame coding. By contrast, our SEVC
embeds a base temporal-only codec [28] to provide addi-
tional spatial references. Then spatial references and tem-
poral references are augmented for frame coding.

A more detailed comparison is shown in Figure 2.
DVC [38] considers the aligned reconstructed frame as the
prediction and the residual between the prediction and in-
put frame is compressed. DCVC [26] proposes replacing
the prediction frame with deep contexts, which serves as
the condition in frame coding. DCVC-DC [28] further im-
proves the utilization of temporal references in both motion
coding and frame coding. However, these NVCs still rely
on temporal-limited references.

Regarding DCVC-DC [28] as our base codec, we mainly
focus on designing the augmentative codec. Specifi-
cally, our SEVC first compresses a 4x downsampling low-
resolution frame, resulting in three low-resolution spatial
references [6]: the base MVs, the spatial feature, and the
spatial latent representation. Then a Motion and Feature
Co-Augmentation (MFCA) module is proposed to augment
base MVs and the spatial feature. The MFCA leverages
the temporal feature to progressively amplify the quality of
base MVs and the spatial feature. With the augmented base
MVs and the spatial feature, hybrid spatial-temporal deep
contexts are obtained for better frame coding. In addition
to generating augmented deep contexts, introducing spatial
references also benefits the entropy model. Given spatial la-
tent representation as the guidance, multiple temporal latent
representations could be aligned implicitly via Transform-
ers [37, 52]. To further boost rate-distortion (RD) perfor-
mance, we introduce a joint spatial-temporal optimization
strategy to learn better bit allocation for spatial references.

Experiments show that our proposed SEVC effectively
alleviates the coding limitations encountered by previous
NVCs in handling large motions or emerging objects. When
evaluated on commonly used test sets, our SEVC achieves
state-of-the-art (SOTA) performance and far surpasses pre-
vious NVCs [19, 27–29, 50, 51] in sequences with afore-
mentioned conditions. Our contributions are summarized
as follows:
• We introduce embedding a base codec for additional spa-

tial references to alleviate limitations in handling large
motions and emerging objects. Spatial references benefit
the generation of contexts and latent prior.

• For augmenting contexts, we propose a Motion and Fea-
ture Co-Augmentation module that progressively gener-
ates hybrid spatial-temporal contexts. For augmenting the
latent prior, we introduce a spatial-guided latent prior that
merges multiple temporal latent representations.

• We develop a joint spatial-temporal optimization strategy
that helps the spatially embedded codec learn better bit
allocation, further boosting RD performance.

• Our proposed codec surpasses the previous SOTA NVC
by 11.9% more bitrate saving while providing a low-
resolution bitstream.

2. Related Work
2.1. Neural Video Coding

Recent advancements in Neural Video Codecs (NVCs)
have demonstrated the the superior potential of neural video
coding. Existing studies on NVCs can be broadly catego-
rized into two types: residual coding and conditional cod-
ing. Residual coding [3, 15, 20, 21, 36, 38, 39, 47, 48] ad-
dresses the frame differences to reduce redundancy, while
conditional coding [19, 22, 24–29, 50] exploits correlation
based on contextual information from temporal references.
Another kind of NVCs based on neural video representa-
tions [12, 13, 30, 64] is also gaining attention, but we will
not discuss them because the technical routes are so far
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apart. Our SEVC adopts conditional coding due to its flexi-
ble use of conditions but explores spatial references to gen-
erate richer contextual information for frame coding.

2.2. Deep Contexts Augmentation
Conditional coding exploits contextual information as

the prediction, where the richness of contexts determines
how good the prediction is. Most existing NVCs augment
contexts [4, 26, 28, 43, 50, 51] through better utilization of
temporal references. DCVC-TCM [50] incorporates a Tem-
poral Context Mining module that extracts multi-scale con-
texts from propagated features instead of decoded frames.
DCVC-DC [28] proposes the Group-Based Offset Diver-
sity Alignment to estimate offset maps for different feature
groups, augmenting the capacity of temporal contexts to de-
scribe diverse scenarios. In the entropy model, Mentzer et
al. use Transformers [57] to directly predict the contexts
in latent space. DCVC-HEM [27] introduces the temporal
latent prior1 to further exploit temporal correlation.

However, temporal contexts are insufficient to describe
newly appearing objects and are vulnerable to the accuracy
of MVs [41], thereby failing to describe large motions or
emerging objects. Meanwhile, there are works [4, 63] that
leverages spatial references. Yang et al. [63] compress the
space-time down-sampled video and reconstruct it through
a space-time super-resolution network. Alexandre et al. [4]
interpolate the prediction of the input low-resolution frame
with the properties of random-access scenarios, and a super-
resolution network is used to get a high-resolution predic-
tion frame. These methods are not oriented to low-delay
scenarios, where the interpolated MVs are unavailable. In
addition, they consider prediction in pixel space which is in-
ferior to contexts in feature space [20, 26]. By contrast, our
SEVC augments the base MVs and the spatial feature syn-
ergistically to generate hybrid contexts in feature space.

3. Method
3.1. Overview

We downsample the input video x to the low-resolution
(LR) base video xb, with their respective sources denoted
as X and Xb. From an information-theoretic persepec-
tive [14], the entropy of X can be decomposed into the sum
of the entropy of Xb and the conditional entropy of X given
Xb:

H(X) = H(Xb) +H(X|Xb), (1)

which shows that the coding process for the original video
can be divided into two parts: one for the base video and an-
other for the original video conditioned on the base video2.

1To distinguish contexts in feature space and latent space, the term
“contexts” refers to contexts in feature space, while “prior” denotes con-
texts in latent space.

2The derivation of Equation (1) is placed in the Supplementary Mate-
rial.
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Figure 3. Overview of our SEVC. Our SEVC embeds a base
temporal-only codec for obtaining spatial references: base MVs
v̂bt , spatial feature F̂ b

t , and spatial latent representation ŷb
t . Both

the spatial and temporal references are utilized for the coding of
the input frame xt.

Figure 3 shows the diagram of our spatially embedded
video codec. The base codec first compresses the 4x down-
sampling base frame xb

t , deriving three spatial references:
the base MVs v̂bt , the spatial feature F̂ b

t , and the spatial la-
tent representation ŷbt . These spatial references are subse-
quently augmented by the augmentative codec across two
branches. One is the progressive augmentation of v̂bt and
F̂ b
t through our proposed MFCA module to generate hybrid

spatial-temporal contexts C1
t , C

2
t , C

3
t . The other branch is

the augmentation of ŷbt using multiple temporal latent rep-
resentations ŷt−1, ŷt−2, ŷt−3 to generate the latent prior ȳt.
We will introduce them in Section 3.2 and Section 3.3. In
addition, a joint spatial-temporal optimization strategy is
proposed in Section 3.4 to further boost RD performance.

3.2. Motion and Feature Co-Augmentation
Most previous NVCs estimate and compress full-

resolution MVs [26–29, 35, 38, 39, 50], and reconstructed
MVs are used for the alignment of decoded temporal frames
or features. However, these NVCs only depend on tempo-
ral references, which can lead to suboptimal performance
in complex scenarios involving large motions or emerging
objects because of epistemic uncertainty [41]. To alleviate
this, [20, 21, 28] estimate offset map instead of optical flow
to represent motion. However, they still ignore motion cod-
ing errors. Another aspect is that temporal-only references
are not enough to describe emerging objects in the input
frame that are not available in the previous frames.

Inspired by Video Super-Resolution [10, 11, 23, 52], We
consider whether we can introduce LR base MVs and an
LR spatial feature to provide basic information for recon-
structing the input frame, and then the temporal feature can
be used to augment them progressively. To this end, we
propose the Motion and Feature Co-Augmentation (MFCA)
module to progressively generate hybrid spatial-temporal
deep contexts.

As shown in Figure 4 (a), the MFCA module follows
a bottom-up structure, progressively augmenting the base
MVs and the spatial feature with incremental qualities and
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Figure 4. Diagrams of the Motion and Feature Co-Augmentation module. “UP” represents upsampling using subpixel convolution [53] with
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(a) Input Base MVs (b) Base MVs Augmented Once (c) Base MVs Augmented Twice
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Figure 5. Visualization of base MVs and the spatial feature within
the multi-stage augmentation in the middle scale.

resolutions. The temporal feature F̂t−1 are first extracted
into multi-scale features [50]. Then starting from the small-
est scale, the base MVs v̂bt and spatial feature F̂ b

t are aug-
mented by the corresponding temporal feature through a
multi-stage augmentation. The multi-stage augmentation
in each scale consists of several Augment Stages, and the
operation within one Augment Stage is illustrated in Fig-
ure 4 (b). In the ith Augment Stage of the lth scale, the base
MVs v̄li are first augmented by adding the residual predicted
through one Augment Unit:

v̄li+1 = v̄li + fAU (cat(F̂
l
t−1, F̄

l
i , v̄

l
i)), l = 1, 2, 3, (2)

where cat represents channel dimension concatenation and
fAU (·) represents the Augment Unit. The augmented base
MVs v̄li+1 are then used for a better alignment of multi-
scale features F̂ l

t−1. This better-aligned temporal feature
could provide more accurate information to augment the
spatial feature, and the augmented spatial feature F̄ l

i+1 is
also obtained by adding the residual predicted through an-
other Augment Unit:
F̄ l
i+1 = F̄ l

i +fAU (cat(warp(F̂
l
t−1, v̄

l
i+1), F̄

l
i )), l = 1, 2, 3.

(3)
The augmented base MVs v̄li+1 and spatial feature F̄ l

i+1 are

treated as low-quality inputs for the next Augment Stage
and further augmented. Since the resolutions differ across
scales, subpixel convolution [53] with a factor of 2 is used
to ensure that the augmentation loop works properly. The
last augmented base MVs in each scale are utilized to align
the temporal feature by warp operation or Offset Diversity
Alignment [28]. The eventually aligned multi-scale tempo-
ral features are then concatenated with augmented spatial
features, fed into the context fusion module to generate hy-
brid spatial-temporal contexts C1

t , C
2
t , C

3
t . Although multi-

stage augmentation may introduce considerable computa-
tional overhead, our Augment Unit, as illustrated in Fig-
ure 4 (c), operates at a declining resolution to mitigate this
issue.

Figure 5 presents a visualization of the multi-stage aug-
mentation in the middle scale. Before the augmentation, the
base MVs and the spatial feature exhibited significant blur-
ring at edges and regions with complex textures. After two-
stage augmentation, it can be observed that the blurring in
the MVs is effectively mitigated. The augmented MVs lead
to a more accurate alignment of the temporal feature and
thus a higher quality spatial feature.

3.3. Spatial-Guided Latent Prior Augmentation

Entropy models in NVCs rely on the prior information
to estimate the distribution of the quantized latent represen-
tation ŷt. Subsequently, an entropy coding algorithm [17]
can be used to compress ŷt into a bitstream. The accuracy
and richness of the priors significantly affect the precision
of the estimated distribution. In addition to the commonly
used context prior [26] and the hyperprior [5], as shown in
Figure 6 (a), previous NVCs [27–29, 51] consider the previ-
ously decoded latent representation ŷt−1 as the latent prior.
This off-the-shelf latent prior is not optimal because of the
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(a) Latent prior ŷt−1 used in previous NVCs.

(b) Latent prior ȳt used in our SEVC.

Figure 6. Comparison of different latent priors. (a) is the tem-
porally misaligned latent representation ŷt−1. Given the spatial
latent representation ŷb

t as the query, (b) is augmented by multiple
temporal latent representations ŷt−1, ŷt−2, ŷt−3. Dashed lines in-
dicate updates for the latent representations.

misalignment with the current index. As show in Figure 7
(c), a large residual occurs between ŷt and the latent prior
ŷt−1, adversely affecting distribution estimation.

In our SEVC, in addition to the temporal latent represen-
tation ŷt−1, there is a spatial latent representation ŷbt . Shi
et al. [52] gives a perspective that the attention mechanism
in Transformers [16, 37, 57] can directly capture the tem-
poral correlation between multiple frames. Unlike existing
NVCs, which lack a suitable low-quality representation of
the input frame for querying, our spatial latent representa-
tion ybt fulfills this requirement well.

The spatial latent representation ŷbt not only guides the
alignment of the temporal latent representation ŷt, but also
could complement richer prior information. To further ex-
tend prior information, we also query for multiple temporal
latent representations. As shown in Figure 6 (b), given ŷbt
(4x upsampled by subpixel convolution to align the reso-
lution) as the query Q and three temporal latent represen-
tations ŷt−3, ŷt−2, ŷt−1 as the keys K and values V , the
Transformers [34, 52] align and fuse multiple temporal la-
tent representations as the latent prior ȳt. The temporal la-
tent representations are organized in a queue structure.

As shown in Figure 7, our latent prior ȳt has a less
residual compared to the latent prior ŷt−1 used in previ-
ous NVCs and the upsampled spatial latent representation
UP (ŷbt ). The latent prior and context prior extracted from
hybrid contexts, will be fed together into the entropy model
to estimate the distribution. Due to similar characteristics of
hyper encoder/decoder and our base codec, we discard the
hyperprior to avoid posterior collapse [40].

(a) Input Frame

(c) Latent Residual in
DCVC-DC (Frame bpp 0.075, Rec.
PSNR 36.54 dB)

(d) Latent Residual in
SEVC (Frame bpp 0.052, Rec.
PSNR 36.57 dB)

(b) Latent Residual ( )

Figure 7. Illustration of latent residuals for different priors. The
residual of our latent prior ȳt and latent representation ŷt is much
less than that in DCVC-DC. Compared to the upsampled spatial
latent representation UP (ŷb

t ), our prior is augmented by temporal
latent representations and also performs a less residual.

3.4. Joint Spatial-Temporal Optimization

In traditional spatially scalable video coding [8, 42, 49],
when videos with two different resolutions are compressed,
the LR video is commonly given a higher quality to pro-
vide better spatial references. Better spatial references ben-
efit the coding for the full-resolution video and improve the
performance. Such a hierarchical quality structure is usu-
ally accomplished by assigning a smaller Quantization Pa-
rameter (QP) to the base layer, thereby allocating more bits
to it [55].

However, our SEVC differs from those traditional codecs
in two aspects. One is that the performance of the base
codec can be sacrificed for the purpose of obtaining a better
full-resolution RD performance. Another aspect is that the
bit allocation strategy for spatial references could be opti-
mized end-to-end without handcrafted QP design.

To stabilize the training, we first independently optimize
the two parts like previous NVCs [19–21, 26, 38, 39, 50].

L =


1

T

T∑
t

(wt · λ ·Db
t +Rb

t), if base codec,

1

T

T∑
t

(wt · λ ·Dt +Rt), otherwise,

(4)

where wt denotes the frame-level hierarchical quality
weight [28] and t indicates the frame index. Rb

t is the esti-
mated bpp (bits per pixel) for the base codec and Rt for the
whole codec. Db

t measures the distortion between LR input
frame xb

t and LR reconstructed frame x̂b
t , while Dt mea-

sures it between input frame xt and reconstructed frame x̂t.
The base codec is trained first, followed by the augmenta-
tive part. When one part is being trained, the parameters of
the other are frozen. After the independent optimization, we
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Figure 8. Rate and distortion curves on four 1080p datasets. The Intra Period is 32 with 96 frames.

Table 1. BD-Rate (%) comparison for PSNR. The Intra Period is 32 with 96 frames. The anchor is VTM-13.2 LDB.

HEVC B HEVC C HEVC D HEVC E MCL-JCV UVG USTC-TD Average

DCVC [26] 119.6 152.5 110.9 274.8 106.6 133.9 139.6 148.3

DCVC-TCM [50] 32.8 62.1 29.0 75.7 38.2 23.1 75.3 48.0

DCVC-HEM [27] –0.7 16.1 –7.1 20.7 –1.6 –17.2 20.6 4.4

DCVC-DC [28] –13.9 –8.8 –27.7 –19.2 –14.4 –25.9 10.8 –14.2

Sheng-2024 [51] –13.7 –2.3 –24.9 –8.4 –7.1 –19.7 7.7 –9.8

DCVC-FM† [29] –10.3 –8.4 –25.8 –21.9 –8.1 –20.4 25.7 –9.9

SEVC (ours) –16.4 –15.8 –30.0 –28.5 –23.3 –30.2 –13.4 –22.5
† Since the YUV MSE weight is higher than the RGB MSE in the loss function of DCVC-FM, its performance is inferior to DCVC-DC in this setting.
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Figure 9. Illustration of base codec bits proportion. The joint
spatial-temporal optimization leads our codec to learn a quality-
adaptive bits allocation. Given the temporally hierarchical quality
structure, the low-quality reconstruction frame implies more base
bits while the high-quality one favors less.

conduct the following joint spatial-temporal optimization:

L =
1

T

T∑
t

(wt · λ · (Dt + wl ·Db
t ) +Rt), (5)

where wl is a regular constraint of the base reconstruction.
wl is set to a small value to ensure the base reconstruction
while barely affecting the full-resolution RD performance.
Experiments in Sec. 4.3 show that this constraint is neces-
sary to guarantee proper spatial references.

As shown in Figure 9, without joint optimization, the
bits proportion shows a relatively flat trend. However, after
conducting joint optimization, our SEVC learned a more
reasonable bit allocation. Given the temporally hierarchi-
cal quality structure, the low-quality reconstruction implies
more base bits while the high-quality one favors less. This
suggests that our codec learned to adaptively allocate bits

for spatial references based on the required quality.

4. Experimental Results

4.1. Experimental Settings
Training Setup Our proposed SEVC is trained on

Vimeo-90k [62] using the multi-stage training strategy [50].
The independent optimization for the two parts is conducted
on the official train split, while the joint optimization is con-
ducted on a selected subset of 9000 sequences from the
original videos of the Vimeo-90k dataset. The sequences
are randomly cropped into 256×256 in the independent op-
timization training stage and 384×256 in the joint optimiza-
tion finetuning stage. A group of 6 frames is used for inde-
pendent optimization and 32 frames for joint optimization.
The λ in Equation (4) and (5) is set to {50, 95, 200, 400}
for different bitrates, and the batch size is set to 8. The LR
input frame is generated by bicubic downsampling [2].

Testing Setup UVG [44], MCL-JCV [58], HEVC Class
B∼E [7], and USTC-TD [32] are used as the test sets. The
distortion is calculated on full-resolution RGB colorspace
and the BT.601 coefficient is used for the conversion be-
tween YUV420 and RGB colorspace. To demonstrate the
superiority of our proposed SEVC, we compare our codec
with the traditional codec–VTM-13.2 LDB [1] and several
advanced conditional NVCs designed for low-delay sce-
narios: DCVC [26], DCVC-TCM [50], DCVC-HEM [27],
DCVC-DC [28], Sheng-2024 [51], and DCVC-FM [29].
We follow [27–29, 50, 51] to test 96 frames for each video.
The Intra Period (IP) is set to 32 when SEVC is compared to
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Figure 10. Rate and distortion curves on four 1080p datasets. The Intra Period is –1 with 96 frames.

Table 2. BD-Rate (%) comparison for PSNR. The Intra Period is –1 with 96 frames. The anchor is VTM-13.2 LDB.

HEVC B HEVC C HEVC D HEVC E MCL-JCV UVG USTC-TD Average

DCVC-HEM [27] 10.0 30.0 –1.1 68.6 4.9 1.2 27.2 20.1

DCVC-DC [28] –10.8 –0.1 –24.2 –7.7 –13.0 –21.2 11.9 –9.3

DCVC-FM [29] –11.7 –8.2 –28.5 –26.6 –12.5 –24.3 23.9 –12.6

SEVC (ours) –17.5 –15.1 –31.6 –34.0 –27.7 –33.2 –12.5 –24.5

Table 3. BD-Rate (%) comparison for PSNR. The Intra Period is
32 with 96 frames. The anchor is DCVC-HEM.

Sequence Name DCVC-DC SEVC

* USTC BicycleDriving [32] –17.9 –55.9

* videoSRC21 1920x1080 24 [58] –14.5 –31.3

† BasketballDrive 1920x1080 50 [7] –8.5 –24.7

† BQMall 832x480 60 [7] –28.7 –35.9
* indicates sequences including large motions.
† indicates sequences including significant emerging objects.

all codecs and IP is set to –1 when compared to DCVC-DC
and DCVC-FM.

4.2. Compared to Previous NVCs
Figure 8 and Figure 10 shows the RD curves of our

SEVC and other codecs on four 1080p datasets, and Ta-
ble 1 and Table 2 shows the BD-Rate results on all datasets.
When the IP is set to 32, DCVC-DC achieves the high-
est bitrate saving compared to other previous NVCs, aver-
aging 14.2% over the anchor VTM. However, our SEVC
achieves 8.3% more bitrate saving compared to DCVC-DC.
Since DCVC-FM is mainly designed for IP –1, DCVC-FM
achieves the highest bitrate saving under IP –1, averaging
12.6% over the anchor VTM. In this case, our SEVC still
achieves 11.9% more bitrate saving. In addition to the su-
perior performance, our SEVC provides an additional base
bitstream which can be independently decoded into a low-
resolution video.

Furthermore, as demonstrated in Table 3, our SEVC far
surpasses the previous SOTA codec in sequences with large
motions or significant emerging objects. Through the visu-
alization of intermediate MVs and contexts in Figure 11, we
can observe that our augmented MVs have an even higher
quality compared to MVs estimated by Spynet [45]. Al-
though better MVs were obtained, certain areas that newly

appeared, such as the Thor hammer marked by the red box,
still exhibit a large residual. This indicates that temporal
references are not rich enough to generate a good predic-
tion for the emerging object. However, our hybrid spatial-
temporal contexts incorporate spatial references and com-
plement the additional description for the hammer. More
visualization results can be found in the Supplementary Ma-
terial.

4.3. Ablation Studies
To validate the effectiveness of each technique used to

improve the performance of our SEVC, we conduct com-
prehensive ablation studies. The average BD-Rate, calcu-
lated in terms of RGB PSNR on the HEVC datasets, is used
here for comparison. Our method is marked in bold.

Motion and Feature Co-Augmentation. Table 4 shows
the ablation study on the effectiveness of our MFCA. “w/o
augmentation” represents that the base MVs and the spa-
tial feature are directly sent to the context fusion part with-
out any augmentation. “N stages” represents N Augment
Stages in each scale. A positive correlation can be observed
between performance and the number of Augment Stages.
However, compromising complexity and performance, we
adopt two Augment Stages in each scale.

Different Latent Priors. To demonstrate the advantages
of our spatial-guided latent prior, we split and reassemble
the prior generation components into four methods in Ta-
ble 5. The comparison between M1 and M2 indicates bene-
fits brought by multiple temporal latent representations. M3

uses convolution networks instead of Transformers in M2,
resulting in a 5% increase in bitrate, which demonstrates the
effectiveness of implicit alignment of Transformers. The
last M4 method further discards spatial latent representa-
tion in prior generation, and also performs bitrate increase.

Joint Spatial-Temporal Optimization. To better un-
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(b) Reconstructed MVs in DCVC-DC
(Warp PSNR 24.46 dB)

(f) Reconstructed MVs in SEVC
(Warp PSNR 25.88 dB)

(g) Warp Frame Residual in SEVC

(c) Warp Frame Residual in DCVC-DC (d) Largest-Scale Context in DCVC-DC
(Frame bpp 0.0904, Rec. PSNR 36.92 dB)

(a) Estimated MVs by Spynet
(Warp PSNR 25.85 dB)

(h) Largest-Scale Context in SEVC
(Frame bpp 0.0526, Rec. PSNR 37.16 dB)

(e) Input Frame

Ground Truth

Figure 11. Visualization of the MVs and contexts in DCVC-DC and our SEVC.

Table 4. Ablation Study on MFCA.

w/o augmentation 1 stages 2 stages 3 stages

MACs 2616G 2938G 3263G 3588G

BD-Rate (%) 17.5 4.7 0.0 –1.9

Table 5. Ablation Study on Different Latent Priors.

M1 M2 M3 M4

ŷb
t • • •

ŷt−1 [27] • • •

ŷt−1, ŷt−2, ŷt−3 •

Transformers [52] • •

BD-Rate (%) 0.0 1.5 6.5 8.4

derstand how the joint spatial-temporal optimization affects
the RD performance, we conduct experiments under differ-
ent strategies as shown in Table 6. If the joint optimization
is not conducted, i.e., the base codec parameter is fixed dur-
ing finetuning, the base codec occupies 13% bitrate. This
is almost the same as setting wl in Equation (5) to 0.01.
Furthermore, a modest increment in wl to 0.05 and 0.1 per-
mits additional bits allocated to the base codec, facilitating
a hierarchical quality structure akin to that achieved in tra-
ditional spatially scalable video coding. However, uncon-
strained setting with wl = 0 or excessive bits allocated to
the base codec has detrimental effects.

4.4. Complexity

Table 7 shows the MACs, encoding time (ET), and de-
coding time (DT) comparison. The MACs of our SEVC are
about the same as DCVC-HEM but reduce 44.6% more bi-
trate compared to VTM. Although compressing two videos,
our MACs are still reduced by 15.4% compared to Sheng-
2024 [51]. However, our SEVC is inferior to DCVC-DC
and DCVC-FM, which made excellent optimizations for
complexity. Considering the higher compression ratio and

Table 6. Ablation Study on Joint Spatial-Temporal Optimization.

w/o joint wl

optimization 0 0.01 0.05 0.1 1.0

Base bitrate
proportion 13% 8% 12 % 23% 31% 54%

BD-Rate (%) 5.1 11.6 5.3 0.0 1.2 5.0

Table 7. Complexity Comparison.

DCVC-HEM DCVC-DC Sheng-2024 DCVC-FM SEVC

MACs 3435G 2764G 3830G 2334G 3263G

ET 548ms 663ms 968ms 587ms 775ms

DT 213ms 557ms 775ms 495ms 734ms
1 Tested on a NVIDA RTX 3090 GPU with 1080p sequences as inputs.

additional functionality for fast decoding to quickly skim
through a video, the increase in complexity is worthwhile.

5. Conclusion

In this paper, we present our solution to augmenting deep
contexts and the latent prior for frame coding. For augment-
ing contexts, we synergistically augment the MVs and the
spatial feature to generate hybrid spatial-temporal contexts.
For augmenting the latent prior, we employ the spatial la-
tent representation to merge multiple temporal latent repre-
sentations. Finally, a joint spatial-temporal optimization is
conducted to adjust the bit allocation for spatial references.
Our SEVC well alleviates the limitations in handling large
motions or emerging objects, achieving an 11.9% more bi-
trate saving compared to the previous SOTA codec.

However, the base codec used in our SEVC is limited to
an existing NVC. Although spatial references can be ob-
tained directly from the reconstruction of low-resolution
video, the reconstruction limits the characteristics of spatial
references. In the future, we will investigate more efficient
ways to model and extract spatial references.
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