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Abstract

Efficient reference structures are essential in video com-
pression, enabling the exploitation of temporal dependen-
cies across frames to reduce redundancy. In this paper, we
delve into the inter-frame reference management mechanism
in neural video codecs (NVCs). Previous schemes have inher-
ited the reference propagation mechanism with the guidance
of predefined reference structure, but the reference model-
ing across diverse reference sources remains underexplored.
Moreover, the mismatch between the reference structure used
for motion estimation and motion compensation limits the ef-
fectiveness of inter-frame prediction. To address the above
limitations, we propose the unified reference hierarchy that
integrates a learned hierarchical reference structure into the
existing inherent reference propagation mechanism. Specif-
ically, we first propose the hierarchical reference structure
(HRS) to manage the multiple temporal contexts in the prop-
agated reference feature, where a hierarchy-aware reference
modulation module is integrated to select the most rele-
vant reference features across different quality levels under
the guidance of the reference balance loss. In addition, we
propose the HRS-guided feature-wise inter-frame prediction
that learns the low-rank approximation of the selected refer-
ence feature for ensuring the consistency and improving the
inter-frame prediction performance. We conduct experiments
on a state-of-the-art NVC, DCVC-DC. Experimental results
show that our codec achieves an average 26% bitrate saving
over H.266/VVC, and a 28.2% bitrate reduction compared to
DCVC-DC without increasing the decoding complexity.

Introduction
In video compression, a more effective reference structure
typically leads to greater bitrate savings (Wiegand, Zhang,
and Girod 1999; Li et al. 2012; Bross et al. 2021b). Moti-
vated by this, we rethink the inter-frame reference manage-
ment mechanism in neural video codecs (NVCs).

Recent advances in neural video compression have con-
tinuously evolved the design of inter-frame reference mech-
anisms, shifting from simple reconstructed-frame references
to more sophisticated feature-based approaches. The pio-
neering work DVC (Lu et al. 2019) firstly incorporated
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𝑪𝒕: Temporal Context

𝑭𝒕: Propagated Reference Feature
ഥ𝑭𝒕−𝟏: Low-rank Reference Enhancement Feature

Symbol Statement

Figure 1: Framework comparison for our DRHVC (Deep
Reference Hierarchy for Video Compression) with previous
conditional coding-based schemes.

deep neural networks into the traditional residual coding-
based video compression framework, where the adjacent
reconstructed frame is used as the reference for both mo-
tion estimation and motion compensation during temporal
inter-frame prediction. FVC (Hu, Lu, and Xu 2021) fur-
ther extended it by extracting pixel-level reference repre-
sentations in the feature space to enhance the inter-frame
reference. DCVC (Li, Li, and Lu 2021) proposed the con-
ditional coding-based framework, and also applied feature-
based reference extraction for motion compensation. No-
tably, the context learned during motion compensation was
directly utilized as the condition for the contextual coding.

Since the introduction of the reference feature propaga-
tion mechanism in DCVC-TCM (Sheng et al. 2022), a se-
ries of subsequent works (Li, Li, and Lu 2022, 2023, 2024;
Qi et al. 2023; Tang et al. 2024, 2025; Jiang et al. 2025)
have adopted and improved upon this approach, where the
reference source for motion compensation is the propagated
feature from the adjacent frame. As illustrated in Fig 1 (a),
in these schemes, the propagated reference feature Ft−1 is
firstly mapped into the pixel domain to generate the ref-
erence frame x̂t−1, which is then used as the sole refer-
ence for motion estimation. Simultaneously, Ft−1 also di-
rectly serves as the reference for context generation in mo-
tion compensation. To further leverage temporal correla-
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tions, DCVC-DC (Li, Li, and Lu 2023) inherited the refer-
ence feature propagation mechanism and introduced the hi-
erarchical weights. By assigning periodically varying weight
to each frame during cascaded training, the propagated fea-
ture Ft−1 can exploit multi-frame temporal contexts. In ad-
dition, recent studies (Li, Li, and Lu 2024; Tang et al. 2025)
also adopted the reference mechanism and incorporated the
reconstructed reference frame x̂t−1 into context generation
to alleviate the error propagation.

Despite recent advances in inter-frame reference model-
ing, the reference modeling across diverse reference sources
remains underexplored. Specifically, motion estimation in
NVC still relies solely on the adjacent decoded frame, over-
looking the potential relevance between multiple temporally
decoded frames and the current to-be-encoded frame. By re-
visiting the reference mechanisms across different codecs,
the traditional codec (Bross et al. 2021a) typically performs
motion estimation using multi-frame references, where the
set of reference frames is manually selected using prede-
fined strategies to enhance inter-frame prediction efficiency.
Building upon the insight into the effectiveness of the multi-
frame-based reference mechanism, we identify two key lim-
itations in the reference mechanism for NVC. Firstly, the ref-
erence sources used for motion estimation are typically the
sole reconstructed frame x̂t−1 derived from the propagated
feature Ft−1, and the reconstruction quality is constrained
by a single-frame distortion term in the rate-distortion (RD)
loss function, leading to a single-frame reference loop. As a
result, even with predefined hierarchical weights, the multi-
frame correlation of the reference structure cannot be fully
exploited. Moreover, there is an asymmetric reference struc-
ture between the motion estimation and motion compen-
sation in the current prediction chain, where motion com-
pensation benefits from the propagated reference features
Ft−1 with multi-frame temporal modeling. The inconsis-
tency weakens the coherence of inter-frame prediction and
limits the overall efficiency of reference modeling.

To address these limitations, we propose a novel frame-
work, DRHVC (Deep Reference Hierarchy for Video Com-
pression), which enhances inter-frame reference modeling
through a unified and feature-domain hierarchical design for
contextual coding-based NVC. As illustrated in Fig. 1 (b),
DRHVC comprises two key components. First, we propose
the hierarchical reference structure (HRS) to efficiently or-
ganize the rich temporal context embedded in the propa-
gated reference feature. Unlike prior methods that rely on
the single-frame reference loop, HRS learns multi-frame
reference structure from the temporally informative propa-
gated reference feature Ft−1, where rich temporal contexts
are organized and compacted by a hierarchy-aware reference
modulation module. The module employs a learnable router
to select the most relevant reference feature across differ-
ent quality levels. To enable both reference diversity and ef-
ficient temporal prediction chain in the reference loop, we
propose the reference balance loss to supervise the reference
router. This selection strategy enables the model to learn the
varying contributions of different reference sources along
the prediction chain, enhancing its capability of modeling
multi-frame temporal dependencies.

Second, given the selected reference feature from the
hierarchy-aware reference modulation module, we introduce
the HRS-guided feature-wise inter prediction to enhance
prediction efficiency and temporal consistency for inter pre-
diction. To avoid extra computational overhead while ensur-
ing consistent references for estimation and compensation,
we learn a low-rank approximation F t−1 of the selected ref-
erence feature for motion estimation, which enables com-
pact representations of multi-frame temporal contexts while
preserving the context-aligned prediction chain.

The two proposed methods form a unified reference hi-
erarchy that seamlessly integrates learned reference struc-
tures into the existing reference propagation mechanism,
enabling more coherent inter-frame prediction and sig-
nificantly boosting overall compression performance. We
conduct experiments on a state-of-the-art (SOTA) scheme,
DCVC-DC. Experimental results demonstrate the superi-
ority of our proposed DRHVC across a wide range of
benchmarks. Under both intra-period 32 and -1 settings,
DRHVC consistently achieves SOTA compression perfor-
mance. Compared to the traditional codec H.266/VVC, our
model achieves an average bitrate saving of 26% under intra-
period -1. Furthermore, DRHVC achieves a 28.2% bitrate
reduction over DCVC-DC without increasing decoder com-
plexity and a 12.5% bitrate saving compared to DCVC-FM,
demonstrating the efficiency of our scheme.

Our contributions are summarized as follows:

• We propose a unified reference hierarchy for the con-
textual coding-based NVC. By integrating the learned
hierarchical reference structure into the reference prop-
agation mechanism, our scheme forms a multi-frame
feature-domain reference loop to achieve efficient inter-
frame prediction.

• We propose the hierarchical reference structure (HRS) to
manage the multi-frame temporal contexts embedded in
the propagated reference features. Guided by the refer-
ence balance loss, the hierarchy-aware reference modu-
lation module selects the most relevant reference feature
across different quality levels along the prediction chain.

• We introduce HRS-guided feature-wise inter-frame pre-
diction to improve motion estimation. By learning a low-
rank approximation of the selected reference feature, it
enables motion estimation to leverage the same temporal
context used in motion compensation, ensuring consis-
tency and improving inter-frame prediction performance.

• Our proposed DRHVC achieves an average bitrate saving
of 26% over the traditional video codec H.266/VVC. It
also outperforms advanced SOTA NVCs, demonstrating
the superior compression performance and efficiency.

Related Work
Neural Video Compression
Recently, Neural video compression has advanced rapidly,
with most work focusing on P-frame coding for low-delay
and real-time streaming. Mainstream P-frame neural video
compression approaches can be broadly categorized into two
groups. The first is residual coding-based methods, which
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Figure 2: Overview of our proposed framework DRHVC.

reduce inter-frame redundancy by explicitly modeling and
compressing residuals between adjacent frames using sub-
traction (Lu et al. 2019, 2020; Lin et al. 2020; Agusts-
son et al. 2020; Hu, Lu, and Xu 2021; Hu et al. 2022;
Shi et al. 2022; Hu and Xu 2023; Li et al. 2023; Chen
et al. 2024). The second is conditional coding-based meth-
ods, which learn and exploit temporal dependencies through
feature-level context propagation and conditioning on refer-
ence information (Li, Li, and Lu 2021; Sheng et al. 2022;
Ho et al. 2022; Li, Li, and Lu 2022, 2023; Qi et al. 2023; Li,
Li, and Lu 2024; Bian et al. 2024, 2025; Tang et al. 2024,
2025; Jiang et al. 2025). Our proposed scheme builds upon
the conditional coding-based framework due to its greater
flexibility in modeling complex temporal dependencies.

Reference Modeling in Video Compression
In traditional codecs, multi-frame reference modeling has
long been recognized as effective for improving inter-frame
prediction (Wiegand, Zhang, and Girod 1999; Li et al. 2024).
(Li et al. 2012) formulated reference management as an opti-
mization problem and investigated the reference quality ad-
justment strategies. (Lin et al. 2018; Huo et al. 2020) lever-
aged frame extrapolation networks to exploit multi-frame
temporal dependencies from previous decoded frames.

In the early residual coding-based scheme, DVC (Lu et al.
2019) estimated optical flow using only the nearest recon-
structed frame as the reference. Later works (Lin et al.
2020, 2022) further incorporated multi-frame temporal cues
into reference modeling. FVC (Hu, Lu, and Xu 2021) fur-
ther shifted pixel-wise reference frames to the feature do-
main, and the pioneering conditional coding-based scheme
DCVC (Li, Li, and Lu 2021) also adopted feature-domain
references for motion compensation. DCVC-TCM (Sheng
et al. 2022) proposed the reference feature propagation
mechanism, where the feature from the adjacent frame is
used directly for motion compensation and projected back
to the pixel domain for motion estimation, supervised by
single-frame mean squared error (MSE), leading to the
single-frame reference loop. DCVC-DC (Li, Li, and Lu
2023) proposed a hierarchical reference weighting-based
cascaded training strategy, enabling the propagated refer-
ence features to exploit the multi-frame temporal contexts
through continuous updates. Subsequent works (Li, Li, and

Lu 2024; Tang et al. 2025) further investigated the effective-
ness of pixel-wise reference frames in the reference propaga-
tion of motion compensation to alleviate the error propaga-
tion. Other efforts (Sheng et al. 2024; Jiang et al. 2025) ex-
plored explicit multi-frame reference modeling to improve
compensation quality. However, most methods emphasize
motion compensation, while motion estimation still relies
on a single reconstructed frame. In this work, we learn the
multi-frame reference structure for motion estimation, aim-
ing to unify motion estimation and compensation under a
temporally coherent framework.

Approach
Overview
We implement our reference hierarchy on the contextual
coding-based framework DCVC-DC (Li, Li, and Lu 2023)
to build our new scheme DRHVC, which is shown in Fig. 2.
Instead of relying only on the reconstructed frame x̂t−1 as
the reference, our coding loop leverages the propagated ref-
erence feature Ft−1 as the primary input for motion esti-
mation. Our model formulates a multi-frame feature-domain
reference loop for achieving efficient inter-frame prediction.

The overview architecture of our proposed framework is
summarized as follows. First, the input frame xt and the
propagated reference feature Ft−1, extracted from the ad-
jacent previous frame xt−1, are input to the proposed ref-
erence hierarchy to generate a low-rank reference enhance-
ment feature F t−1. Given the current frame xt, F t−1 is used
as the reference for estimating the motion vector (MV) vt in
the form of optical flow. The estimated flow vt is then com-
pressed via the MV encoder and decoder. The decoded flow
v̂t and the propagated reference feature Ft−1 are fed into the
temporal context mining for learning multi-scale temporal
contexts C0

t , C1
t , C2

t . These contexts serve as conditional
priors to guide the compression of the input frame xt, en-
abling effective temporal redundancy removal through the
contextual encoder and decoder. Finally, the reconstructed
feature Ft is saved in the buffer for generating the reference
features for the subsequent frame with reference hierarchy.

Hierarchical Reference Structure
As recent NVCs adopt the propagated reference feature
for motion compensation, which implicitly carries multi-
frame temporal contexts across multiple frames (Li, Li, and
Lu 2023), we propose the hierarchical reference structure
(HRS) to better manage the rich temporal information for
improving the efficiency of inter-frame prediction. Inspired
by the mature reference modeling in traditional codec (Li
et al. 2012) and the constructed concept of large language
models (Liu et al. 2024), we formulate reference man-
agement as a token-level learning problem and introduce
hierarchy-aware reference modulation, which adaptively de-
termines the optimal temporal reference via a mixture-of-
experts (MoE) (Zamfir et al. 2024; Wang et al. 2025) mech-
anism, where each expert models a distinct temporal context
representation for different reference quality levels.

As illustrated in Fig. 3, we first perform channel expan-
sion on the propagated reference feature Ft−1, then the ex-

9379



Linear n

Linear n
 Linear n

𝐶 → 𝑅𝑛 → 𝐶

Linear 2

Linear 2
 Linear 2

𝐶 → 𝑅2 → 𝐶

Linear 1

Linear 1
 Linear 1

𝐶 → 𝑅1 → 𝐶

W

0

0

0

0

W

Train Test

𝒙𝒕

𝑭𝒕−𝟏

ch
u

n
k

P
ro

je
ct

𝐹𝑡−1
𝑔

𝐹𝑡−1
𝑚

Depth
Block

C

Project

Partial 
ResBlock

෨𝐹𝑡−1
𝑔

෨𝐹𝑡−1
𝑚

𝑠𝑡−1

ConvNet෨𝐹𝑡−1
𝑚 ＋

Reference SelectionHierarchical Reference 
Structure

𝑳𝒃𝒂𝒍𝒂𝒏𝒄𝒆(𝒔𝒕−𝟏)

ഥ𝑭𝒕−𝟏

Figure 3: The diagrams of the reference hierarchy. Project
denotes feature projection via convolutional layers. Linear
represents the linear layer used for channel transformation.

panded feature is split along the channel dimension into two
branches. The first branch is used to generate the main ref-
erence feature for both routing and expert computation in
MoE. Specifically, the initial main feature Fm

t−1 is concate-
nated with the feature representation extracted from the cur-
rent input frame xt, forming the main reference feature F̃m

t−1
by a depth-wise convolution block. Incorporating informa-
tion from the current frame enables the router to more ac-
curately determine the optimal reference quality level in the
hierarchical structure, while also enriching the main refer-
ence feature with current-context cues to enhance temporal
alignment and feature interaction in each expert. The second
branch generates the gating feature to dynamically modu-
late the expert responses. The initial gating feature F g

t−1 is
refined by a lightweight partial residual block (Chen et al.
2023) to produce the calibrated gating feature F̃ g

t−1, which
improves modulation precision with low computational cost.

Hierarchy-aware Reference Modulation. Given the ref-
erence feature F̃m

t−1 and the calibrated gating feature F̃ g
t−1,

we propose the hierarchy-aware reference modulation mod-
ule to decide the optimal temporal reference through the
mixture of low-rank expertise. Inspired by the exploration
in (Ma et al. 2024), we leverage element-wise multipli-
cation in low-dimensional space, which enables each ex-
pert to implicitly model high-dimensional temporal depen-
dencies while maintaining computational efficiency. Specifi-
cally, both F̃m

t−1 and F̃ g
t−1 are projected to a reduced channel

space, and each expert operates with a distinct low-rank rep-
resentation, introducing diversity in temporal modeling. The
gating feature F̃ g

t−1 modulates F̃m
t−1 via element-wise mul-

tiplication, allowing each expert to selectively emphasize
temporal contexts embedded in the propagated reference
feature. Finally, the output is projected back to the original
channel dimension, yielding a refined reference feature tai-
lored to the expert’s perspective. To enable certain selection
across different levels of reference quality in the hierarchi-
cal structure, we construct a router that maps the main refer-
ence feature to a soft distribution over experts. Only the top-
1 expert is activated during inference for efficiency, while
all experts are trained jointly. This sparse dynamic routing

strategy allows the model to flexibly choose the most suit-
able reference feature based on the input content, enhancing
the model’s temporal modeling capacity without increasing
inference complexity. Moreover, enforcing top-1 expert ac-
tivation ensures consistency between training and inference,
which avoids ambiguity in expert assignments and simplifies
the computational pipeline.

Reference Balance Loss. To avoid overly rigid reference
selection and enable an efficient temporal prediction chain
in the reference loop, we introduce a reference balance loss
that promotes less biased expert routing. The supervision
preserves the reference modeling capacity to explore varied
reference structures during the training. Inspired by the aux-
iliary regularization strategy in (Fedus, Zoph, and Shazeer
2022), the reference balance loss Lbalance is designed as:

Lbalance =
1

B

B∑
b=1

(
n∑

e=1

softmaxe(rb) · topKe(rb)

)
·n, (1)

where B is the batch size, n is the number of experts, and
rb denotes the b-th sample in the batch of routing terms.
softmaxe(rb) is the routing probability assigned to expert e
by the gating function, and topKe(rb) is an indicator func-
tion that is 1 if expert e is selected in the top-K experts for
sample b, and 0 otherwise. The multiplication by n serves
as a scaling factor to ensure the loss maintains a consistent
range when varying the number of experts. The reference
balance loss Lbalance penalizes unbalanced expert usage by
measuring the overlap between the routing probabilities and
the top-K selected experts across the batch.

HRS-Guided Feature-wise Inter-frame Prediction
After managing the multi-frame temporal contexts embed-
ded in the propagated reference features through the pro-
posed HRS, we further address the temporal reference mis-
match between motion estimation and motion compensation
in prior contextual coding-based frameworks.

Leveraging the selected reference feature from the
hierarchy-aware reference modulation module, we propose
the HRS-guided feature-wise inter-frame prediction to im-
prove the efficiency and consistency of inter-frame pre-
diction. Specifically, the selected reference feature is first
added back to the main reference feature F̃m

t−1 to enhance
the spatial structures and temporal coherence. The residual-
enhanced reference feature is then projected through a linear
layer to produce a compact 3-channel low-rank representa-
tion F t−1 as input to the motion estimation module:

F t−1 = PC→3(

n∑
i=1

G(F̃m
t−1)·Ei(F̃

m
t−1, F̃

g
t−1)+F̃

m
t−1), (2)

where G(·) and Ei(·) represent the learned routing function
and the i-th expert, respectively. PC→3 represents a linear
projection layer that reduces the feature dimensionality from
C to 3 channels. This low-rank approximation compresses
the residual-enhanced reference feature into a compact 3-
channel feature F t−1, which not only enables seamless in-
tegration into the motion estimation module, but also retains
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UVG MCL-JCV HEVC B HEVC C HEVC D HEVC E USTC-TD Average
VTM 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
DCVC 314.1 185.1 291.7 266.9 224.6 2083.2 221.2 512.4
DCVC-TCM 109.8 69.9 106.5 132.2 81.3 492.7 99.3 156.0
DCVC-HEM 23.8 10.5 27.5 33.4 11.3 139.1 24.2 38.5
SDD 19.1 5.7 30.7 35.3 –6.7 234.6 15.4 47.7
DCVC-DC –7.8 –10.0 –0.9 6.1 –15.0 33.3 9.4 2.2
DCVC-FM –19.8 –10.9 –12.2 –12.9 –27.1 –27.7 16.3 –13.5
DCMVC –25.2 –20.9 –17.8 –18.0 –31.4 –23.5 –6.3 –20.4
Ours –36.2 –24.0 –22.6 –24.2 –31.3 –38.8 –5.0 –26.0

Note: The quality indexes of DCVC-FM are set as 36, 45, 54, 63 to match the bit-rate range of DCVC-DC.

Table 1: BD-Rate (%) comparison in RGB colorspace measured with PSNR. All frames with intra-period=-1.
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Figure 4: Rate and distortion curve for HEVC HEVC Class B, C, and UVG datasets. The comparison is in RGB colorspace
measured with PSNR, and the intra-period is set as -1 for all frames.

essential multi-frame temporal dynamics without introduc-
ing significant computational complexity.

The proposed HRS-guided feature-wise inter-frame pre-
diction unifies the reference structure for motion estimation
and compensation based on multi-frame temporal contexts,
which effectively reduces temporal inconsistencies and im-
proves the inter-frame prediction efficiency. Together with
the proposed HRS, it forms a unified reference hierarchy for
contextual coding-based frameworks. Unlike prior schemes
that rely on the single-frame reference loop, our scheme in-
tegrates learned reference structure into the reference prop-
agation mechanism to form a multi-frame feature-domain
reference loop, which enables more efficient and temporally
consistent inter-frame prediction.

Training Loss
We optimize our scheme in an end-to-end manner. The over-
all training loss of the proposed video compression frame-
work consists of the rate-distortion (RD) loss and the pro-
posed reference balance loss, which is defined as:

L = λ · D + β · Lbalance +R, (3)

where D denotes the distortion between the input and the
reconstructed frames, and R denotes the bitrate required to
encode the frame. The coefficients λ and β are hyperparam-
eters that control the weights of the distortion term D and
the reference balance loss Lbalance, respectively.

Experiments

Experimental Setup

Datasets. Following the setting of (Tang et al. 2025),
we utilize the Vimeo-90k (Xue et al. 2019) for training
with 7-frame sequences, and further finetune the models
with 32-frame sequences collected from the raw Vimeo
videos1. To ensure compatibility with the latest NVCs, we
evaluate our model on widely adopted benchmarks, in-
cluding UVG (Mercat, Viitanen, and Vanne 2020), MCL-
JCV (Wang et al. 2016), and HEVC Class B, C, D, and E
datasets (Bossen 2013), as well as the recently proposed and
highly regarded USTC-TD dataset (Li et al. 2025).

Training. Following (Li, Li, and Lu 2023), four base
λ values (85, 170, 380, 840) are used to control the rate-
distortion (RD) trade-off, and the hyperparameter β is set to
0.01 to weight the proposed reference balance loss. Further-
more, the number of experts n employed in the hierarchy-
aware reference modulation is set to 3, based on a trade-off
between compression performance and computational com-
plexity. Comprehensive ablation studies on the selection of
β and n are provided in the supplementary material. All
the training processing is conducted on 8 NVIDIA Ampere
Tesla A40 GPUs, with Forward Recomputation Backpropa-

1http://toflow.csail.mit.edu
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UVG MCL-JCV HEVC B HEVC C HEVC D HEVC E USTC-TD Average
VTM 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
DCVC 133.9 106.6 119.6 152.5 110.9 274.8 130.4 147.0
DCVC-TCM 23.1 38.2 32.8 62.1 29.0 75.8 73.5 47.8
DCVC-HEM –17.2 –1.6 –0.7 16.1 –7.1 20.7 21.5 4.5
SDD –19.7 –7.1 –13.7 –2.3 –24.9 –8.4 6.6 –9.9
DCVC-DC –25.9 –14.4 –13.9 –8.8 –27.7 –19.1 7.6 –14.6
DCVC-FM –20.4 –8.1 –10.3 –8.4 –25.8 –21.9 19.6 –10.8
DCMVC –30.6 –17.3 –14.5 –14.4 –31.6 –28.1 0.9 –19.4
Ours –33.5 –19.1 –18.9 –17.8 –33.4 –30.6 1.7 –21.7

Note: The quality indexes of DCVC-FM are set as 36, 45, 54, 63 to match the bit-rate range of DCVC-DC.

Table 2: BD-Rate (%) comparison in RGB colorspace measured with PSNR. 96 frames with intra-period=32.
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Figure 5: Rate and distortion curve for HEVC Class B, C, and UVG datasets. The comparison is in RGB colorspace measured
with PSNR, and the intra-period is set as 32 for 96 frames.

gation (FRB)2 employed for CUDA memory management.
Testing. We performed evaluations under low-delay sce-

narios using two common configurations with different
intra-period (IP) settings: IP32 over 96 frames and IP-1 for
all frames in RGB format. The proposed scheme DRHVC
is compared with the traditional codec VTM/VVC (Bross
et al. 2021a) as well as NVCs DCVC (Li, Li, and Lu
2021), DCVC-TCM (Sheng et al. 2022), DCVC-HEM (Li,
Li, and Lu 2022), SDD (Sheng et al. 2024), DCVC-DC (Li,
Li, and Lu 2023), DCVC-FM (Li, Li, and Lu 2024), and
DCMVC (Tang et al. 2025) to validate its effectiveness.

Comparisons with Previous SOTA Methods
IP-1 Setting. Table 1 reports the BD-Rate (%) results in
the RGB format under the challenging IP-1 setting with all
frames. Our DRHVC achieves the best compression per-
formance in long-range prediction scenarios, with an aver-
age bitrate saving of 26%, significantly surpassing DCMVC
(20.4% saving) and DCVC-FM (13.5% saving). The RD
curves in Fig. 4 further highlight the significant performance
margin of our proposed methods over other schemes. It is
worth noting that in long prediction chains, rich temporal
contexts accumulate in the propagated reference features.
However, previous schemes that rely on the single-frame ref-
erence loop suffer from an information bottleneck, limiting

2https://qywu.github.io/2019/05/22/explore-gradient-
checkpointing.html

Ma Mb Mc Md Me Mf

FIP X X X X
HRS X X X
Reference balance loss X X
Long-sequence training X X
BD-Rate (%) -0.0 -3.9 -7.4 -8.8 -4.3 -13.4

Table 3: Ablation study on main techniques (%)

the effective exploitation of multi-frame temporal dependen-
cies. In contrast, our DRHVC enables efficient utilization of
these temporal contexts by adaptively selecting optimal ref-
erence features through the proposed HRS, leading to sub-
stantial performance gains.

IP32 Setting. We also provide the BD-Rate (%) compar-
ison results in the RGB format under the IP32 setting with
96 frames in Table 2. Our proposed DRHVC consistently
achieves the best compression performance, delivering an
average bitrate saving of 21.7% compared to the traditional
codec VTM. In addition, the RD curves in Fig. 5, evaluated
on three benchmark datasets, further confirm the superiority
of our scheme. Additional results for both configurations are
provided in the supplementary material.

Ablation Study
Table 3 presents the ablation study of each proposed com-
ponent, with the evaluation measured by average bitrate sav-
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Baseline FIP Ours 

(a) Visualization of the decoded flows and corresponding warp frames
Reference frame Our reference

(b) Visualization of the reference sources (grayscale)

Figure 6: (a) Visualization of the decoded optical flows and
the corresponding warped frames for the baseline DCVC-
DC, feature-wise inter-frame prediction (FIP), and the pro-
posed reference hierarchy. (b) Grayscale visualizations of
the original reference frame and the low-rank reference en-
hancement feature generated by the reference hierarchy.

ings on the HEVC Class datasets under IP32 configuration.
Our study uses the reproduced DCVC-DC (denoted as Ma)
as our baseline model. HRS denotes the hierarchical refer-
ence structure, while FIP refers to the feature-wise inter-
frame prediction module without HRS guidance.

Feature-wise Inter-frame Prediction. Mb denotes the
baseline model enhanced with feature-wise inter-frame pre-
diction (FIP), where the reference features undergo a low-
rank channel mapping through a single convolutional layer.
Compared to Ma, the Mb model achieves a 3.9% reduc-
tion in BD-rate, demonstrating the potential of adopting a
feature-domain reference loop. As shown in Fig. 6 (a), com-
paring the baseline model, the decoded flow through FIP ex-
hibits higher quality boundaries of moving objects, indicat-
ing more accurate inter-frame prediction.

Hierarchical Reference Structure. Mc denotes the
model Mb further enhanced by integrating the hierarchical
reference structure (HRS) without reference balance loss to
guide the FIP, thereby forming the network structure of the
proposed reference hierarchy. As shown in Fig. 6 (b), under
the HRS guidance, the determined low-rank reference en-
hancement feature contains more structural details and tem-
poral information through multi-frame temporal contexts
management. Compared to Mb, Mc achieves an additional
3.5% bitrate saving. Furthermore, benefiting from a more in-
formative reference source, the decoded flow shown in Fig. 6
(a) further refines the motion boundaries, resulting in higher-
quality inter-frame prediction compared to FIP alone.

Training Strategies. Besides improvements to the net-
work structure, Md denotes Mc further enhanced by incor-
porating the proposed reference balance loss. As shown in
Table 3, Md achieves an additional 1.4% BD-rate reduc-
tion over Mc, confirming the effectiveness of the reference
balance supervision in facilitating a more efficient temporal
prediction chain within the reference loop. In theMe model,

MACs Params Encoding Time Decoding Time
DCVC-DC 2786G 19.78M 663ms 557ms
DCVC-FM 2354G 18.57M 587ms 495ms
SDD 4775G 21.77M 968ms 775ms
DCMVC 4133G 20.98M 932ms 810ms
DRHVC 2953G 19.86M 697ms 558ms

Note: Tested on NVIDIA 3090 with 1080p sequences.

Table 4: Complexity comparison.

directly applying long-sequence training (32 frames) to the
baseline model (Ma) results in a 4.3% BD-rate reduction. In
contrast, Mf , which applies long-sequence training to our
proposed reference hierarchy (Md), achieves a 4.6% reduc-
tion over Md. This indicates that our proposed reference hi-
erarchy not only improves its own compression efficiency
but also amplifies the benefits of long-sequence training. The
synergy between the two methods contributes to more effi-
cient reference structure modeling.

Complexity Analysis
We conduct a complexity analysis in terms of MACs, net-
work parameters, encoding time, and decoding time, as sum-
marized in Table 4. Compared to SDD (Sheng et al. 2024)
and DCMVC (Tang et al. 2025), we have saved 38.2% and
28.6% computational complexity in terms of MACs, re-
spectively. Compared to DCVC-DC (Li, Li, and Lu 2023),
our method introduces only 6.0% higher encoding complex-
ity with no additional decoding overhead, while achieving
a 28.2% average performance gain. Compared to DCVC-
FM (Li, Li, and Lu 2024), which incorporates dedicated
complexity optimization, our scheme still exhibits room for
further improvement. Nevertheless, considering the signifi-
cant compression gain achieved (a 12.5% bitrate saving over
DCVC-FM), the slight increase in complexity is both ac-
ceptable and worthwhile, offering a good balance between
computational complexity and compression ratio.

Conclusion
In this paper, we propose the unified reference hierarchy that
integrates the learned multi-frame reference structure into
the inherent reference propagation mechanism for contex-
tual coding-based NVCs. The hierarchical reference struc-
ture (HRS) manages diverse temporal contexts to determine
the optimal reference feature, and the HRS-guided feature-
wise inter-frame prediction learns its low-rank approxima-
tion to further improve the inter-frame prediction accu-
racy without introducing extra computational overhead. Our
DRHVC achieves SOTA compression performance among
NVCs with acceptable computational complexity.

Our investigation not only forms a multi-frame feature-
domain reference loop but also mitigates the long-standing
mismatch between motion estimation and motion compen-
sation. In future work, more advanced motion representa-
tions, like implicit motion modeling, can be explored to fur-
ther exploit the potential of the reference hierarchy in inter-
frame prediction.
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