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Appendix

A. Foundations of Distributed Source Coding
In this section, we present several theoretical foundations
of distributed source coding (DSC), including the Slepian-
Wolf theorem [11, 13], the Berger-Tung bounds [3, 10], and
the Wyner-Ziv theorem [9].

A.1. Slepian-Wolf Theorem
Let X and Y be two statistically correlated discrete infor-
mation sources, obtained by repeated independent drawings
from a discrete bivariate distribution p(x, y). The achiev-
able rate region for separate encoding with joint decoding
under lossless compression is:

RX +RY ≥ H(X,Y ), (1)

RX ≥ H(X | Y ), (2)

RY ≥ H(Y | X), (3)

where RX and RY denote the coding rates for X and Y ,
respectively.

A.2. Berger-Tung Bounds
Fix (D1, D2). Let X and Y be two sources out of which
pairs of sequences

(
Xn, Y n

)
are drawn i.i.d. ∼ p(xy); and

let U and V be auxiliary variables defined over alphabets U
and V , such that there exist functions γ1 : U × V → X̂ and
γ2 : U ×V → Ŷ , for which E

[
d1
(
X, γ1(UV )

)]
≤ D1 and

E
[
d2
(
Y, γ2(UV )

)]
≤ D2.

Consider rates (R1, R2), such that R1 ≥ I(XY ∧ U |
V ), R2 ≥ I(XY ∧ V | U), and R1 +R2 ≥ I(XY ∧UV ),
for some joint distribution p(xyuv). Now:
• Inner Bound: For any p(xyuv) that satisfies a Markov

chain of the form U − X − Y − V , all rates (R1, R2)
obtained for any such p are achievable;

• Outer Bound: If there exists a p(xyuv) that satisfies two
Markov chains of the form U −X − Y and X − Y − V ,
then if we consider the union of the set of rates defined
for each such p(xyuv), we must have that any achievable
rates are included in that union.

A.3. Wyner-Ziv Theorem
Let X and Y denote the source and side information vari-
ables, respectively, with joint distribution p(x, y).

The information-theoretic fundamental limit in lossy
compression is characterized by the rate-distortion func-
tion, given by:

RWZ
X|Y (d) = inf I(X;V | Y ), (4)

where R∗(d) is the rate of compression (in bits per source
sample) to achieve a given target average distortion d, be-
tween the input sequence x ∈ Rn and its reconstruction
x̂ ∈ Rn. The infimum is with respect to all auxiliary ran-
dom variables V and reconstruction functions f : Y ×V →
X̂ that satisfy: i) V and Y are conditionally indepen-
dent given X , i.e., V − X − Y form a Markov chain; ii)
E [D(X, f(V, Y ))] ≤ d.

B. Analysis of OmniParallax Attention Mech-
anism

In LDMIC [14], average pooling is used to integrate infor-
mation from side views. However, this strategy is subopti-
mal, as it assigns equal importance to all views regardless
of their semantic relevance. To overcome this limitation, we
propose the OmniParallax Attention Mechanism (OPAM),
which efficiently explores the full two-dimensional spatial
context of the side information source to provide a reli-
able reference and corresponding consistency for the main
source. The consistency reflects the reliability of the refer-
ence and can be interpreted as the semantic relevance be-
tween the main and side sources.

OPAM consists of two complementary components:
Horizontal Parallax Attention (HPA) and Vertical Parallax
Attention (VPA). The key difference is that HPA performs
attention along the horizontal axis, while VPA operates
along the vertical axis. An overview of the OPAM is shown
in Fig. 1. In this section, we first present the detailed for-
mulation of HPA in Section B.1 and VPA in Section B.2.
We then describe the two-stage parallax attention process
in OPAM in Section B.3, where HPA and VPA are applied
sequentially to capture the full two-dimensional spatial con-
text.

B.1. Horizontal Parallax Attention
In this subsection, we present the detailed formulation and
analysis of the Horizontal Parallax Attention (HPA).

Let the main and side information sources be denoted as
fu, fv ∈ RB×H×W×C . We first compute the query feature
map Q and the key feature map K using a selective kernel
module (SKM) [7]:

Q = SKM(fu), K = SKM(fv), (5)

where Q,K ∈ RB×H×W×C . The row dimension of Q and
K is reshaped into the batch dimension to obtain Qb,Kb ∈
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Figure 1. Overview of OmniParallax Attention Mechanism
(OPAM). Left: Parallax attention. Middle: Two-stage paral-
lax attention in OPAM. OPAM applies horizontal (red) and ver-
tical (blue) parallax attention sequentially to capture the full 2D
spatial context. Right: Receptive fields of the aligned features.
Each position in fhor

l attends to one row of fr , and each position
in fver

l attends to one column of fhor
l , allowing each position in

fver
l to attend to the entire 2D spatial domain of fr .

RBH×W×C . The horizontal cross-correlation map Mhor ∈
RBH×W×W is then computed as:

Mhor = Qb ⊗K⊤
b , (6)

where ⊗ denotes batch-wise matrix multiplication and K⊤
b

represents the transpose of Kb over its last two dimensions.
The matrix Mhor represents the matching scores between
positions in fu and fv within the same row.

Computationally, forming Mhor requires (BH) batch
multiplications of matrices with dimensions (W × C) and
(C×W ), resulting in (BHW 2C) multiply-accumulate op-
erations (MACs).

The horizontal parallax attention maps, denoted as
Mhor

v→u and Mhor
u→v ∈ RBH×W×W , are obtained by ap-

plying the softmax function to Mhor and its transpose
(Mhor)⊤ along the last dimension:

Mhor
v→u = softmax(Mhor, dim = −1),

Mhor
u→v = softmax((Mhor)⊤, dim = −1),

(7)

where Mhor
v→u[bH + g, i, j] denotes the correlation between

fu[b, g, i] and fv[b, g, j]. This value can be interpreted
as the probability that fu[b, g, i] attends to information
from fv[b, g, j], where b denotes the batch index. Simi-
larly, Mhor

u→v[bH + g, i, j] denotes the correlation between
fv[b, g, i] and fu[b, g, j], representing the probability that
fv[b, g, i] attends to information from fu[b, g, j].

Next, the second dimension of Mhor
v→u and the third

dimension of Mhor
u→v are reshaped into the batch dimen-

sion to obtain Mhor
v→u,b ∈ RBHW×1×W and Mhor

u→v,b ∈
RBHW×W×1. These matrices are then used to compute the

batch horizontal cycle consistency [12], denoted as Chor
u,b ∈

RBHW×1×1:

Chor
u,b = Mhor

v→u,b ⊗Mhor
u→v,b, (8)

where

Chor
u,b [bHW + gW + i, 0, 0] =

W−1∑
j=0

Mhor
v→u,b[bHW + gW + i, 0, j]

×Mhor
u→v,b[bHW + gW + i, j, 0].

(9)

Here, Mhor
v→u,b[bHW+gW+i, 0, j] represents the corre-

lation between fu[b, g, i] and fv[b, g, j], indicating the prob-
ability that fv[b, g, j] corresponds to fu[b, g, i] within row g
of fv . Similarly, Mhor

u→v,b[bHW + gW + i, j, 0] represents
the correlation between fv[b, g, j] and fu[b, g, i], indicat-
ing the probability that fu[b, g, i] corresponds to fv[b, g, j]
within row g of fu.

Lemma 1. The horizontal cycle consistency Chor
u,b has an

upper bound of 1.

Proof. Since all elements of Mhor
v→u,b and Mhor

u→v,b are
within the range [0, 1], we have:

Chor
u,b [bHW + gW + i, 0, 0] =

W−1∑
j=0

Mhor
v→u,b[bHW + gW + i, 0, j]

×Mhor
u→v,b[bHW + gW + i, j, 0]

≤
(W−1∑

j=0

Mhor
v→u,b[bHW + gW + i, 0, j]

)
× 1

= 1.

(10)

The equality is achieved when Mhor
u→v,b[bHW + gW +

i, j, 0] = 1 for any index j.

A high value of the product Mhor
v→u,b[bHW + gW +

i, 0, j]×Mhor
u→v,b[bHW +gW + i, j, 0] suggests strong mu-

tual correspondence between fu[b, g, i] and fv[b, g, j], im-
plying that fv[b, g, j] can reliably provide information for
reconstructing fu[b, g, i]. Conversely, when Mhor

v→u,b is high
but Mhor

u→v,b is low, it indicates potential ambiguity in the
matching within row g of fv , meaning that fu[b, g, i] may
have been mismatched to fv[b, g, j], while another position
in fu might correspond more accurately to fv[b, g, j]. The
same reasoning applies when Mhor

v→u,b is low but Mhor
u→v,b is

high.
Therefore, the product of Mhor

v→u,b and Mhor
u→v,b mit-

igates mismatches between the two sources. Conse-
quently, Chor

u,b [bHW + gW + i, 0, 0] represents the reliabil-
ity of reconstructing fu[b, g, i] using all possible positions
fv[b, g, j], i.e., all locations in the g-th row of fv .



Then, Chor
u,b is reshaped to obtain the horizontal cy-

cle consistency Chor
u ∈ RB×H×W , where Chor

u [b, g, i] =
Chor

u,b [bHW + gW + i, 0, 0]. The horizontal cycle consis-
tency Chor

u measures the reliability of reconstructing each
position in fu using all positions in the same row of fv .

Finally, the row dimension of fv ∈ RB×H×W×C

is reshaped into the batch dimension to obtain fv,b ∈
RBH×W×C . The batch horizontally aligned feature fhor

u,b ∈
RBH×W×C is then computed as:

fhor
u,b = Mhor

v→u ⊗ fv,b, (11)

where

fhor
u,b [bH + g, i, k] =

W−1∑
j=0

Mhor
v→u[bH + g, i, j]

× fv,b[bH + g, j, k].

(12)

Here, Mhor
v→u[bH + g, i, j] denotes the correlation be-

tween fu[b, g, i] and fv[b, g, j], and fv,b[bH + g, j, k] de-
notes the k-th channel value of fv[b, g, j]. Therefore,
fhor
u,b [bH + g, i, k] represents the reconstructed k-th chan-

nel of fu[b, g, i] using all fv[b, g, j], i.e., all positions in
the g-th row of fv . Then, fhor

u,b is reshaped into the hor-
izontally aligned feature fhor

u ∈ RB×H×W×C , where
fhor
u [b, g, i, k] = fhor

u,b [bH + g, i, k]. The horizontally
aligned feature fhor

u represents the transformation of the
side source into the perspective of the main source, aggre-
gating information from all positions in the corresponding
row of fv .

The aggregation step in Eq. 11, i.e., (f hor
u,b = M hor

v→u ⊗
fv,b), adds another (BHW 2C) MACs. Meanwhile, the
cycle consistency in Eq. 8 contributes (BHW 2) MACs,
which is negligible when C ≫ 1. Therefore, the overall
computational complexity of the parallax attention mecha-
nism is O(N3), where N = max(H,W ).

B.2. Vertical Parallax Attention
In this subsection, we present the detailed formulation and
analysis of the Vertical Parallax Attention (VPA). The pro-
cess of VPA is similar to that of HPA, except that the re-
shape operations applied to the row dimension in HPA are
instead applied to the column dimension in VPA.

Let the main and side information sources be denoted as
fu, fv ∈ RB×H×W×C . We first compute the query fea-
ture map Q and key feature map K using a selective kernel
module (SKM) [7]:

Q = SKM(fu), K = SKM(fv), (13)

where Q,K ∈ RB×H×W×C . The column dimension of
Q and K is reshaped into the batch dimension to obtain

Qb,Kb ∈ RBW×H×C . The vertical cross-correlation map
Mver ∈ RBW×H×H is then computed as:

Mver = Qb ⊗K⊤
b , (14)

where ⊗ denotes batch-wise matrix multiplication and K⊤
b

represents the transpose of Kb over its last two dimensions.
The matrix Mver represents the matching scores between
positions in fu and fv within the same column. Analo-
gously, building Mver costs (BWH2C) MACs.

The vertical parallax attention maps, denoted as Mver
v→u

and Mver
u→v ∈ RBW×H×H , are obtained by applying the

softmax function to Mver and its transpose (Mver)⊤ along
the last dimension:

Mver
v→u = softmax(Mver, dim = −1),

Mver
u→v = softmax((Mver)⊤, dim = −1),

(15)

where Mver
v→u[bW + g, i, j] denotes the correlation between

fu[b, i, g] and fv[b, j, g]. This value can be interpreted as
the probability that fu[b, i, g] attends to information from
fv[b, j, g]. Similarly, Mver

u→v[bW + g, i, j] denotes the cor-
relation between fv[b, i, g] and fu[b, j, g].

Next, the second dimension of Mver
v→u and the third

dimension of Mver
u→v are reshaped into the batch dimen-

sion to obtain Mver
v→u,b ∈ RBWH×1×H and Mver

u→v,b ∈
RBWH×H×1. These matrices are then used to compute the
batch vertical cycle consistency [12], denoted as Cver

u,b ∈
RBWH×1×1:

Cver
u,b = Mver

v→u,b ⊗Mver
u→v,b, (16)

where
Cver

u,b [bWH + gH + i, 0, 0] =

H−1∑
j=0

Mver
v→u,b[bWH + gH + i, 0, j]

×Mver
u→v,b[bWH + gH + i, j, 0].

(17)

Here, Mver
v→u,b[bWH+gH+i, 0, j] represents the corre-

lation between fu[b, i, g] and fv[b, j, g], indicating the prob-
ability that fv[b, j, g] corresponds to fu[b, i, g] within col-
umn g of fv . Similarly, Mver

u→v,b[bWH + gH + i, j, 0]
represents the correlation between fv[b, j, g] and fu[b, i, g],
indicating the probability that fu[b, i, g] corresponds to
fv[b, j, g] within column g of fu.

Lemma 2. The vertical cycle consistency Cver
u,b has an up-

per bound of 1.

Proof. Since all elements of Mver
v→u,b and Mver

u→v,b are



within the range [0, 1], we have:

Cver
u,b [bWH + gH + i, 0, 0] =

H−1∑
j=0

Mver
v→u,b[bWH + gH + i, 0, j]

×Mver
u→v,b[bWH + gH + i, j, 0]

≤
(H−1∑

j=0

Mver
v→u,b[bWH + gH + i, 0, j]

)
× 1

= 1.

(18)

The equality is achieved when Mver
u→v,b[bWH + gH +

i, j, 0] = 1 for any index j.

A high value of the product Mver
v→u,b[bWH + gH +

i, 0, j] × Mver
u→v,b[bWH + gH + i, j, 0] suggests strong

mutual correspondence between fu[b, i, g] and fv[b, j, g],
implying that fv[b, j, g] can reliably provide information
for reconstructing fu[b, i, g]. Conversely, when Mver

v→u,b

is high but Mver
u→v,b is low, it indicates potential ambigu-

ity in the matching within column g of fv , meaning that
fu[b, i, g] may have been mismatched to fv[b, j, g], while
another position in fu might correspond more accurately to
fv[b, j, g]. The same reasoning applies when Mver

v→u,b is low
but Mver

u→v,b is high.
Therefore, the product of Mver

v→u,b and Mver
u→v,b mit-

igates mismatches between the two sources. Conse-
quently, Cver

u,b [bWH + gH + i, 0, 0] represents the reliabil-
ity of reconstructing fu[b, i, g] using all possible positions
fv[b, j, g], i.e., all locations in the g-th column of fv .

Then, Cver
u,b is reshaped to obtain the vertical cycle con-

sistency map Cver
u ∈ RB×H×W , where Cver

u [b, i, g] =
Cver

u,b [bWH + gH + i, 0, 0]. The vertical cycle consistency
Cver

u measures the reliability of reconstructing each posi-
tion in fu using all positions in the same column of fv .

Finally, the column dimension of fv ∈ RB×H×W×C

is reshaped into the batch dimension to obtain fv,b ∈
RBW×H×C . The batch vertically aligned feature fver

u,b ∈
RBW×H×C is then computed as:

fver
u,b = Mver

v→u ⊗ fv,b, (19)

where

fver
u,b [bW + g, i, k] =

H−1∑
j=0

Mver
v→u[bW + g, i, j]

× fv,b[bW + g, j, k].

(20)

Here, Mver
v→u[bW + g, i, j] denotes the correlation be-

tween fu[b, i, g] and fv[b, j, g], and fv,b[bW + g, j, k] de-
notes the k-th channel value of fv[b, j, g]. Therefore,
fver
u,b [bW + g, i, k] represents the reconstructed k-th chan-

nel of fu[b, i, g] using all fv[b, j, g], i.e., all positions in

the g-th column of fv . Then, fver
u,b is reshaped into the

vertically aligned feature fver
u ∈ RB×H×W×C , where

fver
u [b, i, g, k] = fver

u,b [bW + g, i, k]. The vertically aligned
feature fver

u represents the transformation of the side source
into the perspective of the main source, aggregating infor-
mation from all positions in the corresponding column of
fv .

The aggregation step in Eq. 19, i.e., (fver
u,b = Mver

v→u ⊗
fv,b), adds (BWH2C) MACs. Meanwhile, the cycle con-
sistency in Eq. 16 contributes (BWH2) MACs, which is
negligible when C ≫ 1. Therefore, the overall computa-
tional complexity of the vertical parallax attention mecha-
nism is O(N3), where N = max(H,W ).

B.3. Two-Stage Parallax Attention in OPAM
After introducing the processes of HPA and VPA, we now
present the overall process of OPAM, which sequentially
applies HPA and VPA to capture the full two-dimensional
spatial context.

Given the input features fl and fr, the HPA is first ap-
plied to capture long-range dependencies along the row di-
mension, yielding the horizontally aligned feature fhor

l and
the horizontal cycle consistency Chor

l . The formulation of
the horizontally aligned feature fhor

l is given by:

fhor
l [b, g, i, k] =

W−1∑
j=0

Mhor
r→l[bH + g, i, j]

× fr[b, g, j, k],

(21)

where Mhor
r→l denotes the horizontal parallax attention map

from fr to fl.
Next, fl and fhor

l are fed into VPA, which models verti-
cal dependencies and produces the vertically aligned feature
fver
l along with the vertical cycle consistency Cver

l . The
formulation of the vertically aligned feature fver

l is given
by:

fver
l [b, i, g, k] =

H−1∑
j=0

Mver
r→l[bW + g, i, j]

× fhor
l [b, j, g, k],

(22)

where Mver
r→l denotes the vertical parallax attention map

from fhor
l to fl.

The overall cycle consistency Cl is computed by com-
bining both horizontal and vertical consistency:

Cl = Chor
l ⊙ Cver

l , (23)

where ⊙ denotes the element-wise product.
By combining Equations 21 and 22, the final transforma-

tion can be expressed as:



Table 1. BDBR comparison relative to LDMIC across different datasets. The best results are highlighted in bold. The number of input
views is indicated in parentheses. A dash (–) denotes that the corresponding model cannot be evaluated on that dataset.

Methods InStereo2K(2) Cityscapes(2) WildTrack(3) WildTrack(6) Mip-NeRF 360(3)

PSNR MS-SSIM PSNR MS-SSIM PSNR MS-SSIM PSNR MS-SSIM PSNR MS-SSIM

LDMIC 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
VVC 48.68% 80.69% 54.33% 101.92% 49.47% 115.64% 25.16% 120.67% 7.14% 96.47%
MV-HEVC 84.84% 182.11% 106.27% 202.95% 31.84% 176.86% 10.01% 168.04% 41.15% 171.15%
ECSIC 25.65% 11.99% 50.51% 41.12% – – – – – –
BiSIC -2.95% -4.65% 11.40% -7.11% – – – – – –
BiSIC-fast 7.37% -3.09% 18.65% -7.00% – – – – – –
CAMSIC 1.05% 4.98% 8.64% -5.02% – – – – – –
LMVIC – – – – – – – – -14.30% 93.73%
LDMIC-fast 13.15% -1.85% 3.90% 24.58% 10.83% 9.24% 10.51% 9.67% 25.52% 16.05%
ParaHydra -6.92% -5.95% -1.42% -7.15% -19.72% -7.07% -24.18% -6.23% -18.20% -4.53%

fver
l [b, i, j, k] =

H−1∑
g=0

Mver
r→l[bW + j, i, g]fhor

l [b, g, j, k] =

H−1∑
g=0

W−1∑
s=0

Mver
r→l[bW + j, i, g]Mhor

r→l[bH + g, j, s]fr[b, g, s, k],

(24)

which demonstrates that by sequentially applying horizon-
tal and vertical parallax attention, the parallax attention is
no longer constrained to aggregation along a single epipolar
line. Instead, it can exploit the full two-dimensional spatial
context (Fig. 1 Right), providing a reliable reference fver

l

and corresponding consistency Cl. The consistency Cl cap-
tures the joint reliability of context information provided by
fr for reconstructing fl, guided by both horizontal and ver-
tical parallax attention. It can be interpreted as the semantic
relevance between fr and fl.

Since the complexity of one stage of parallax attention is
O(N3), the overall complexity of OPAM remains O(N3),
which is far more efficient than full two-dimensional self-
attention with complexity O(N4).

C. Experimental Details
C.1. Dataset
We evaluate the proposed framework on two public stereo
image datasets, InStereo2K [1] and Cityscapes [5], and
two multi-view datasets, WildTrack [4] and Mip-NeRF
360 [2].
• InStereo2K. The InStereo2K dataset contains 2060 im-

age pairs of close-view indoor scenes, with 2010 pairs
used for training and 50 pairs for testing. Each image has
a resolution of 1080× 860.

• Cityscapes. The Cityscapes dataset comprises 5000
stereo image pairs depicting outdoor street scenes. The

dataset is split into 2975 training pairs, 500 validation
pairs, and 1525 testing pairs. Each image has a resolu-
tion of 2048× 1024.

• WildTrack. For the WildTrack dataset, we use FFmpeg
to extract frames from seven HD 1080p videos at one
frame per second [14]. The first 2000 frames from each
view are used for training, and the remaining 51 frames
are used for testing. Each image has a resolution of
1920× 1080.

• Mip-NeRF 360. The Mip-NeRF 360 dataset consists
of real-world 360° scenes captured under varying expo-
sure conditions. Many scenes reach 4K resolution. This
dataset is particularly challenging due to its unbounded
environments, complex lighting, and wide range of view-
points.

Training and testing settings on the datasets follow pre-
vious works [8, 14] to ensure a fair comparison. During
evaluation, each image in the InStereo2K dataset is mini-
mally cropped so that both its height and width are multiples
of 64. For the Cityscapes dataset, we follow the cropping
procedure described in [14] to remove rectification artifacts
and the ego-vehicle. Specifically, 64, 256, and 128 pixels
are cropped from the top, bottom, and sides of each image,
respectively.

C.2. Implementation Details

Implementation of the Baseline Codecs. We employ the
evaluation scripts provided by CompressAI to obtain the re-
sults of traditional codecs. Images are first converted into
YUV 4:4:4 video format, followed by compression using
the corresponding codec implementations. The coding effi-
ciency of MV-HEVC is evaluated with the HTM-16.3 refer-
ence software, whereas the performance of VVC is assessed
using the VTM-23.6 reference implementation.

For DNN-based image codecs, we reimplement all meth-
ods to ensure a fair comparison.
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Figure 2. Rate-distortion curves of the proposed method compared with competitive baselines, where distortion is measured in PSNR.

Implementation of the Proposed Framework. The im-
plementation follows that of [6, 7, 14]. Specifically, the
number of channels for the latent representations yk is set
to M = 192, and the number of channels for the latent rep-
resentations zk and fk is set to N = 192. The number of
channel slices l is set to 8, resulting in sc = 24 channels per
slice. The window size w is set to 5.

All learning-based models are trained with the trade-off

parameter λ = 1024, 2048, 4096, 8192 (32, 64, 128, 256)
under MSE (MS-SSIM). We train our models for 1400
epochs on multi-view datasets with a batch size of 8 and
for 3000 epochs on stereo image datasets with a batch size
of 16. During training, images are randomly cropped to a
resolution of 256 × 256 [14, 15]. The AdamW optimizer
is employed with a learning rate of 10−4. Experiments are
conducted on a single NVIDIA A30 GPU.
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Figure 3. Rate-distortion curves of the proposed method compared with competitive baselines, where distortion is measured in MS-SSIM.

Ablation Study Details. We conduct ablation study on
the WildTrack dataset using three input views to evaluate
the contribution of each proposed module. All models are
optimized with the MSE loss. Based on the proposed frame-
work, we insert two PMIFM into the encoder to construct
the Joint Enc-Dec variant, allowing both the encoder and
decoder to access inter-view contextual information. For
the Sep Enc-Dec variant, the two PMIFM in the decoder are

removed, making it equivalent to single image compression.

To assess the effectiveness of OPAM, we replace it
within the PMIFM with the JCT operation [14] to obtain
JCT, and with 2D self-attention to obtain 2D Attn. We fur-
ther remove the HPA stage in OPAM to obtain w/o HPA,
and remove the VPA stage to obtain w/o VPA.

To evaluate the effectiveness of the proposed Para-EM
in exploiting multiple contexts within entropy models, we
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Figure 4. Qualitative comparison on the InStereo2K dataset. Both left and right view reconstructions are shown, with their correspond-
ing bpp and PSNR values. Red boxes denote zoomed-in regions for detailed visual inspection. The best result is highlighted in bold.

individually replace the proposed channel-wise and global
spatial context modules with their counterparts from [6].

Specifically, replacing the PCCM with the channel-wise
context module [6] yields w/o PCCM, while replacing the
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Figure 5. Qualitative comparison on the Cityscapes dataset. Both left and right view reconstructions are shown, with their corresponding
bpp and PSNR values. Red boxes denote zoomed-in regions for detailed visual inspection. The best result is highlighted in bold.

PGCM with the intra-slice global context module [6] yields
w/o PGCM. Apart from these changes, all other components
remain identical to the original model. Furthermore, the
MLIC variant is obtained by replacing the entire Para-EM
with the MLIC module from [6].

D. Quantitative Results

Fig. 2 and Fig. 3 show the rate-distortion (RD) performance
of various codecs under PSNR and MS-SSIM metrics, re-
spectively, while Tab. 1 presents the corresponding BDBR
values relative to LDMIC. Across all datasets and con-
figurations, the proposed ParaHydra consistently demon-

Table 2. BDBR comparison relative to LDMIC on Mip-NeRF
360.

Views VVC MV-HEVC LDMIC-fast LMVIC ParaHydra

3 7.14% 41.15% 25.52% -14.30% -18.20%
4 53.06% 91.30% 14.31% 17.27% -16.84%

strates clear advantages over both traditional and learning-
based codecs, highlighting its robustness and generalization
across different scene types and view settings.
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Overall Performance. On both the WildTrack and Mip-
NeRF 360 datasets, ParaHydra achieves substantial bitrate
savings, reaching up to 24.18% saving on WildTrack(6)
and 18.20% saving on Mip-NeRF 360(3) relative to LD-
MIC. These savings indicate that the OmniParallax Atten-
tion Mechanism (OPAM) and Parallax Multi Information
Fusion Module (PMIFM) can effectively exploit semantic
correlations among multiple views. These improvements
are achieved without any inter-view side priors at the en-
coder side, emphasizing the strength of the distributed cod-
ing paradigm.

Notably, on the 4K-resolution Mip-NeRF 360 dataset,
our method surpasses LMVIC, which utilizes 3D Gaussian

geometric priors during encoding. As shown in Tab. 2, with
three input views, ParaHydra achieves an average bitrate
saving of 3.9% compared with LMVIC. When the number
of views increases to four, the average bitrate saving further
improves to 34.11%. This result is particularly significant,
as it demonstrates not only the robustness of ParaHydra in
high-resolution settings but also the ability of the proposed
DMIC framework to outperform joint encoding-decoding
methods by effectively leveraging inter-view information.

Analysis on Different View Numbers. The performance
gains become more pronounced as the number of input
views increases. On WildTrack, the bitrate savings rise



from 19.72% (3 views) to 24.18% (6 views), confirming
that PMIFM scales effectively with the complexity of multi-
view dependencies. The adaptive nature of PMIFM enables
the system to integrate useful information from multiple
correlated features while suppressing redundant or inconsis-
tent features. This trend shows the scalability of the model:
as more information sources are available, the fusion mech-
anism aggregates them more efficiently to enhance coding
performance.

When the number of input views is limited to two (as in
InStereo2K and Cityscapes), the improvement margin, al-
though smaller, remains clear. This is expected because,
in two-view scenarios, the main view can only reference a
single side view. As a result, the PMIFM in the joint de-
coding branch (Para-JD) cannot fully utilize its multi-view
fusion capacity. Even in this constrained setting, ParaHy-
dra still surpasses all baselines, achieving up to 6.92% bi-
trate saving on InStereo2K and 1.42% saving on Cityscapes
compared with LDMIC. Although PMIFM in the Para-JD
branch faces limited cross-view diversity under two-view
settings, the Para-EM remains capable of effectively uti-
lizing context information within latent representations to
achieve high-quality image reconstruction. This compen-
sates for the reduced inter-view reference information and
demonstrates the robustness of ParaHydra even under lim-
ited view diversity.

Comparison with Traditional Codecs. Compared with
traditional codecs such as VVC and MV-HEVC, ParaHydra
shows clear superiority. Traditional codecs depend on hand-
designed prediction and transform schemes that struggle
to represent complex semantic relationships across diverse
viewpoints. In contrast, ParaHydra learns to capture long-
range correlations, achieving higher reconstruction quality
at significantly lower bitrates. This advantage is particularly
evident on high-resolution datasets like WildTrack, where
geometric and photometric variations are pronounced.

Discussion. The consistent improvements across all
benchmarks demonstrate that the proposed framework ef-
fectively leverages inter-view information during decoding.
The OPAM and PMIFM enable ParaHydra to align and
fuse informative features across sources, resulting in com-
pact yet expressive latent representations. The small vari-
ations in BDBR under two-view setups are likely due to
limited reference diversity rather than architectural limita-
tions. Since most practical multi-camera systems operate
with three or more views, this phenomenon is both expected
and acceptable.

In summary, the results validate the robustness, scal-
ability, and generality of ParaHydra. It not only estab-
lishes new state-of-the-art performance among distributed
methods but also outperforms joint encoding-decoding ap-

proaches, setting a new benchmark for future research in
multi-view image compression.

E. Qualitative Results
We present additional qualitative results in Figures 4, 5,
and 6 to further validate the effectiveness of our proposed
framework against representative baselines, including LD-
MIC, LDMIC-fast, BiSIC-fast, and CAMSIC. These com-
parisons are conducted on three challenging datasets: In-
Stereo2K, Cityscapes, and WildTrack, covering diverse sce-
narios from indoor stereo images to complex outdoor urban
environments.

As shown in the figures, our method consistently pre-
serves sharper edges and finer texture details compared to
competing approaches at lower bitrates.

Fig. 4 demonstrates that on the InStereo2K dataset, our
proposed ParaHydra achieves higher PSNR and lower bi-
trates (bpp) for both left and right views compared to other
methods. Furthermore, ParaHydra preserves high-fidelity
structural and textural details. In geometrically discon-
tinuous regions, such as the upper boundary of the globe
(Fig. 4), our method maintains texture curves that closely
match the ground truth. Unlike other methods that exhibit
noticeable blurring, ParaHydra demonstrates superior capa-
bility in preserving stereo-geometric consistency.

Fig. 5 shows reconstructed images from different meth-
ods on the Cityscapes dataset. ParaHydra achieves higher-
quality reconstructions for both left and right views while
operating at the lowest bitrates. This performance is par-
ticularly notable compared to benchmark codecs such as
CAMSIC and BiSIC-fast, which yield lower PSNR values
of 36.96 dB and 35.55 dB, respectively, while ParaHydra
achieves an impressive PSNR of 37.51 dB. Notably, our
method produces clearer structural details than other ap-
proaches. For instance, text on distant billboards appears
sharply rendered in our results, whereas other reconstruc-
tions often exhibit blurring, local distortion, and texture
smoothing artifacts.

On the WildTrack dataset with multiple camera view-
points (Fig. 6), the PMIFM fully exploits its multi-view fu-
sion capability. The adaptive nature of our framework en-
ables effective integration of relevant information from mul-
tiple correlated views while suppressing redundant or in-
consistent features. Experimental results show that our ap-
proach generates visually consistent reconstructions across
different viewpoints at approximately 0.17 bpp, achieving
up to 0.7 dB PSNR improvement over the baseline method
LDMIC-fast. This validates the effectiveness of our method
in capturing inter-view correlations and maintaining geo-
metric alignment, thereby ensuring consistent visual quality
across all viewpoints.

Overall, the qualitative results demonstrate that the pro-
posed framework successfully leverages multi-view seman-



tic correlations to reconstruct fine-grained scene details
more accurately, achieving higher perceptual quality and
a superior rate-distortion trade-off compared to existing
stereo and multi-view image compression methods.

References
[1] Wei Bao, Wei Wang, Yuhua Xu, Yulan Guo, Siyu Hong, and

Xiaohu Zhang. Instereo2k: a large real dataset for stereo
matching in indoor scenes. Science China Information Sci-
ences, 63(11):212101, 2020. 5

[2] Jonathan T Barron, Ben Mildenhall, Dor Verbin, Pratul P
Srinivasan, and Peter Hedman. Mip-nerf 360: Unbounded
anti-aliased neural radiance fields. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pages 5470–5479, 2022. 5

[3] Toby Berger. Multiterminal source coding. The information
theory approach to communications, 1978. 1

[4] Tatjana Chavdarova, Pierre Baqué, Stéphane Bouquet, An-
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