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Abstract. Stereo image compression fundamentally relies on exploiting
cross-view redundancies. We observe that the performance of conven-
tional correspondence-driven methodologies degrades severely in out-of-
view (OOV) regions or when reference features are heavily quantized,
resulting in blurred textures and prediction failure. In this paper, we pro-
pose a novel generative stereo image compression framework driven by
a controllable generative reference. Instead of relying on finding explicit
correspondences from a degraded reference, we leverage the powerful pri-
ors of a pre-trained diffusion model to synthesize a high-quality target-
view reference. To bridge the gap between stochastic generative processes
and strict stereo consistency, we introduce Joint Semantic-Spatial Con-
trol for reference generation. This mechanism synergistically steers the
synthesis using a robust geometric anchor from the compressed left view
and an ultra-compact semantic condition extracted from the target view.
Furthermore, to minimize the impact of structural inconsistency during
reference generation on the quality of the reconstructed image, we de-
sign a Reliability-Aware Gating module. By dynamically evaluating the
synthesized prior in the feature space, this module adaptively regulates
generative information flow within the entropy model to improve the
reconstructed image quality. Extensive experiments on standard bench-
marks demonstrate that our framework achieves state-of-the-art rate-
distortion performance, delivering remarkable bitrate savings and high
visual quality at low bitrates.

Keywords: Stereo Image Compression - Diffusion Models - Generative
Prior - Entropy Coding

1 Introduction

Stereo image compression shows great potential for powering critical applica-
tions in binocular vision systems, ranging from immersive 3D telepresence to
safety-critical autonomous driving |13{14,[16(50]. Unlike traditional single-image
codecs [8,[39], stereo compression architectures strive to maximize coding effi-
ciency by exploiting the significant inter-view redundancy inherent in binocular
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pairs. The core objective is to reconstruct a high-quality target view by lever-
aging information from a compressed reference view. Over the past decade, the
field has transitioned from traditional standards like MV-HEVC [37] to learned
paradigms that utilize explicit geometric constraints, such as disparity-based
warping or optical flow [3[|1222], to align and predict target-view features [1742].

Despite these advancements, we observe that the performance of these con-
ventional correspondence-driven methodologies degrades severely under strin-
gent bandwidth constraints, regardless of whether they utilize explicit spatial
alignment or implicit attention-based feature interaction [12,25||41]. Specifi-
cally, we identify two critical limitations. First, under heavy compression, the
compressed reference view itself suffers from severe degradation, resulting in
heavily quantized latent representations. Attempting to extract and transfer
context from these degraded reference features inevitably propagates quanti-
zation artifacts to the target view, resulting in blurred textures and a loss of
high-frequency details. Second, due to the stereo camera baseline, certain re-
gions of the target view are physically occluded in the reference view—a phe-
nomenon known as out-of-view (OOV) regions [35]. Since both feature warping
and cross-attention mechanisms rely strictly on finding explicit cross-view cor-
respondences [41}|42 /48], these occluded areas suffer from severe information
depletion. Consequently, current interaction modules fail to establish reliable
cross-view contexts, inevitably leading to prediction failure and severe struc-
tural inconsistency.

To overcome these limitations, we propose a novel generative stereo image
compression framework driven by a controllable generative reference. Instead of
relying on finding explicit correspondences from a degraded reference to pre-
dict the target view, we leverage the powerful priors of pre-trained diffusion
models [33}/34,46] to synthesize a high-quality target-view reference. To ensure
practical runtime efficiency for the overall compression system, this generative
process is executed in the latent space via single-step inference. To bridge the
gap between stochastic generative processes and strict stereo consistency, we
introduce Joint Semantic-Spatial Control for reference generation [31,[46]. This
mechanism synergistically steers the synthesis using a robust geometric anchor
from the compressed left view and an ultra-compact semantic condition (re-
quiring only ~0.00065 bpp) extracted from the target view. This joint guidance
allows the model to infer missing out-of-view (OOV) structures and restore de-
graded textures with high perceptual fidelity. Consequently, this generative stage
produces a visually compelling reconstruction that can stand alone for applica-
tions prioritizing high visual quality [18}|27,/28] at negligible bitrates.

Nevertheless, for objective-oriented compression, a critical challenge remains:
the generative process inherently introduces structural inconsistency [1,7]. While
generative priors can synthesize visually plausible details, these generated struc-
tures are not always mathematically aligned with the ground truth at the pixel
level. This inconsistency inevitably leads to severe penalties in objective metrics
such as PSNR and MS-SSIM. To minimize the impact of structural inconsis-
tency during reference generation on the quality of the reconstructed image, we
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Fig. 1: Overview of the proposed generative stereo image compression framework. The
system integrates Joint Semantic-Spatial Control for high-quality reference synthesis
and a Reliability-Aware Gating module for adaptive feature integration across three
optimized stages.

design a Reliability-Aware Gating module. By dynamically evaluating the syn-
thesized prior in the feature space, this module adaptively regulates generative
information flow within the entropy model. Specifically, if the generative features
associated with a synthesized region demonstrate high uncertainty or misalign-
ment, the gate suppresses this unreliable guidance, falling back to the robust
geometric context. This sophisticated gating mechanism ensures that our frame-
work maintains strict adherence to the objective rate-distortion curve without
sacrificing generative richness. The overall pipeline of our proposed framework
is illustrated in Fig. [T}

By seamlessly integrating controllable reference synthesis with a conditional
entropy model robust to structural inconsistency, we establish a cohesive frame-
work for generative stereo image compression. Crucially, rather than a naive
application of generative models, this architecture operates on two synergis-
tic pillars. First, it deterministically steers the stochastic synthesis using Joint
Semantic-Spatial Control to overcome extreme reference degradation and synthe-
size a high-quality target-view reference. Second, it resolves the inherent conflict
between stochastic generative processes and strict pixel-level alignment through
the proposed Reliability-Aware Gating module. By strategically evaluating and
regulating the generative prior, our approach redefines inter-view prediction as
a controllable generative completion task while ensuring robust objective per-
formance.
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In summary, the main contributions of this paper are as follows:

(1) We propose a generative stereo image compression framework driven by a
controllable generative reference. Instead of extracting explicit correspondences
from a degraded reference, we leverage pre-trained diffusion priors to synthesize a
high-quality target-view reference, effectively overcoming the fundamental limits
of out-of-view (OOV) regions and severe quantization degradation.

(2) We introduce Joint Semantic-Spatial Control to synergistically steer the
generative synthesis. This control seamlessly combines a robust geometric an-
chor from the compressed left view with an ultra-compact target-view semantic
condition, restoring degraded textures with high perceptual fidelity.

(3) We design a Reliability-Aware Gating module to mitigate the impact of
structural inconsistency inherent in generative priors. By evaluating the synthe-
sized features, it adaptively regulates the information flow within the entropy
model, ensuring strict adherence to the objective rate-distortion curve.

(4) Extensive experiments on standard benchmarks demonstrate that our
framework achieves superior rate-distortion performance, delivering remarkable
bitrate savings and high visual quality, especially in the low-bitrate regime.

2 Related Work

2.1 Correspondence-Driven Stereo Image Compression

Stereo image compression (SIC) [22,[29137,/49] fundamentally relies on exploit-
ing cross-view redundancies. Existing methodologies are predominantly driven
by establishing spatial correspondences. Early learned frameworks adopted ex-
plicit geometric alignment, utilizing disparity-based warping [3}22}37.38},/45] or
latent shift operations [42] to predict the target view. While effective for re-
gions with high spatial correlation, the performance of these explicit methods
degrades severely in out-of-view (OOV) regions, where physical correspondences
are fundamentally absent.

To capture complex dependencies, recent state-of-the-art methods shift to-
ward implicit feature interaction. These architectures employ bidirectional at-
tention [20}30,/41], 3D convolutions [25], or masked image modeling [11}/48] to
transfer contextual information. Despite improved robustness, they still funda-
mentally rely on extracting valid features from the compressed reference. Under
heavy compression, the reference features are heavily quantized. Forcing the net-
work to extract contexts from these degraded correspondences inevitably prop-
agates quantization artifacts to the target view, resulting in blurred textures
and prediction failure. To overcome this bottleneck, our approach abandons the
reliance on finding explicit correspondences from a degraded reference. Instead,
we leverage the powerful priors of a pre-trained diffusion model to synthesize a
high-quality target-view reference.

2.2 Generative Image Compression and Conditional Synthesis

Traditional learned image compression typically optimizes for pixel-wise distor-
tion, which inevitably leads to over-smoothed textures at low bitrates [21}[23]
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24}[26]. To prioritize perceptual quality, generative codecs incorporate generative
adversarial networks (GANs) [2L|19/28] or diffusion models [321{43}|47] to recon-
struct high-frequency details. While effective for single images, extending these
unconstrained priors to stereo compression poses a theoretical challenge. Their
inherent stochasticity risks introducing severe structural inconsistency, violating
necessary cross-view consistency and penalizing objective metrics.

To regulate this stochasticity, conditional frameworks like ControlNet [31]
441146] incorporate spatial anchors to deterministically guide diffusion [15}/33].
In stereo vision, DiffStereo |9] explores diffusion for restoration. However, such
approaches target unconstrained image enhancement rather than bandwidth-
constrained compression. Bridging this gap, our framework integrates conditional
diffusion priors into the stereo compression pipeline. By utilizing the compressed
left view as a robust geometric anchor, we formulate inter-view prediction as a
controllable generative completion task. This approach effectively bridges the
gap between stochastic generative processes and strict stereo consistency, ensur-
ing robust objective performance without sacrificing generative richness.

3 Proposed Method

3.1 Overview

Let a stereo image pair be denoted as (zr,xr), where xy, is the left view and
xp is the right target view. Our goal is to encode this pair and reconstruct
(Z,2R) by optimizing the rate-distortion tradeoff. Departing from conventional
correspondence-driven paradigms, we propose a novel framework that leverages
the powerful priors of a pre-trained diffusion model to synthesize a high-quality
target-view reference. To bridge the gap between stochastic generative processes
and strict stereo consistency, we systematically integrate these generative priors
into a unified compression pipeline. As illustrated in Fig. [1} our proposed frame-
work operates in three distinct stages, adopting an asymmetric coding approach:

(1) Anchor View Compression. We first compress the left view z, using
a standard learned image compression (LIC) network. The reconstructed left
view, Zr,, serves a dual purpose: it provides the final output for the left view and
acts as a robust geometric anchor for compressing the right view.

(2) Generative Reference via Joint Semantic-Spatial Control. This
stage is central to our approach. Instead of performing conventional feature
alignment, we synthesize a high-quality target-view reference, Zge,. To ensure
Zgen Maintains strict stereo consistency with zr, we employ a frozen Stable
Diffusion model steered by the proposed Joint Semantic-Spatial Control. This
mechanism synergistically combines two complementary conditions: a spatial
condition derived from the robust geometric anchor (1), and a content condition
derived from an ultra-compact semantic condition extracted from z g, denoted
as fsem. Through this joint guidance mechanism, we successfully regulate the
stochastic generative process.

(3) Target View Compression with Reliability-Aware Gating. Fi-
nally, the right view x g is conditionally compressed, employing an entropy model
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Fig. 2: Detailed architecture of the Joint Semantic-Spatial Control (Stage II). The
module synthesizes the high-quality target-view reference xg4en, by steering a frozen
LDM backbone with dual control networks, integrating spatial geometry from the an-
chor #7, and semantic priors from the ultra-compact condition faem.

that utilizes a hybrid context from both the geometric anchor (%) and the syn-
thesized reference (4er, ). Recognizing that the generative process may introduce
structural inconsistency during reference generation, we design the Reliability-
Aware Gating module within the entropy model. By dynamically evaluating the
synthesized prior in the feature space, this module adaptively regulates gener-
ative information flow within the entropy model. This ensures that the system
minimizes the impact of structural inconsistency on the final reconstructed im-
age quality, effectively falling back to the robust geometric context when the
generative prior demonstrates misalignment.

3.2 Generative Reference via Joint Semantic-Spatial Control

This stage aims to synthesize a high-quality target-view reference, z4¢p. It serves
as a powerful generative prior for the subsequent target view compression. To
harness generative capabilities without prohibitive training costs, we employ a
pre-trained, frozen Latent Diffusion Model (LDM) [33| as our backbone.

A core challenge lies in bridging the gap between stochastic generative pro-
cesses and strict stereo consistency, avoiding structural inconsistency during ref-
erence generation. Relying solely on the reconstructed left view is fundamentally
insufficient; it not only fails to infer occluded out-of-view (OOV) regions but also
struggles to provide high-frequency textures because the reference features are
heavily quantized under severe compression. Conversely, relying solely on an
ultra-compact representation extracted from the target view lacks explicit spa-
tial definition. To address this, we design the Joint Semantic-Spatial Control to
synergistically combine these complementary conditions. In our implementation,
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as illustrated in Fig.[2] we instantiate this mechanism by deploying two indepen-
dent control networks [46] operating in parallel to elegantly process the spatial
and semantic conditions.

(1) Spatial Control Using the Geometric Anchor. The reconstructed
left view T, serves as a robust geometric anchor, providing explicit spatial con-
straints for co-visible regions. Processed via a standard control network (CNj;,g),
it yields a set of multi-scale spatial control features:

{Fjﬁa} = CNimg(iLy Zt, t)v (1)

where z; is the noisy latent at timestep t.

(2) Semantic Control Using an Ultra-Compact Condition. To guide
generation beyond mere local alignment, we utilize an ultra-compact semantic
condition fsem. Specifically, the target view xp is mapped into the latent space
via a frozen VAE encoder and compressed by a lightweight semantic codec to
yield fiem. This condition is crucial for inferring out-of-view (OOV) regions
and restoring degraded textures caused by heavily quantized reference features.
To maintain the overall rate-distortion optimization, this auxiliary compression
operates in an extremely low-bitrate regime, incurring a negligible average over-
head of approximately 0.00065 bpp. At this minimal cost, fsem acts as a semantic
seed, injecting macro-layout priors into the diffusion process while reserving the
primary bitrate budget for the final target view compression. Because fsem is
derived directly from the VAE latent space, we design a modified latent control
network (CNy,¢). By replacing the initial image-domain feature extractors with
a lightweight Latent Adapter, we align the dimensions of fyen, and reconstruct
the necessary local spatial context:

{chﬁm} = CNygs (Adapter(fsem)’ 2t t)' (2)

(3) Joint Semantic-Spatial Control for Reference Generation. The
multi-scale features {F;7*} and {F35™} are fused via element-wise summation
and injected into the frozen U-Net decoder blocks through zero-convolutions.
This strategy synergistically steers the synthesis: the spatial branch determinis-
tically anchors the base geometry, while the semantic branch dictates the target
disparity, supplies texture priors, and infers missing OOV structures. Finally,
the fully denoised latent z4,, is decoded to produce the high-quality target-view

reference: Zgen = VAEjec(2gen)-

3.3 Target View Compression with Reliability-Aware Gating

The final stage conditionally compresses the target view xg by adopting a gen-
eralized Gaussian entropy model for its quantized latent §z. Our goal is to refine
the initial mean and scale parameters (i Base, 0Base) €stimated by a hyperprior
network, leveraging complementary contexts from both reference views (Fig. |3).

(1) Hierarchical Gated Refinement. We first extract features from the
robust geometric anchor and the synthesized high-quality target-view reference
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Fig. 3: Architecture of the Reliability-Aware Gating module (Stage III). It refines
entropy parameters by using a spatial confidence map G to adaptively fuse geometric
(Fyeo) and generative (Fyen) priors, regulating information flow to mitigate structural
inconsistency.

using a shared extractor g7¢f: Foeo = g5, ¢f(2r) and Fyen = g’ef(:rgen). To refine
[Base, & Geometric Refinement Branch initially computes a base offset Apgeo
using the reliable spatial context:

A//fgeo = fgeo([ﬂBasea Fgeo])v (3)

where Fye, is a residual network and [-] denotes concatenation. Subsequently,
a Generative Refinement Branch computes a potentially more informative but
riskier offset Apigern, conditioned on both references:

Aﬂgen = fgen([ﬂBase, Fgeoa Fgen])~ (4)

Crucially, to assess the trustworthiness of the generated features, we intro-
duce the Reliability-Aware Gating module. By dynamically evaluating the syn-
thesized prior in the feature space, this lightweight CNN predicts a spatial con-
fidence map G € [0,1] indicating the reliability of Fye,:

G = U(FGate([MBase; FgenD)a (5)

where o(+) is the sigmoid function. A value of G approaching 0 indicates un-
reliable synthesis (e.g., severe structural inconsistency). To adaptively regulate
the generative information flow, the final refined mean pp;,q; is calculated by
weighting the generative offset with the gate G and adding it to the previous
estimates:

WFinal = HBase T+ A//"geo + (G O] A,ugen)y (6>

where ® denotes element-wise multiplication. This sophisticated gating mecha-
nism ensures the model selectively incorporates generative priors only when they
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are deemed structurally consistent, effectively falling back to the robust geomet-
ric context otherwise. Finally, the scale parameter op;i,q; is refined by jointly
evaluating all available contexts:

O Final = ]:Scale([o-Basea qum qun])~ (7)

(2) Reliability-Aware Training Scheme. To ensure the gate G effec-
tively identifies unreliable generated content, we employ a targeted corruption
approach during training. We randomly degrade F,, by either dropping it (set-
ting it to zero with probability pp.op) or injecting Gaussian noise (with proba-
bility pnoise)- This forces Faate to recognize non-informative generative features
and adaptively suppress this unreliable guidance, thereby minimizing the impact
of structural inconsistency and ensuring robust objective performance during in-
ference.

3.4 Loss Functions

To ensure training stability and mitigate interference between anchor compres-
sion and the generative process, we adopt a stage-wise training protocol. During
each subsequent stage, the modules optimized in all preceding stages are strictly
frozen. The specific optimization objective for each stage is detailed below.

(1) Anchor View Compression. This stage establishes the robust geo-
metric anchor. We optimize the anchor compression branch using the standard
rate-distortion (R-D) loss:

Lstage1 = A - D(zp,21) + R(yr) + R(ZL), (8)

where D(-) denotes the Mean Squared Error (MSE), while R(¢j;) and R(ZL)
represent the bitrates of the anchor view’s main latent and its hyperprior, re-
spectively. The Lagrange multiplier A\ governs the rate-distortion trade-off.

(2) Joint Generative and Semantic Optimization. In this stage, the
Joint Semantic-Spatial Control and the lightweight semantic codec are jointly
optimized, while the LDM U-Net and VAE remain strictly frozen. The objec-
tive is twofold: 1) ensure the synthesized high-quality target-view reference g,
maintains strict stereo consistency, and 2) minimize the bitrate overhead of the
ultra-compact semantic condition fsem. The total objective function combines
the diffusion loss and the semantic compression loss:

EStage I = )\gen : Eszf + Asem - ECodeo (9>

The diffusion loss Lp;fy evaluates the generation quality via the MSE between
the added and predicted noise:

ﬁDiff = Ezoﬁyt [”6 - GG(Zt’t)i‘L’fsem)Hg} : (10)

Crucially, gradients from Lp; s are back-propagated through the modified latent

control network directly to the semantic codec, compelling fsem to capture op-
timal macro-layout priors and bridge the gap between stochastic generation and
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strict stereo consistency. The semantic codec loss Loogec constrains the bitrate
and ensures representational stability:

[’Codec - R(fsem) + ﬁ : ||fsem - fsem”%a (11)

where fsem is the uncompressed latent extracted from xg (utilizing the mode of
the VAE distribution for stability), and 8 balances feature reconstruction fidelity
against the bitrate constraint.

(3) Target View Compression with Reliability-Aware Gating. Fi-
nally, we train the target view compression branch equipped with the Reliability-
Aware Gating module. The goal is to minimize the rate-distortion (R-D) cost of
the target view xg by leveraging the hybrid contexts derived from the robust
geometric anchor (£7,) and the high-quality target-view reference (zgep):

Lstage 11 = A - D(2Rr, 2r) + R(Jr) + R(ZR). (12)

4 Experimental Results

4.1 Experimental Setup

The experimental setup is summarized as follows.

(1) Datasets. We evaluate our framework on two standard stereo bench-
marks: InStereo2K [4] (1080 x 860 resolution, with 2,010 training and 50 test-
ing pairs) and Cityscapes [10] (2048 x 1024 resolution, with 2,975 training and
1,525 testing pairs). We follow established preprocessing protocols (e.g., bound-
ary cropping) from recent works [25/41], deferring detailed dataset descriptions
and exact cropping parameters to the supplementary material.

(2) Baselines. We compare against a comprehensive set of state-of-the-
art baselines, including traditional codecs (BPG [5|, HEVC [36], VVC [8], MV-
HEVC [37]) and recent learned stereo compression methods (BCSIC |20|, LD-
MIC [49], ECSIC [41], BiSIC [25], and CAMSIC [48§]).

(3) Evaluation Metrics. We evaluate objective quality using Peak Signal-
to-Noise Ratio (PSNR) and Multi-Scale Structural Similarity (MS-SSIM) [40].
Coding efficiency is quantified via the Bjgntegaard Delta Bitrate (BDBR) |6],
which calculates the average percentage of bitrate savings relative to an anchor
method. Lower BDBR values indicate superior compression performance.

(4) Implementation Details. To synthesize the high-quality target-view
reference, we utilize a frozen Stable Diffusion v1.5 backbone steered by the pro-
posed Joint Semantic-Spatial Control. Following the stage-wise training protocol
(Sec. , we optimize the framework using the AdamW optimizer, employing
randomly cropped 256 x 256 patches for the compression networks and 512 x 512
patches for the generative module to accommodate the diffusion prior. To eval-
uate varying rate-distortion tradeoffs, we train distinct models utilizing stan-
dard X sets for both MSE and MS-SSIM objectives. Comprehensive training
details—including exact A values, learning rate schedules, iteration steps, and
detailed network architectures—are provided in the supplementary material.
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Fig. 4: Rate-distortion curves in terms of PSNR and MS-SSIM on the InStereo2K and
Cityscapes datasets.

4.2 Results

(1) Rate-Distortion Performance. We evaluate Rate-Distortion (R-D) per-
formance using Bjgntegaard Delta Bitrate (BDBR) (Table [1)) and R-D curves
(Fig. E[) As demonstrated in Table |1} our framework establishes a new state-of-
the-art across both datasets. Anchored on BPG, it achieves remarkable BDBR
savings on InStereo2K of 67.64% in PSNR. and 65.22% in MS-SSIM. This signif-
icantly outperforms the second-best BiSIC in PSNR (48.08% savings) while
maintaining a clear lead in MS-SSIM (61.13%). Similar dominance is observed
on Cityscapes with a 65.90% PSNR BDBR reduction, surpassing CAMSIC
(59.74%) and VVC (57.52%). These substantial improvements validate the su-
perior coding efficiency of our synthesized high-quality target-view reference.
Fig. [ further illustrates that our gains are particularly pronounced in the
low-bitrate regime. On InStereo2K, at a low bitrate of roughly 0.07 bpp, our
model achieves a PSNR of 35.75 dB, outperforming CAMSIC and BiSIC by
over 1 dB. It also maintains top-tier MS-SSIM, yielding 21.1 dB at 0.6 bpp ver-
sus BiSIC’s 20.6 dB. On Cityscapes, where conventional correspondence-driven
methodologies (e.g., ECSIC ) often struggle at low bitrates, our generative
approach remains robust. At approximately 0.03 bpp, it surpasses ECSIC by
1.5 dB in PSNR, while at around 0.3 bpp, it outperforms VVC in MS-SSIM
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Table 1: Comparison of BDBR cost relative to BPG on different datasets, with the
best results in Bold and second-best ones in underlined.

Method InStereo2K Cityscapes

PSNR MS-SSIM PSNR MS-SSIM
HEVC [36] -21.50% -12.55% -28.33% -24.50%
VVC [§] -35.74% -30.31% -57.52% -46.27%
MV-HEVC [37] -8.52% 5.58% -19.02% -16.89%
LDMIC [49] -45.58% -58.72% -42.29% -63.23%
ECSIC |41] -44.66% -55.41% -51.13% -65.20%
BiSIC |25] -48.08% -61.13% -57.08% -67.74%
CAMSIC |[48] -43.88% -53.89% -59.74% -69.67%
Ours -67.64% -65.22% -65.90% -74.53%

by 2.0 dB. Notably, this state-of-the-art performance requires negligible bitrate
overhead. The ultra-compact semantic condition fsem consumes an average of
merely 0.00065 bpp. This proves that ultra-compact semantic guidance, when
synergized with a frozen diffusion prior, is sufficient to synthesize high-quality
target-view references that effectively resolve the inherent conflict between gen-
erative stochasticity and strict stereo consistency.

Table 2: Comparison of average runtime per image pair (in seconds) across diverse
deep learning and standard codec architectures.

Codec ‘BPG HEVC VVC ECSIC BiSIC CAMSIC Ours
Codec Time (s)‘16.24 31.15 208.42 1.47 1.29 1.34  1.60

(2) Runtime Comparison. Table [2| compares average runtimes on In-
Stereo2K. Learned models are executed on an NVIDIA A100 GPU, whereas
traditional codecs like VVC are executed on an AMD EPYC 7742 CPU. Our core
compression network (0.78s) is highly efficient compared to ECSIC (1.47s) and
BiSIC (1.29s). Even including reference synthesis (0.82s), our total inference time
(1.60s) remains competitive with state-of-the-art learned models and orders of
magnitude faster than exhaustive CPU-bound codecs like VVC (208.42s). Given
the bitrate savings exceeding 65% relative to BPG, this generative overhead is
a highly worthwhile trade-off for superior reconstruction quality.

4.3 Ablation Studies

In this section, we conduct ablation studies on the InStereo2K dataset to analyze
the contribution of each proposed component, evaluating the Bjgntegaard Delta
PSNR (BD-PSNR) relative to our full model (Table [3).
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Table 3: Ablation study of key components on InStereo2K and Cityscapes. BD-PSNR
is calculated relative to our full model. (Negative values indicate performance drop).

Model Variant InStereo2K Cityscapes
BD-PSNR (1) BD-PSNR (1)
Full Model (Ours) 0dB 0dB
w/o Generative Reference -1.31 dB -1.23 dB
w/o Semantic Control -0.76 dB -0.83 dB
w/o Reliability-Aware Gate -1.07 dB -0.91 dB

(1) Component Ablation. Specifically, removing the generative prior en-
tirely yields the most severe performance degradation (-1.31 dB and -1.23 dB),
confirming that replacing conventional correspondence-driven methodologies with
controllable generative synthesis is the fundamental driver of our coding effi-
ciency. Furthermore, without the ultra-compact semantic condition, the genera-
tive process suffers from spatial ambiguity, resulting in a performance reduction
of -0.76 dB and -0.83 dB. This underscores that our minimal semantic guid-
ance is crucial for deterministically steering the synthesis toward high stereo
consistency. Finally, disabling the Reliability-Aware Gating module forces the
entropy model to blindly incorporate the synthesized reference, which inher-
ently introduces structural inconsistency during reference generation. This leads
to significant penalties (-1.07 dB and -0.91 dB), highlighting the absolute ne-
cessity of dynamically regulating the generative information flow before feature
integration to maintain robust objective performance.

(2) Visualization of Generative Priors. Fig. |5 presents a qualitative
comparison in the low-bitrate regime. We highlight two critical challenges: severe
texture degradation (highlighted boxes) and out-of-view (OOV) regions at the
right boundary.

The severely compressed left view (Col. 1) is fundamentally degraded, result-
ing in heavily quantized features that lack sufficient information for the OOV
area. In contrast, guided by an ultra-compact semantic condition (0.0008 bpp),
our high-quality target-view reference (Col. 2) successfully restores degraded
textures (e.g., basketball lines) and synthesizes missing OOV structures with
high visual quality. Col. 4 visualizes the inherent perception-distortion tradeoff.
While our synthesized reference provides excellent perceptual quality, its gener-
ated details may not always be strictly aligned with the ground truth (Col. 3),
potentially introducing structural inconsistency. Consequently, under a strict bit
budget (0.0079 bpp), the subsequent MSE-optimized reconstruction suppresses
these unaligned textures to maintain robust objective performance.

This demonstrates the controllability of our framework: the generative prior
establishes a rich perceptual foundation, while the Reliability-Aware Gating
module adaptively regulates the information flow to minimize the impact of
structural inconsistency on the final reconstructed image quality. Furthermore,
our framework demonstrates remarkable zero-shot Sim-to-Real generalization
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Compressed Left Generated Right Ref.(0.0008bpp) Right Target (GT) Final Right Recon. (0.0079bpp)

Compressed Left Generated Right Ref.(0.0009bpp) Right Target (GT) Final Right Recon. (0.016bpp)

Fig. 5: Qualitative comparison at low bitrates across two distinct examples, demon-
strating our capability in restoring degraded textures (highlighted boxes) and synthe-
sizing missing out-of-view regions.

capabilities (trained entirely on the synthetic IRS small dataset and evaluated
zero-shot on the real-world InStereo2K). Detailed generalization analyses and
additional qualitative results are deferred to the supplementary material.

5 Conclusion

In this paper, we presented a novel generative framework for stereo image com-
pression. By steering a pre-trained diffusion prior via Joint Semantic-Spatial
Control, our method synthesizes a high-quality target-view reference guided by
an ultra-compact semantic condition. This paradigm fundamentally overcomes
the limitations of conventional correspondence-driven methodologies, effectively
synthesizing missing out-of-view (OOV) structures and restoring degraded tex-
tures. To ensure robust objective performance, we introduced the Reliability-
Aware Gating module to adaptively regulate the generative information flow
within the entropy model, thereby mitigating the impact of structural inconsis-
tency. Extensive experiments validate the superior rate-distortion performance
and high perceptual fidelity of our approach. Ultimately, this architecture suc-
cessfully resolves the inherent conflict between stochastic generative processes
and strict pixel-level alignment, demonstrating great potential for advanced
binocular vision applications.
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