


initial viewpoints often differ stylistically from those pro-
duced when revisiting the same location from different an-
gles, creating visual inconsistencies. Moreover, warp-and-
inpainting methods frequently encounter depth misalign-
ment issues, leading to compounding errors over sequen-
tial generations [23, 36]. Unlike prior methods that per-
form diffusion synchronization tasks [2, 11, 18, 20, 22] in
constrained settings (limited viewpoint variations), our task
requires coherence between viewpoints based on arbitrary
trajectory features, extensive perspective changes, and spa-
tial discontinuities. This fundamental distinction makes ex-
isting methods ineffective for complex multi-room environ-
ments with widely-varying camera positions.

To overcome these limitations, we present MOSAIC
(Multi-view Overlapped Scene Alignment with Implicit
Consistency), a training-free diffusion framework that con-
verts privacy-preserving depth sequences into photoreal-
istic, geometry-aligned RGB views across large, clut-
tered, multi-room environments. Previous work [37] en-
forces consistency by fine-tuning a modified architecture on
trajectory-specific data, limiting scalability and generaliza-
tion; MOSAIC instead performs a lightweight multi-view
inference-time optimization that scales to unseen environ-
ments and enforces cross-view agreement at every denois-
ing step, while preserving the intrinsic knowledge of a
large pre-trained model [28]. A depth-weighted projec-
tion loss highlights the most reliable viewpoints, and a fi-
nal pixel-space refinement converts latent-space coherence
into precisely aligned images. As more overlapping views
are added, MOSAIC reduces variance and tightens image—
depth alignment, unlike autoregressive pipelines that com-
pound errors, thus delivering stable reconstructions over ar-
bitrarily long trajectories. Our experiments demonstrate su-
perior performance over existing methods across multiple
metrics, establishing a new state-of-the-art for scene level
multi-view image generation with geometric priors.

In summary, (1) we introduce MOSAIC, a training-free
diffusion pipeline that turns arbitrary depth sequences into
photorealistic geometry-aligned RGB views, (2) we devise
an inference-time sampler, with depth-weighted projection
loss and late pixel refinement, that enforces strict cross-view
coherence, (3) we theoretically prove that adding overlap-
ping views monotonically reduces denoising variance, curb-
ing error accumulation, and (4) we demonstrate state-of-
the-art results in fidelity, prompt-following, and geometry
alignment in cluttered, multi-room environments.

2. Related Work

Diffusion-guided scene-level multi-view generation. Re-
cent advances in 2D diffusion-based generative models [9,
13, 28, 33, 35, 46] have catalyzed significant progress in
scene-level multiview image generation, yet most pipelines
rely on iterative warping and inpainting for view com-

pletion [8, 10, 15, 44, 45], where style drift accumulates
across iterations and produces artifacts. A panorama-first
strategy mitigates drift by re-projecting a single generated
panorama [21, 34, 36, 40], but cannot cope with multi-room
layouts or long, unconstrained trajectories. MVDiffu-
sion [37] requires training an additional module for cross-
view consistency, which limits the generalization to unseen
environments and prompt following fidelity. SceneTex [7]
assumes a pre-meshed scene and performs score-distillation
texture optimization, requiring ~20 hours per scene and of-
ten seeking to a single appearance mode; our training-free
DDIM process finishes in few minutes while preserving
generation diversity under single text prompt. Recent
video-diffusion models provide temporal coherence [4, 14,
43, 48], but lack depth conditioning and break under large
viewpoint changes. Our method, on the other hand, explic-
itly models cross-view consistency by optimizing MOSAIC
objective and generalizes to arbitrary viewpoints without
imposing layout constraints.

Diffusion Synchronization. Several works have explored
synchronization techniques for diffusion models [2, 11,
18, 20, 22] to achieve consistency across multiple outputs.
However, existing approaches primarily address specialized
cases: panoramic view generation [2, 18, 20], orthogo-
nal transformations [11], or object-level consistency with
evenly distributed camera positions and well established
UV map [18, 22]. Our work addresses a fundamentally dif-
ferent challenge: maintaining consistent image generation
across scene-level camera trajectories with arbitrary view-
points and significant perspective variations.

Diffusion Inference-Time Optimization. To circumvent
the need for large-scale model fine-tuning, several ap-
proaches have explored test-time optimization with direc-
tional guidance. Diffusion-TTA [29] adapts discriminative
models using pre-trained generative diffusion models, up-
dating parameters through gradient backpropagation at in-
ference time. Other methods [26, 27, 38] compute direc-
tional controls for single-instance generation (music, im-
ages) by calculating directional losses during diffusion and
back-propagating to update denoising features. While these
methods focus on intra-level control with easily quantifi-
able directions, our approach is the first to propose multi-
channel test-time optimization for cross-view control us-
ing self-provided directional guidance, maintaining consis-
tency across arbitrary viewpoints without requiring addi-
tional training.

3. Problem Definition

We seek to acquire digital replicas of real-world, multi-
room indoor environments in a privacy-preserving man-
ner. To safeguard privacy, we refrain from collecting sen-
sitive real RGB data and capture only geometric struc-
tures instead. From these structures, we generate synthetic
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(Ours) GT Input Depth

MVDiffusion

Warp-and-
Inpanting

Scene 1 + “in European style”

)

a bedroom with a king-size

bed and large wardrobes

Text2Room SceneCraft SceneTex

in European style

Scene 2 +“in Van Gogh style”

Scene 3 +“in blue color theme”

Input condition

Sequential generation

Figure 3. Qualitative comparison with multi-view baselines. For three indoor scenes (each conditioned on a style prompt) we show:
input depth maps, ground-truth RGB, our MOSAIC result, and two baselines (MVDiffusion, Warp-and-Inpainting) sharing the identity
input format. Below, we compare against baselines (SceneTex, SceneCraft, Text2Room) using their native inputs. MOSAIC maintains
photorealism, cross-view consistency, and prompt fidelity, whereas competing methods exhibit blur, style drift, or geometric artifacts.

For clarity, we drop the depth dependency d[*! in notations
in the rest of this paper. While the generation of a single
image x; can be readily solved via depth-conditioned dif-
fusion models [46], the generation of complete scenes from
multiple depth images remains unsolved.

4.2. MOSAIC Formulation

Intuitively, the sampling procedure in Eq. (6) would gen-
erate inconsistent RGB views because the generative pro-
cess pp is trained with independent samples zo ~ ¢(2o).
In our case, however, the samples z([)l:N] are indeed depen-
dent since they are taken from the same complete scene
Zo. To fundamentally address the consistency issue, our
key insight is to explicitly model such dependency by in-
corporating extra projection-based conditionals q(z([f] | Zo)
in the inference procedures. In practice, given the scene
in the latent representation Zy, 2, [ I can be collected by sam-
pling a camera pose with projectlon function 77l and setting

z([]i] = 7ll(%y); subsequent latents z[] can be sampled as
usual. The updated inference procedure for N depth views
from the same scene Z; can be rewritten from Eq. (2) as:

[N]|z Hq ]|zoqg(z |z) @)

1:
QU(ZO:T
1€[N]

The corresponding generative process can be extended to

DT pezlr). ®

i€[N]

[1:N] _
po.¢(z0.r »Z0) = pe(Z0 | Zo
where ¢ parameterizes the reverse process of image projec-

tion ¢(z il | Zo). We name the model pg 4 as Multi-view
Overlapped Scene Alignment with Implicit Consistency
(MOSAIC), which can be learned by minimizing:

JoMosalc (€, @) =

IE( N 2, [log Qo (z([]T | z0> —log po,¢ (Z([)T ] 20)} .
)
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4.3. Sampling from MOSAIC with Multi-Channel
Inference-Time Optimization

While MOSAIC captures the dependency between depth
views from the same scene, training directly using Eq. (9)
is infeasible for two reasons: (a) optimizing the expectation
in Eq. (9) via stochastic batches can be computationally in-
tractable, since sufficient combinations of /N views are re-
quired even from a single scene. Meanwhile, IV should be
sufficiently large to effectively cover multi-room environ-
ments; and (b) pg ¢ trained with some fixed /N cannot eas-
ily generalize to various depth view numbers which further
limits the applicability. Hence, we desire a tractable strat-
egy to sample from MOSAIC that is also compatible with
an arbitrary number of depth views V. Factorizing ¢, using
Eq. (7) and pg ¢ using Eq. (8), we obtain:

Jomosaic (€, ¢)
N A A
IH (e0) Eq. (5)

—E,, [logpy(zo | 25 ™). (10)

Note that pg(Zo | z([)l:N]) essentially approximates the pos-
terior of the projection operation in forward process and
evaluates how well the original scene Z; is reconstructed
from separate views with some parameterization ¢. Hence,
we can reasonably set py to have an inverse exponential de-
pendency on the total re-projection error:

[1:N]) x exp(— 32, |20 — fq[;] (Z([)ﬂ)\l) (11)

P(20 | 20

where f 5] projects individual views back to the origi-
nal and error is considered within the back projected re-
gion. Hence the second term in Eq. (10) can be written as
Eq, [Yiein 170 — fg](zo[i])H]. Since Zy is in general un-
available, we can instead minimize the total projected cross-
view error:

Tproj(6) = Eq, [ X0, 15 (=) — £

Hence, Eq. (10) is equivalent to

JoMosaic (€9, ¢) = Ziem g4 (e0) + Jproj(@). (13)

Although it is impractical to directly train py 4 using
Eq. (13), it is possible to approximate the samples from pg ¢
by fine-tuning the output of pre-trained models py, e.g., La-
tent Diffusion Model (LDM) [33]. We observe that for MO-
SAIC, py 4 fits trajectories zgl]T, .. ZENT] that are mutually
dependent at each step t = 1,...,7 through 2}V, while
such dependency is missing from LDM pg. Furthermore,
this dependency is exactly captured by Jproj(9). If pj , 0p-

timally solves .J, nosarc and 25

AN =0 12

~ Pp. 6> there must ex-
ist some Z, and corresponding projections 7!**V] such that

2 = 7lil(%), Vi € [N]. Then, Jproj(¢) must have been
minimized to 0 with fq[f] = (7l1)=1, Vi. In other words,
samples from an ideal MOSAIC model should have zero
projected cross-view error in expectation as long as f y ex
actly matches the inverse projection (7[1)~!. While it is
generally hard to fit an inverse projection, it is unnecessary
in our case because the ground truth projections 7! are
directly available when collecting depth conditions dl* N,

Hence, we can approximately sample from MOSAIC by
fine-tuning LDM (i.e., pg) output at each denoising step
t — 1 by solving the following inference-time optimization
through gradient decent:

min Lproj(zt[l:iv]) st 2l p((,t)(zt[zll | Ztm), (14)

[1 N t—1,init
Zt_1

where the empirical projection loss is given by

Lpwoi(4™) §jn — (@)

15)
2V is the estimated 2 from 217, ie., 2l! = {7 (211
Depth Weighted Projection Loss. When calculating
Lp,oj, we observe that depth information provides a natu-
ral weighting mechanism for view contributions. For points
visible from multiple views, the view with smaller depth
value (i.e., closest to the camera) likely provides more ac-
curate RGB information due to higher sampling density and
reduced occlusion. To incorporate this insight, we modify
our projection loss to weight view contributions based on
their relative depth values:

}jwm ) -

FeaCy

(16)
where w; ; weights the importance of consistency between
views ¢ and j based on their relative depth values, weights
are calculated per pixel. To prioritize views with smaller
depth values, we employ weighting scheme:

Y =1d) + exp(—a - (n

Wig = =140y’
A7)
where « is a hyperparameter controlling the selectivity of
the weighting. With this formulation, when aggregating
across all views, the final RGB values for overlapping re-

gions will naturally favor views with minimal depth values.

exp(—a - (m

4.4. Pixel Space Refinement Loss

While our projection loss effectively ensures consistency in
latent space, the non-linear nature of the VAE [19] decoder

IWith mobile robots, 7li can be computed from the camera/robot
poses in the world coordinate when taking each depth view d [,
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means that consistency in latent space does not necessar-
ily translate to pixel-space consistency. This discrepancy
is particularly pronounced when projection transformations
are far from orthogonal. We address this issue through a
pixel space refinement process during the final denoising
stages. For each view i, we decode its predicted latent into
pixel space: #l1 = g(ég]). It is infeasible to calculate
Lpro; in pixel space, because back-propagation through
multi-channel VAE decoder poses computation difficulties.
We propose to warp these decoded images between views
and compute representations for each view point by depth-
weighted fusion of the overlapped views:

exp(—a - m;;dl) Sl _
S exp(—a - mipdkl)’

szr

Wi; =

(18)
where « controls the selectivity of weighting and m;; is the
image warping from j view to ¢ view. These optimal pixel-
space representations are re-encoded to latent space: 2" =
- f(xl11*), where f is the mapping from pixel to latent. The

Pixel Space Refinement Loss is defined as:

N
Lpica = _ |28 = 27| (19)
i=1

This directly addresses the latent-to-pixel mapping incon-
sistencies by forcing latent representations to align with
those derived from optimally blended pixel-space images.
We utilize the L p;;; at the final denoising stages.

4.5. Properties of MOSAIC

Training-free inference time scale-up. The sampling
scheme in Eq. (14) essentially consists of two parts: (a)
encouraging multi-view consistency via Lp,; which is de-
fined for an arbitrary number of views N; and (b) progress-
ing the reverse process by invoking LDM independently on
each view. Hence, unlike full training using Eq. (9), sam-
pling from MOSAIC is agnostic of IV, allowing our gener-
ation process to easily scale and adapt to larger scenes with
more views during inference time, with no extra training.

Variance reduction for pre-trained LDMs. Since LDMs
are normally pre-trained in scale, we can roughly view them
to have zero prediction error in expectation. However, as
will be shown later, LDMs can generate results with vary-
ing quality (e.g., in terms of depth preservation) due to the
stochasticity of the denoising process, which can cause er-
rors to accumulate until the whole process fails eventually
in the warp-inpainting approach. To this regard, one impor-
tant advantage of MOSAIC is its ability to stabilize the de-
noising process given more overlapping views. This can be
seen by analyzing the expected variance of a scene z given

a varying number of views z([Jl:N] that overlap. Consider a

[1:N]

partition z; ' = {z([)h] [I2] }where LU, = {1,...,N},

2(50|z([)11]) =E[3(2 ‘Zh] [12})]_‘_2( E[z |z[11 é[z]])

3 explained by z([)IZ]

= E[S(20 | 25, 2PN (20)

(I1]

Taking expectation over z; *, we have

E[S(z0 | 25" < E[Z(z0 | 20 M)). 1)

Namely, when conditioned on more views z([fz], the vari-
ance of the final output Zp reduces in expectation by an
amount positively related to the overlap between Z; and

z([fzh. The same applies when z([)l:N}

. . 1:N :
mates from intermediate zt[ }, hence the variance reduc-

tion happens during the entire denoising process.

is replaced by esti-

5. Experimental Setup

Autonomous Data Collection. To construct our test set, we
deployed an indoor-navigation robot that autonomously ex-
plored diverse indoor environments. During each trajectory,
the robot captured depth maps with its on-board sensors and
logged precise camera poses, producing trajectory-aligned
inputs compatible with prior work [15, 23, 37, 42]. We gath-
ered data from 16HM3D [31] and 5 MP3D [6] scenes, for
each scene we collected around 10 independent trajectories;
detailed trajectory statistics appear in the Appendix. For
captioning, we rendered each depth map to a grayscale im-
age and queried the vision—language model GPT-40 [5] to
generate concise, scene-aware descriptions, yielding 2011
(depth, pose, caption) triplets in total.

Baselines. We compare our method with state-of-the-
art multi-view generators that leverage geometric priors:
MVDiftusion [37], Warp-Inpaint [23], SceneTex [7], and
SceneCraft [42]. Although our depth maps can be converted
to meshes required by SceneTex, running SceneTex itself to
synthesize multi-view images for a single scene takes more
than 20 hours, making a full scenes evaluation impractical.
Therefore, we run SceneTex on an 8-scene subset and re-
port its results separately for fairness. SceneCraft expects
semantic layouts with per-object depth; we derive the nec-
essary bounding-box layouts from our dataset. We addi-
tionally assess semantic fidelity against Text2Room [15], a
specialist indoor-scene generator.

Evaluation metrics. Our task seeks images that (i) are
geometrically consistent across overlapping views, (ii) ex-
hibit high perceptual quality and stylistic coherence, and
(iii) faithfully reflect the text prompt. Following MVDiffu-
sion [37], we measure geometric consistency with Warped

2The amount reduced represents the variability of Zy due to changes in

z([) 2] , which is higher when z([) 2) covers more area in Z0.
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Figure 4. Scene-level reconstruction. Fusing the multi-view im-
ages generated by MOSAIC with a standard TSDF pipeline pro-
duces coherent, textured meshes across diverse indoor rooms.

Table 1. Quantitative evaluation with Kernel Inception Distance
(KID), CLIPIQA™, CLIPScore (CS) and CLIPConsistency(CC).

Method KID | CS 1 CIQA 1 cCt

0.04646  0.6849  0.6517 29.93
0.03640  0.7016  0.6025 29.41
0.07697  0.7011  0.4531 27.68
0.08594  0.6618  0.4388 27.34
0.03391  0.7166  0.6526 30.85

0.10536  0.7045  0.6308
0.06547 0.7141  0.7322

Warp-Inpaint [23]
MVDiffusion [37]
SceneCraft [42]
Text2Room [15]
MOSAIC (ours)

28.5740
29.5043

SceneTex [7] - small set
MOSAIC- small set (ours)

PSNR [16]—the PSNR after warping one view into another
using ground-truth geometry—and its normalized variant
against GT, Warped Ratio, where 1.0 indicates perfect
alignment. Image quality is assessed with Kernel Inception
Distance (KID) [3] and CLIPIQA™ [39]; prompt adherence
is quantified by CLIPScore [12] and CLIPConsistency [30].

6. Results

6.1. Evaluation Against Baselines

Qualitative Comparisons. As illustrated in Fig. 3, MO-
SAIC generates scenes that are simultaneously more pho-
torealistic and more cross-view—coherent than all compet-
ing methods when provided with the same depth inputs.
MVDiffusion [37] exhibits clear view-to-view inconsis-
tencies and is unable to accommodate stylistic prompts
such as “in Van Gogh style”” The warp-and-inpainting
pipeline [23] produces plausible first frames, yet progres-
sive style drift and error accumulation degrade subsequent
views. SceneCraft [42], hindered by its NeRF backbone,
fails to reconstruct complex layouts and introduces pro-
nounced blur. Text2Room [15], which also relies on warp-
and-inpainting, shows patchwork seams and depth mis-
alignment. SceneTex [7] requires over 20 hours to process
a single scene, whereas MOSAIC finishes in just a few
minutes. Moreover, SceneTex’s score distilling optimiza-

Input depth

Naive Averaging
w/0 MOSAIC

MOSAIC
W/0 Lpixer

MOSAIC (ours)

Scene 1 Scene 2

Figure 5. Qualitative ablation. Columns show matched views
for two scenes; rows compare naive averaging, MOSAIC without
Lyixe1, and full MOSAIC. Boxes indicate identity objects across
different viewpoints along generation. Red: blur/ghosts artifacts;

: inconsistent texture drift; : full model corrects both.

Table 2. Cross-view geometric consistency analysis.

Method | Warped PSNR T Warped Ratio 1
GT ‘ 25.45 1.00
MVDiffusion [37] 13.58 0.53
Warp-Inpaint [23] 22.00 0.86
MOSAIC (ours) 25.30 0.99

tion often converges to a single appearance mode, yield-
ing nearly identical textures across seeds; our DDIM sam-
pler preserves diversity under identical prompts. Overall,
MOSAIC preserves depth fidelity and stylistic intent across
viewpoints and eliminates boundary artifacts through its
depth-weighted projection mechanism.

Quantitative Comparisons. Tab. | quantitatively com-
pares our approach with Warp-and-Inpainting [23], MVD-
iffusion [37], SceneCraft [42], Text2Room [15], and Scene-
Tex [7]. MOSAIC achieves the lowest KID (] 0.0391)
and the highest CS (10.7166), CIQA (0.6526), and CC
(30.85), outperforming every baseline across all perceptual
metrics; it also surpasses SceneTex on the 8-scene sub-
set. Tab. 2 further highlights our superior geometric consis-
tency, recording a Warped PSNR of 25.30 and a Warped Ra-
tio of 0.99—uvirtually matching ground truth (25.45, 1.00)
and eclipsing all alternatives. Although MVDiffusion at-
tains a competitive KID of 0.0364, its Warped PSNR is
only 13.58, underscoring its limited multi-view consistency
in 3D. In short, MOSAIC delivers state-of-the-art perfor-
mance in both image fidelity and cross-view alignment.

6.2. Ablation Study

Effect of MOSAIC Objective and Multi-Channel Test-
Time Optimization. We build a naive ablation by extend-
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