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Figure 1: TranSpace synthesizes transition geometry between separately captured scenes. Each row shows a different struc-

ture—wing wall, pony wall, and internal window (top to bottom)—viewed along an arc trajectory. Scenes from the Deep Blending

dataset [14].

Abstract

Connecting two photo-realistic reconstructed spaces is largely un-
explored yet opens new opportunities in spatial dataset creation
and immersive telepresence. While existing works focus on single
room-wise generation, we present TranSpace, a method that synthe-
sizes transition geometry to seamlessly connect two distinct recon-
structed spaces via video generation models. This setting introduces
a fundamental challenge: the transition region requires plausible
hallucination, while the pre-existing geometry must be strictly pre-
served. Because video diffusion operates in pixel space rather than
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metric space, this asymmetry exposes the 3D inconsistency of video
diffusion—the tendency to gradually distort existing geometry or
hallucinate artifacts that degrade downstream novel view synthesis.
To address this, we introduce Progressive Anchoring, an iterative
scheme that uses camera pose estimation as a quality gate for gen-
eration. Two mechanisms are central: volumetric blending fuses
generated frames with pre-existing geometry to preserve trusted
regions, and bidirectional PnP localization estimates camera poses
against blended references to bound error accumulation from both
endpoints. We evaluate against state-of-the-art camera-conditioned
video generation and pose estimation baselines, demonstrating im-
provements across PSNR, SSIM, and LPIPS metrics. A user study
further confirms superior perceptual quality over text-to-3D scene
generation and 3D inpainting methods.
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1 Introduction

Photo-realistic 3D reconstruction of indoor spaces has advanced
rapidly, improving realism in immersive multimedia. As 3D scan
data becomes widely available, new scene-level applications are
emerging: VR-GS [17] makes reconstructed objects physically in-
teractive, Voronoi Rooms [18] splits and merges users’ scanned
rooms for immersive telepresence, and GaussianNexus [16] en-
ables room-scale telepresence through real-time Gaussian Splatting.
Beyond using complete room scans, an appealing direction is to
connect components from different rooms by synthesizing interme-
diate regions, creating more diverse indoor spaces for immersive
multimedia applications—from architectural walkthroughs and au-
tonomous agent training to mixed-reality telepresence. Yet bridging
independently captured scenes remains largely unaddressed.

Recent progress in 3D scene generation enables creating large en-
vironments from scratch. Some methods iteratively expand scenes
outward from a single view [8, 12, 15, 41, 42], while others aim
for global semantic and geometric consistency [9, 22, 31, 33, 39].
In a complementary direction, 3D inpainting fills missing regions
within a single scene and optimizes consistency in a shared refer-
ence frame [7, 11, 23, 25, 36].

Building upon previous works, we tackle a different problem:
connecting two independently captured scenes that exhibit discon-
tinuities in lighting, boundary geometry, and architectural style.
Unlike room-wise generation or local inpainting within a single
scene, the synthesized region must satisfy constraints from two
fixed endpoints simultaneously. To guide our approach, we draw in-
spiration from two architectural concepts: transition space [4] and
interior windows [1]. Transition space is a deliberate buffer zone
that creates a psychological and experiential link between distinct
spatial entities. Interior windows, often appearing as frames resem-
bling traditional doors or windows, serve to visually articulate a
boundary while simultaneously acting as a connector. Together,
these two elements support a natural transition between distinct
spaces. We translate these architectural principles into a computa-
tional framework for generating volumetric transition zones that
are not merely visual overlays but geometrically plausible spatial
connectors.

Transition synthesis poses two key challenges. First, the connec-
tor must match its surroundings in geometry, material appearance,
and reconstruction density. Because we target novel view synthe-
sis (NVS), the transition region must provide dense, multi-view-
consistent observations comparable to real captures. Second, the
two endpoint scenes must remain unchanged: generation should
not distort or corrupt existing regions. To address these challenges,
we leverage off-the-shelf video generation models, which produce

highly realistic and temporally coherent sequences from large-scale
visual priors. In particular, start-to-end frame interpolation natu-
rally suits transition synthesis by preserving both endpoints and
filling the bounded region. However, naively applying video gener-
ation leads to 3D inconsistency: producing plausible 2D sequences
without explicit 3D reasoning, the model may distort existing ge-
ometry or hallucinate unwanted objects, degrading downstream
reconstruction.

Recently, camera-conditioned generation approaches [26, 27, 43,
45] have shown promising results by prescribing camera trajec-
tories during video generation. However, these methods require
model fine-tuning and offer no mechanism for detecting genera-
tion failures. Inspired by InterPose [6], we explore an alternative:
recovering poses after generation and using pose estimation as a
quality gate to filter unreliable frames. However, state-of-the-art
camera pose estimation methods [21, 34] estimate poses in their
own coordinate frame and require post-hoc alignment to existing
reconstructions, offering no guarantee of metric consistency. To
address this, we propose Progressive Anchoring: we iteratively gen-
erate new frames and localize each against volumetrically blended
anchors that composite generated content with rendered geometry
from the fixed scenes, preventing error accumulation and maintain-
ing metric consistency as the transition region grows.

In summary, we present TranSpace, a method for synthesizing
metric-consistent transitions between separately captured indoor
spaces. Our key contributions are:
• We formulate the problem of bounded transition synthesis:
generating plausible 3D geometry that connects two fixed
reconstructed scenes while satisfying constraints from both
endpoints simultaneously.
• We propose Progressive Anchoring, an iterative scheme that
uses pose estimation as a quality gate for video generation,
mitigating 3D inconsistency through volumetric blending
and bidirectional PnP localization without requiring camera-
conditioned models or fine-tuning.
• We evaluate against camera-conditioned video generation
and pose estimation baselines, achieving higher metric con-
sistency in the reconstructed transition region. A user study
further shows a perceptual preference over global scene gen-
eration and local inpainting baselines.

2 Related Work

2.1 Scene Generation and 3D Inpainting

Diffusion-based 3D scene generation has advanced rapidly. Early
works such as SceneScape [12], Text2Room [15] and Text2NeRF
[44] iteratively expanded scenes outward from a single viewpoint
through warping-inpainting loops. WonderJourney [42] and Won-
derWorld [41] extended this paradigm to long-range exploration.
To improve global coherence, MVDiffusion [33] introduced corres-
pondence-aware multi-view generation, ControlRoom3D [31] and
SceneCraft [39] incorporated bounding-box proxies for layout con-
trol, andWorldExplorer [29] enabled long-range camera exploration
through memory-aware video generation. Despite their diversity,
these methods generate entire scenes from scratch under a unified
reference frame, either expanding outward from a single origin or
optimizing global consistency within a single scene.

https://doi.org/10.1145/3767308.3836316
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Figure 2: Overview of TranSpace pipeline. From two anchor spaces, we compose a unified scene with placeholder voxels defining

the transition layout. Keyframes are inpainted, then densified into continuous sequences by video diffusion. Progressive

Anchoring localizes each frame against blended anchors, yielding metrically consistent observations for novel view synthesis.

Complementarily, 3D inpainting completesmissing regionswithin
an existing reconstruction. SPIn-NeRF [25] pioneered multi-view-
consistent object removal via perceptual optimization, and subse-
quent works improved robustness through diffusion-based depth
completion [23], multi-view score distillation [7], and the Grid Prior
for joint multi-view sampling in NeRFiller [36]. ObjFiller-3D [11]
further demonstrated that video diffusion yieldsmore coherent com-
pletions than frame-wise 2D inpainting. However, all inpainting
methods assume a single underlying scene and optimize consistency
within a unified coordinate frame.

In contrast, our work synthesizes transition regions that must si-
multaneously satisfy geometric constraints from two independently
captured scenes—a bounded two-endpoint problem that neither
outward expansion nor single-scene inpainting addresses.

2.2 Camera-Conditioned Generation and Pose

Estimation

Recent work injects camera information into video generation to
improve controllability and 3D consistency. Implicit approaches
encode camera poses as auxiliary signals [2, 3, 13, 19], but struggle
to generalize beyond their training distributions. Explicit geometry-
conditioned methods [26, 43] construct intermediate 3D represen-
tations as conditioning inputs. Gen3C [27] maintains a progres-
sively updated 3D cache concatenated with noisy latents. Stable
Virtual Camera [45] achieves multi-view consistency through 3D
self-attention without explicit geometry. While these methods im-
prove self-consistency among generated views, unobserved or oc-
cluded regions remain prone to hallucinated geometry that conflicts
with existing scene content. Furthermore, all camera-conditioned
approaches require model fine-tuning, limiting their applicability
and imposing substantial memory requirements. Because these
methods prescribe camera poses and generate all frames in a single
pass, they have no mechanism for detecting or recovering from
generation failures.

An alternative strategy, inspired by InterPose [6] and pursued
concurrently by [37], is to recover camera poses after generation
rather than prescribing them. Classical Structure-from-Motion [30]
suffers from large trajectory drift caused by 3D inconsistency in
generated content, while transformer-based methods [21, 34, 35]
improve robustness through learned dense 3D prediction and fea-
ture matching. However, these methods estimate poses in their
own coordinate frame and require post-hoc alignment to existing
reconstructions, introducing residual registration error. Camera
pose estimation alone cannot guarantee metric consistency when
generated frames lack grounded anchors.

Our method bridges both paradigms: we maintain metric fidelity
to both endpoint reconstructions by iterative localization and volu-
metric blending while using pose estimation as a principled filter
for video generation quality.

3 Overview

Our goal is to address an asymmetry challenge: anchor spaces (the
two pre-existing reconstructions) must remain metrically authen-
tic while the transition region requires plausible hallucination to
fill in unobserved geometry. Unlike methods that treat all pixels
uniformly, our pipeline must fundamentally distinguish between
these regions. We first build a composite scene S with placeholder
voxels defining the transition layout (Section 4.1), then render and
inpaint strategic viewpoints with depth-based candidate selection
(Section 4.2). Video diffusion densifies these sparse keyframes into
continuous sequences (Section 5.1). To recover metric-consistent
poses, we introduce Progressive Anchoring (Section 5.2): an iter-
ative scheme that localizes each frame against blended anchors—
frames that composite generated content with rendered geometry,
preserving metric grounding. Volumetric blending (Section 5.3)
produces both training data for reconstruction and anchors for
subsequent localization. The result is a dense set of blended frames
with metric-consistent camera poses spanning the transition region.
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These observations are then combined with the composite scene S
to yield a complete scene suitable for novel view synthesis.

External Components. Our pipeline leverages several off-the-
shelf components: Google Vertex AI Imagen 2 [28] for keyframe
inpainting, Depth-Anything-V2-Metric-Indoor [38] for monocular
metric depth estimation, DeeVid AI Video Generation V2.1 [10]
for intermediate frame densification, and SVRaster [32] for high-
fidelity novel view synthesis via adaptive sparse voxel rasterization.

Figure 3: Scene composition and blueprinting. The composite

scene combines pruned anchor spaces S′
𝐴
, S′

𝐵
, and transition

region T , subdivided into Base, Left, and Right with corre-

sponding viewpoints. Right: (a) wing wall, (b) pony wall, (c)

internal window.

4 Blueprint-Guided Keyframe Synthesis

4.1 Scene Composition

Synthesizing a transition region between two captured spaces re-
quires careful spatial planning to ensure geometric consistency.
Given two anchor spaces S𝐴 and S𝐵 , each consisting of RGB im-
ages 𝐼 , camera intrinsics K, and camera-to-world poses P, we obtain
3D reconstructions using SVRaster [32]. For the transition region
between the two spaces, we use axis-aligned bounding boxes to
define a coarse layout.

Since our goal is to synthesize connecting geometry that seam-
lessly bridges two existing reconstructions, we build a composite
3D scene that provides the generative model with visual context
from both anchor spaces:

S = S′𝐴 ⊕ S′𝐵 ⊕ T , (1)

where ⊕ denotes voxel composition and T represents the transition
region as a set of empty voxels defined by bounding box primitives.
Specifically, S′

𝐴
and S′

𝐵
are each pruned to retain only voxels on

their respective sides of the transition center, preventing overlap
while preserving context for generation as shown in Figure 3.

Our pipeline necessitates distinguishing between pixels that can
be trusted metrically (from anchor spaces) versus pixels that are hal-
lucinated (from the transition region). We achieve this by assigning
each voxel a space identifier 𝑠 ∈ {𝐴, 𝐵,𝑇 } by its source region S′

𝐴
,

S′
𝐵
, or T . The identifiers enable selective masking: transition pixels

are masked for inpainting while anchor pixels serve as geometric
references for localization.

4.2 Keyframe Generation and Depth-Based

Selection

The transition region T is subdivided into Left, Right, and Base
sub-regions (Figure 3). For each sub-region, we render views from
the composite scene S. Given camera pose P ∈ 𝑆𝐸 (3) and shared
intrinsics K, each view is

V = (𝐼 , 𝐷,𝑀) (2)

where 𝐼 ∈ R𝐻×𝑊 ×3 is the RGB image, 𝐷 ∈ R𝐻×𝑊
+ is the depth map,

and 𝑀 ∈ {0, 1}𝐻×𝑊 is a binary mask indicating transition pixels
(𝑠 = 𝑇 ). For Left and Right, we place cameras at opposite ends
of the transition space, producing front–rear view pairs {V 𝑓 ,V𝑟 }.
For Base, we render a single downward-facing viewVBase.

Using these rendered views, we inpaint masked regions using a
pre-trained image generation model [28]:

𝐼 = 𝑓inpaint (𝐼 , 𝑀,𝑦), (3)

where 𝑦 is a text prompt describing the user-defined transition
structure (Figure 3). Because inpainting may violate geometric con-
straints, we generate multiple candidates and select those consistent
with the existing scene.

To assess geometric compatibility, we estimate monocular depth
for each generated image and align it to the rendered depth. Fol-
lowing Text2Room [15], we align the estimated depth 𝐷̂est to the
rendered depth 𝐷 , but operate directly in metric space rather than
disparity. We use Depth Anything V2 [38] fine-tuned for indoor
metric depth:

min
𝛾,𝛽




¬𝑀 ⊙ (
𝛾𝐷̂est + 𝛽 − 𝐷

)


2 , (4)

where 𝛾 and 𝛽 are a global scale and shift, ⊙ denotes element-wise
multiplication, and ¬𝑀 is the complement of the transition mask𝑀 .
This yields aligned depth 𝐷̂ = 𝛾∗𝐷̂est + 𝛽∗. We compute the mean
absolute error between 𝐷̂ and 𝐷 over the masked region 𝑀 and
reject candidates exceeding a threshold of 0.25m (Figure 4). From
the remaining candidates, the user selects the final keyframes to
ensure stylistic consistency between front and rear views:

V̂ = (𝐼 , 𝐷̂) . (5)

We generate V̂Base first, as the floor plane provides a gravity-
aligned reference visible in both lateral views, improving cross-view
consistency. After reconstructing the base region with floor pla-
narity regularization (see supplementary), we update the sparse
voxel scene and render VLeft and VRight (Figure 2). The result-
ing keyframes serve as anchors for progressive video generation
(Section 5).

5 Iterative Intermediate Frames Densification

5.1 Video Generation

Given the keyframes V̂Left = {V̂ 𝑓 , V̂𝑟 } and V̂Right = {V̂ 𝑓 , V̂𝑟 }
from Section 4, we first integrate each inpainted keyframe with
the existing 3D scene through volumetric blending (Section 5.3),
producing blended keyframes Ṽ = (𝐼 , 𝐷̃).

For novel view synthesis, we generate intermediate frames from
our initial keyframes using an off-the-shelf image-to-video model
[10]:

𝑓vid (𝐼 𝑓 , 𝐼𝑟 , 𝑦) = [𝐼0, 𝐼1, . . . , 𝐼𝑁 ], (6)
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where 𝐼 𝑓 = 𝐼0 and 𝐼𝑟 = 𝐼𝑁 are the blended keyframe images, and𝑦 is
a text prompt describing an arc trajectory between viewpoints. Our
keyframes share substantial visual context through the common
anchor spaces S′

𝐴
∪ S′

𝐵
. This enables the video model to generate

smooth transitions for the unobserved portions of the transition
region, connecting the separately generated front and rear views.
These temporally coherent video frames naturally resolve light-
ing discontinuities between anchors through gradual transitions.
However, video diffusion introduces geometric inconsistencies that
degrade the final reconstruction. To address this, we introduce Pro-
gressive Anchoring, which interleaves generation with localization
using blended anchors that preserve metric grounding.

5.2 Progressive Anchoring

Given the generated video frames [𝐼0, 𝐼1, . . . , 𝐼𝑁 ] from Section 5.1,
we now localize each frame to obtain metric-consistent camera
poses. The key insight is that blended frames make better anchors
than raw generated frames. A raw generated frame contains halluci-
nated content throughout the transition region—features extracted
from these pixels have no metric grounding and will corrupt lo-
calization. A blended frame composites generated content with
rendered scene geometry, preserving metrically consistent features
in the anchor regions S′

𝐴
and S′

𝐵
. By localizing against blended

anchors, we extract correspondences primarily from trusted pixels
while ignoring hallucinated regions. This is what distinguishes Pro-
gressive Anchoring from standard pose refinement: the anchor itself
evolves through blended frames, accumulating metric constraints
while tolerating hallucination locally.

Bidirectional Propagation. Processing frames in a single forward
pass would accumulate localization error toward the sequence end,
regardless of anchoring quality. By processing bidirectionally—for-
ward from the front keyframe (𝐼0 → 𝐼𝑁 /2) and backward from the
rear keyframe (𝐼𝑁 → 𝐼𝑁 /2)—we bound error accumulation to half
the sequence length in each direction. When both passes converge
within a distance threshold at the center, a final closing iteration
fills the remaining gap (detailed below).

Per-Frame Localization. For each generated frame 𝐼𝑖 , we estimate
its pose relative to the current anchor using Perspective-n-Point
(PnP). We extract SIFT features [24] from the anchor image 𝐼anchor

Figure 4: Inpainting candidate selection based on depth align-

ment error. Candidates (a–c) are rejected due to high MAE;

candidate (d) is accepted.

and target image 𝐼𝑖 , and establish correspondences via brute-force
matching with Lowe’s ratio test.

A subtle failure mode occurs when correspondences concentrate
in a single anchor space. If most matches originate from S′

𝐴
, the

pose estimate becomes biased toward that geometry, causing drift
away from S′

𝐵
. This is especially problematic near the center of

the transition, where both anchors should contribute equally. We
detect this imbalance using the rendering state map 𝑠 , which labels
matches by anchor origin (𝑠 = 𝐴 or 𝑠 = 𝐵), and balance correspon-
dences by capping contributions from the dominant space.

Using the anchor depth map 𝐷̃anchor, we back-project matched
keypoints to 3D:

X = 𝐷̃anchor (𝑢, 𝑣) · K−1 [𝑢, 𝑣, 1]⊤, (7)

and recover the target pose with PnP-RANSAC [20] followed by
Levenberg–Marquardt refinement.

Quality Control. Not all frames can be reliably localized. Frames
where the video model hallucinated aggressively may have too
few matchable features in the anchor regions, or matches may
be spatially biased. We enforce three criteria before accepting a
localized frame:

(1) Sufficient inliers: Above an adaptive threshold, ensuring
enough geometric constraints for reliable pose estimation.

(2) Low reprojection error: Mean error below 1.0 pixel, indi-
cating consistent 2D-3D correspondences.

(3) Balanced distribution: Minimum 0.2 inlier ratio between
anchor spaces, preventing drift toward one side.

Frames failing these checks terminate the current pass—continuing
would propagate unreliable poses to subsequent frames.

Progressive Anchor Update. After successful localization, we ap-
ply volumetric blending (Section 5.3) to composite the generated
frame with the rendered scene at the estimated pose, producing 𝐼𝑖
and 𝐷̃𝑖 . This blended result becomes the new anchor for localizing
the next frame:

(𝐼anchor, 𝐷̃anchor, Panchor) ← (𝐼𝑖 , 𝐷̃𝑖 , P𝑖 ) (8)

where← denotes assignment: the anchor image, depth map, and
pose are all replaced by those of frame 𝑖 before proceeding to frame
𝑖+1. As we move through the sequence, the viewpoint changes, so
features visible in the keyframe may become occluded or leave the
field of view. By anchoring on the most recently localized blended
frame, we maintain feature overlap with the next target frame
while preserving metric grounding through the rendered scene
component.

Iterative Densification and Final Closing. If the forward and back-
ward passes do not converge after processing one video, we update
the keyframe anchors with the last successfully localized frames
and generate a new video spanning the reduced gap. Each itera-
tion reduces the unlocalized region, and the new keyframes—being
blended frames—provide richer context for the video model than
the original sparse keyframes.

When both passes converge within a distance threshold, we per-
form a final closing iteration. We extract the middle frame 𝐼mid from
the current video, located midway between the last successfully
localized frames of each pass. This frame is localized using both
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anchors independently via dual-anchor PnP, selecting the result
with higher quality under the same criteria. The blended middle
frame then serves as the endpoint for two final video segments—one
connecting to the forward anchor, one to the backward anchor—
completing the transition region as shown in Figure 2.

5.3 Volumetric Blending

Blending plays two roles in our pipeline: it provides metrically
consistent input for final reconstruction and, more importantly,
produces anchors for Progressive Anchoring. Given a localized
frame 𝐼𝑖 with pose P𝑖 , we render the composite scene S at P𝑖 to
obtain (𝐼 , 𝐷,𝑀). Blending is performed in depth and RGB space.

We first estimate monocular depth from 𝐼𝑖 and align it to the
rendered depth using Eq. (4), yielding 𝐷̂ . The stitched depth map is

𝐷̃ =𝑀 ⊙ 𝐷̂ + ¬𝑀 ⊙ 𝐷, (9)

where𝑀 denotes pixels with state 𝑠 =𝑇 . Naive 2D masking, how-
ever, cannot reject boundary artifacts, which can introduce spurious
geometry that propagates across frames. We therefore apply 3D
filtering: pixels are back-projected to world space and retained
only if they fall within T ; others are replaced with rendered depth.
Gaussian blending at boundaries ensures smooth transitions.

For RGB compositing, we use multi-band blending to smoothly
merge low-frequency appearance while preserving high-frequency
details. Specifically, we apply 5-level Laplacian pyramid blending
[5] using a downsampled mask at each level, then reconstruct the
blended image 𝐼 . Pixels rejected during depth filtering are replaced
with rendered RGB values.

6 Results

We evaluate TranSpace on two axes: (1) downstream NVS recon-
struction quality against state-of-the-art camera-conditioned gen-
eration and pose estimation baselines, and (2) perceptual quality
of synthesized transitions against global scene generation and 3D
inpainting methods. We present quantitative metrics, qualitative
comparisons, ablation studies, and a user evaluation assessing per-
ceptual plausibility.

Datasets. We evaluate on 15 indoor scenes: 2 from Deep Blend-
ing [14] and 13 from ScanNet++ [40]. From these, we construct 12
scene pairs for transition synthesis, where each pair contains two
transition regions (Left and Right), resulting in 24 total regions for
evaluation. Scene pairs are categorized by semantic similarity—6
same-type (e.g., office–office) and 6 cross-type (e.g., apartment–
office)—and by transition structure: 8 wing wall, 2 pony wall, and 2
internal window configurations. All scene imagery shown in this
paper, and all results derived from it, originate from these two
datasets: Deep Blending © Hedman et al., and ScanNet++ © Tech-
nical University of Munich, used under the ScanNet++ Terms of
Use.

6.1 NVS Reconstruction Quality

Baselines. For camera-conditioned generation, we evaluate against
SVC [45] and Gen3C [27]. For camera pose estimation, we compare
against classical Structure-from-Motion [30] and transformer-based
methods including DUSt3R [35], MASt3R [21], and VGGT [34]. All

Table 1: Quantitative evaluation on 12 scene pairs (24 re-

gions).

Method PSNR ↑ SSIM ↑ LPIPS ↓ End-Gap ↓
(m) (◦)

Camera-Conditioned Generation
SVC 23.89 0.962 0.053 prescribed
Gen3C 25.42 0.967 0.046 prescribed

Camera Pose Estimation
COLMAP 23.01 0.963 0.055 0.38 21.7
DUSt3R 22.37 0.951 0.069 0.11 2.72
MASt3R 25.08 0.963 0.052 0.07 2.42
VGGT 25.42 0.966 0.047 0.06 1.75

Ours 26.18 0.971 0.039 anchored

methods are evaluated using PSNR, SSIM, and LPIPS on the transi-
tion region.

Implementation Details. For fair comparison, all methods receive
the same number of frames, and anchor regions are frozen so that
errors only affect transitions. For camera-conditioned generation,
we prescribe the arc camera trajectory from front view to rear view.
For pose estimation methods, we align the scale and start pose to
ground truth. Since no ground truth exists for the transition region,
metrics measure how consistently each method reconstructs the
generated content. Full implementation details are provided in the
supplementary material.

Qualitative Results. Figures 5 and 6 present NVS reconstruction
results for each method. Progressive Anchoring produces more
coherent structures across the transition. The baselines more often
exhibit blurriness in the transition region and near boundary areas.

Quantitative Results. Table 1 reports reconstruction quality met-
rics across 12 scene pairs (24 transition regions). Since anchor re-
gions are frozen identically across all methods, we compute PSNR,
SSIM, and LPIPS only within the transition region mask (𝑠 = 𝑇 ).
Note that transition-region views partially capture anchor geometry
in the background; differences in these areas reflect how faithfully
each method preserves pre-existing content during generation, not
differences in the frozen reconstruction itself.

Figure 5: Camera-conditioned generation failures.
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Among camera-conditioned generation methods, both fall short
of Progressive Anchoring, which achieves a 0.76 dB improvement
over Gen3C and 2.29 dB over SVC. This gap stems from two fac-
tors. First, without volumetric blending, hallucinated artifacts cor-
rupt shared background regions. In particular, occluded regions in
Gen3C’s 3D cache tend to produce contradicting geometry against
existing anchors (e.g., a chair occluding a desk causes different hal-
lucinated objects across viewpoints), degrading the reconstructed
results. Second, both methods exhibit catastrophic failures on sev-
eral scenes as shown in Figure 5. Progressive Anchoring avoids
these failures by using pose estimation as a quality gate, rejecting
unreliable frames.

Among pose estimation methods, VGGT achieves the strongest
results (25.42 dB), matching Gen3C’s PSNR—suggesting that with
sufficiently powerful pose estimation, the generate-then-recover
paradigm becomes competitive with camera-conditioned gener-
ation. However, Progressive Anchoring still outperforms VGGT
across all metrics. This gap suggests that the bottleneck is not pose

Figure 6: Qualitative comparison of NVS reconstruction

across camera-conditioned generation and camera pose esti-

mation baselines.

Table 2: Ablation study on 6 scene pairs (12 regions).

Variant PSNR ↑ SSIM ↑ LPIPS ↓ Geometric Metrics

Inliers ↑ Reproj ↓
w/o Iterative Gen. 24.11 0.962 0.052 191 0.846px
w/o Vol. Blending 21.72 0.953 0.064 727 0.687px
Full Pipeline 26.13 0.972 0.035 555 0.721px

estimation accuracy but the lack of metric anchoring in gener-
ated frames—a problem that Progressive Anchoring addresses by
re-grounding each frame against the existing reconstruction.

Ablation Study. We ablate two key components of Progressive
Anchoring on 6 scene pairs (12 transition regions): iterative video
generation and volumetric blending. Qualitative results are shown
in Figure 7 and quantitative results in Table 2. To evaluate geo-
metric consistency, we report the number of Inliers (the count of
SIFT feature matches between generated frames and anchor re-
gions that satisfy the epipolar constraint) and Reproj (the mean
reprojection error in pixels of those matches). Removing iterative
generation drops PSNR by 2.02 dB, indicating that 3D inconsis-
tency compounds without intermediate anchor updates. Removing
volumetric blending yields a counterintuitive result: stronger geo-
metric metrics (more inliers, lower reprojection error) yet a 4.4 dB
PSNR drop—without blending, anchor images lack grounding to
the existing reconstruction, so the system locks onto the generated
content’s internal geometry rather than the metric-consistent scene,
the failure mode Progressive Anchoring is designed to mitigate.

6.2 Transition Region Synthesis

Baselines. We compare our synthesized transitions against two
methods that leverage off-the-shelf 2D inpaintingmodels: Text2Room
[15], which generates indoor scenes at a global level, and NeR-
Filler [36], which completes localized masked regions using coarse
3D proxies similar to our blueprinting approach. This combination
covers both global scene generation and localized 3D inpainting.

Implementation Details. To the best of our knowledge, no ex-
isting work targets transition synthesis between pre-existing re-
constructions. We adapt Text2Room and NeRFiller to our setting:
Text2Room receives the rendered center view with empty regions
masked, while NeRFiller receives 30 frames along the arc trajec-
tory with voxel proxies as structural hints. Neither method was
designed for bounded transition synthesis; these adaptations rep-
resent our best effort to enable comparison in an underexplored
problem setting.

Qualitative Results. Figure 8 presents three representative views
(Front, Center, Rear) from each method. Our method produces real-
istic architectural structures that seamlessly connect the two anchor
spaces. In contrast, both Text2Room and NeRFiller fail to generate
plausible spatial connections despite receiving the same prompts.
Text2Room, designed for global scene generation, overwrites the
anchor spaces with new content rather than preserving them. NeR-
Filler preserves the anchors but produces visible boundaries at
masked regions—appearing as transparent walls between spaces
rather than coherent architectural transitions.
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User Evaluation. We recruited 23 participants to rate the synthe-
sized scenes on a scale of 1 to 5 for four questions: Overall Realism
(OR), 3D Structure Completeness (3DSC), Prompt Alignment (PA),
and Transition Quality (TQ). There were a total of 9 scene pairs
(9 transition regions) to evaluate, each evaluated using 3 different
methods. We render 5-second-long videos for each generated scene.
Users rate each scene individually. The Shapiro-Wilk test indicated
that the data violated the normality assumption for OR, 3DSC, and

Figure 7: Ablation study results.

Figure 8: Qualitative comparison of transition synthesis

methods.

Figure 9: Statistical results of the user evaluation.

PA, while TQ followed the normality assumption. As such, we
used Friedman tests to compare the three conditions for OR, 3DSC,
and PA, and used repeated-measures ANOVA for TQ. The results
showed significant differences among methods for all questions
(OR(Q1): 𝜒2 (2) = 45.52, 𝑝 < .001, Kendall’s𝑊 = 0.989; 3DSC(Q2):
𝜒2 (2) = 44.09, 𝑝 < .001, 𝑊 = 0.958; PA(Q3): 𝜒2 (2) = 42.35,
𝑝 < .001,𝑊 = 0.921; TQ(Q4): 𝐹 (2, 42) = 139.50, 𝑝 < .001). In
general, our method achieved the highest mean scores (3.99–4.32)
compared to Text2Room (1.36–1.58) and NeRFiller (2.51–2.62) as
illustrated in Figure 9. We conducted a short interview with par-
ticipants to ask about their preferences and whether the space
would feel natural in XR applications. 22 out of 23 participants
preferred our method compared to others. Some participants rec-
ognized slight inconsistencies in our method, including different
appearances between anchors. Despite these perceptual discrepan-
cies, most participants preferred our method because of the natural-
ness and connectivity secured through the generated architectural
structure.

7 Limitations, Future Works, and Conclusion

Our method addresses 3D inconsistency but leaves room for im-
provement. Our framework targets indoor scenes with three user-
specified connector types; automating the layout decision, support-
ing more complex connector geometries, and extending to outdoor
scenes remain open directions. Progressive Anchoring requires
multiple video generation iterations, resulting in longer processing
times than single-pass baselines (e.g., 64 minutes per sub-region on
an RTX 4500 GPU versus around 20minutes for camera-conditioned
generation on an A100 GPU). Future work could explore adaptive
iteration strategies or learned pose estimators tailored for gener-
ated content to reduce this cost. When front and rear keyframes
hallucinate inconsistent geometry, ghosting appears around transi-
tion structures. Outside the transition bounding box, foreground
objects occluding the generation mask can leave holes that propa-
gate through subsequent frames. Future work may address these
through uncertainty-aware reconstructionwith per-voxel reliability
priors and occlusion-aware inpainting.

We presented TranSpace, a method for synthesizing consistent
3D transitions between two reconstructed indoor scenes. Video
generation models lack geometric consistency across bounded tran-
sitions; Progressive Anchoring overcomes this by localizing gen-
erated frames against volumetrically blended anchors to preserve
metric fidelity throughout synthesis. Experiments showed consis-
tent gains in metric consistency over camera-conditioned gener-
ation and pose estimation baselines, and user studies indicated a
perceptual preference over scene generation and 3D inpainting
methods.
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