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Fig. 1: Sketch-to-Multi-View generation. Given a single freechand sketch and a
text caption, our method generates geometrically consistent multi-view images span-
ning a full 360° azimuth orbit at four different elevations. Top three rows: in-domain
examples from FS-COCO Eﬂ Bottom two rows: zero-shot generalisation to unseen
sketch domains (TU-Berlin and InstantStyle ) Project Page.

Abstract. We tackle a new problem: generating geometrically consis-
tent multi-view scenes from a single freehand sketch. Freehand sketches
are the most geometrically impoverished input one could offer a multi-
view generator. They convey scene intent through abstract strokes while
introducing spatial distortions that actively conflict with any consistent
3D interpretation. No prior method attempts this; existing multi-view
approaches require photographs or text, while sketch-to-3D methods
need multiple views or costly per-scene optimisation.

We address three compounding challenges; absent training data, the need
for geometric reasoning from distorted 2D input, and cross-view consis-
tency, through three mutually reinforcing contributions: (i) a curated
dataset of ~9k sketch-to-multiview samples, constructed via an auto-
mated generation and filtering pipeline; (ii) Parallel Camera-Aware At-
tention Adapters (CA3) that inject geometric inductive biases into the
video transformer; and (iii) a Sparse Correspondence Supervision Loss
(CSL) derived from Structure-from-Motion reconstructions.

Our framework synthesizes all views in a single denoising process without
requiring reference images, iterative refinement, or per-scene optimiza-
tion. Our approach significantly outperforms state-of-the-art two-stage
baselines, improving realism (FID) by over 60% and geometric consis-
tency (Corr-Acc) by 23%, while providing up to a 3.7 X inference speedup.

Keywords: Multi-view synthesis - Sketch-based generation - Geometric
consistency - Correspondence supervision
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1 Introduction

Consider a rough, freehand sketch of a street scene: a few strokes for a car, some
wobbly lines representing buildings, a stick figure on the pavement. Despite this
inherent abstraction, a human observer effortlessly infers a plausible 3D world,
understanding that the car has an occluded side, the buildings extend beyond
the visible corners and the figure could be seen from different perspectives. This
rises the fundamental question:

Can a generative model, conditioned solely on a single freehand sketch,
synthesize a set of geometrically consistent novel views representative of
a complete 3D scene?

We define this task as Sketch-to-Multi-View (S2MYV) generation as il-
lustrated in Fig. [I] This task is a surprisingly hard problem for current genera-
tive models, and one that has not been studied before. Freehand scene sketches
are arguably the most geometrically impoverished conditioning signal one could
provide to multiview generators. Unlike photographs, which provide dense ap-
pearance and implicit 3D cues (i.e., shading and perspective), or text prompts,
which offer semantic flexibility without spatial constrains, freehand sketches are
simultaneously spatially informative yet geometrically unreliable. They convey
the intent of a scene layout while introducing abstraction, non-linear distortions,
and stroke-level noise that often conflict with a consistent 3D interpretation.

Existing multi-view diffusion methods do not directly address these incon-
sistencies. Image-conditioned approaches [12}28,30,38,/39,/42,[55] typically be-
gin with high-fidelity photographs that already resolve geometric ambiguity.
Text-conditioned methods [39] operate in a domain where spatial imprecision
is expected and tolerated. Conversely, existing Sketch-to-3D methods, such as
Sketch2NeRF |[7] and SketchDream [27], are largely restricted to single-object re-
construction or require multiple sketch views and costly per-scene optimisation.
To our knowledge, no prior work generates geometrically consistent multi-view
outputs from a single, freehand scene sketch.

Bridging this gap requires solving three compounding challenges. (i) Data:
no sketch-to-multi-view dataset exists, and freehand sketches cannot be con-
sistently paired with multi-view images through standard rendering pipelines.
(ii) Geometric reasoning: generative models must infer coherent 3D struc-
tures from a 2D input that lacks strict projective alignment, demanding camera-
aware generation mechanisms. (iii) Cross-view consistency: generating differ-
ent views simultaneously requires the model to enforce correspondences between
views, rather than simply conditioning on viewpoint independently.

We address these challenges with the following contributions:

— A Curation Pipeline for S2MV Data (Sec. . We introduce a novel
pipeline to bridge the domain gap between freehand sketches and multi-view
images. By leveraging FS-COCO [9], we synthesize photorealistic frontal
views using a pretrained generative model [21], verify sketch-image alignment
through semantic segmentation matching [4[6], and generate multiple views



S2MV 3

per scene |10]. The resulting dataset includes 9222 curated samples with 33
views each, providing a rigorous foundation for S2MV training.

— Camera-Aware Attention Adapters (CA3) (Sec. [3.3). We propose a
lightweight camera attention adapters that inject Projective Rotary Position
Encoding (PRoPE) [25] into a pretrained video diffusion transformer [43].
This mechanism adds only 2.7% additional parameters while enabling at-
tention layers to explicitly account for relative projective geometry between
views.

— Correspondance Supervision Loss (CSL) (Sec. [3.4). We introduce a
sparse InfoNCE-based correspondence loss applied to the adapter’s latent
projections to maintain geometric consistency between cross-views. Using
positive pairs extracted through Structure-from-Motion [37],this regulariza-
tion enforces cross-view identity and merges distinct viewpoints into a unified
latent representation.

The components of our framework are mutually reinforcing, creating a cohe-
sive system for S2MV synthesis. While our curated dataset provides the foun-
dational sketch—multiview pairs previously missing from the literature, our CA3
provides the necessary geometric inductive bias and the capacity to reason about
viewpoints. Last but not least, our CSL provides the explicit supervisory signal
that teaches the model which spatial locations across views should attend to each
other, turning geometric capacity into geometric consistency. Removing any one
of these components significantly degrades the final performance.

Crucially, our method generates all multi-views jointly in a single end-to-
end denoising process directly from a sketch, bypassing any intermediate photo-
generation stage, requiring no reference photograph, no per-scene optimisation,
no iterative refinement. To the best of our knowledge, this is the first method to
produce geometrically coherent, photorealistic multi-view scenes from freehand
sketch input.

2 Related Work

Multi-View Generation and Camera Conditioning. Diffusion models have
been widely applied to multi-view image generation. Early methods fine-tune im-
age diffusion models to synthesise novel views from a single photograph: Zero-1-
t0-3 [28] conditions on relative camera pose, and follow-up works [24430,,31,38};39]
improve consistency by generating multiple views jointly through synchronised
diffusion or multi-view attention. A parallel line of work repurposes video dif-
fusion models, treating the temporal axis as a viewpoint axis, for object-centric
orbiting [8/42] or scene-level [12] generation. More recent DiT-based architec-
tures push the scale further: Hunyuan3D 2.0 [55] trains a 2B-parameter shape-
generation DiT, TRELLIS [48| employs rectified flow transformers over struc-
tured 3D latents, and See3D [33] learns 3D priors from 16M video clips without
pose annotations.

How camera geometry is communicated to the generative model is a critical
design axis. Absolute conditioning methods [13}28]/47] inject camera parameters
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as global vectors, while per-pixel Pliicker ray representations [13,/49,/56] offer
richer spatial encoding but do not inject relative inter-view geometry into the
attention computation. Geometric approaches address this limitation directly:
PRoOPE [25] modulates queries, keys, and values with projective matrices so
that attention scores reflect relative camera geometry, UCPE [51] extends this to
per-token ray-level encoding, and EpiDiff |16] and SPAD [17] restrict cross-view
attention to epipolar lines. AC3D [1] shows that camera information concentrates
in a subset of DiT layers, enabling a 4x parameter reduction, and the concurrent
ReRoPE [23] injects relative pose into underutilised RoPE frequency bands.

We build on the Wan 2.1 video DiT [43] and adopt PRoPE inside lightweight
parallel adapters (adding fewer than 3% parameters) following the zero-initialised
parallel branch paradigm [52]. We complement the geometric inductive bias with
explicit correspondence supervision, a combination not explored in prior work.

Geometric Consistency and Correspondence Supervision. Ensuring cross-
view geometric consistency in generated images remains a central challenge. Im-
plicit approaches encode geometric priors through architecture: SyncDreamer |30]
constructs a shared 3D feature volume, epipolar attention [16,/24,40] constrains
cross-view attention to geometrically plausible regions, and SpatialCrafter [54]
decouples spatial and temporal attention for scene reconstruction. ViewCrafter |50|
guides video diffusion with monocular depth-based point clouds, and GeoVideo |2|
aligns predicted depth maps across frames during training. In all these cases, ge-
ometric reasoning is an emergent property of the architecture rather than an
explicitly supervised objective.

In the reconstruction domain, DUSt3R, [45], MASt3R |22, and VGGT |[44]
learn to predict dense correspondences from multi-view images, but treat them
as the end product rather than as supervision for generation. Correspondent-
Dream |18] extracts correspondences from a frozen diffusion UNet to regularise
NeRF optimisation, yet does not train the generative model itself with corre-
spondence supervision.

The concurrent CAMEO [20] is closest to our work, supervising attention
maps with VGGT-derived correspondences via dense cross-entropy on the main
self-attention of a UNet-based model. Beyond the apparent “sparse-vs-dense”
contrast, our approach differs along four causal axes. (i) Adapter vs. main at-
tention: CAMEO supervises a self-attention layer of CAT3D’s [12] UNet, entan-
gling correspondence with appearance on the same parameters that solve denois-
ing; we supervise a parallel, zero-initialised adapter whose PRoPE-modulated
queries/keys live in the relative-camera projective space, so geometric supervi-
sion never competes with appearance synthesis. (ii) Sparse contrastive vs. dense
cross-entropy at video scale: CAMEQ’s dense map is tractable on F'=4 views at
32x32 (~16M entries/layer); at our video-DiT scale (4N+1=133 frames, 60 x60
latent) it would hold =~ 2.3x10'! entries (hundreds of GB/layer), whereas our
sparse InfoNCE [36] costs ~1 MB/layer and explicitly repels negatives. (iii) Clas-
sical vs. learned correspondence: our SfM [37] supervision carries no learned
prior, whereas CAMEO inherits VGGT’s pointmap biases. (iv) Video DiT vs.
image backbone: CAMEQ is validated on image backbones at F'=4, while we



S2MV 5

Video DiT == B s
—— VAE £ —+ — VAE D — [k
+ CA3
~
: -

(b) DiT Block ¢ (c) Correspondence Supervision Loss (training only)

Self-Attention text
+LoRa SfM Corr. CA3 CSL
~ IS -
COLMAP pairs C a;, k; Leorr
h, Cross-

/
Attn 1 PPN b

CA3 L = Loiow+A Leorr

{T, K}, cached hy at layers {10, 15, 20,25}

(a) Generation Pipeline

“A sheep is standing Camera Set
on a mountain.” {TY K}N_,

text prompt

Fig. 2: Method overview. (a) A freehand sketch is encoded then denoised by a video
DiT augmented with our CA3. All N views are generated in a single forward denoising
process. (b) Each DiT block contains a self-attention with LoRa and a parallel CA3 to
inject relative camera geometry. (c) During training, SfM correspondences from pseudo
ground-truth views supervise the CA3 query—key projections via a sparse InfoNCE loss.
Dashed boxes: frozen modules.

show the supervision transfers to a video DiT generating 4N+1 frames in a
single pass, the regime where dense supervision is infeasible.
Sketch-Conditioned Generation. Sketch-based image generation has been
widely studied through conditional diffusion models. ControlNet and T2I-
Adapter [34] accept edge maps as spatial conditions but target clean line draw-
ings rather than freehand sketches. Recent work addresses the sketch abstrac-
tion gap: Koley et al. handle amateur sketches for single-image generation,
and KnobGen [35] adapts to varying sketch complexity. SketchingReality [3|
generates photorealistic images from freehand scene sketches using a CLIP-
based sketch encoder, but is limited to single-view output. In the 3D domain,
Sketch2NeRF [7] requires multiple sketch views and optimises a NeRF via SDS,
while SketchDream combines sketch conditioning with depth guidance, both
target single objects and require costly per-scene optimisation.

Our method extends the scene-sketch paradigm of |3| to multi-view output:
from a single freehand scene sketch, we generate N geometrically consistent
views through a video diffusion transformer in a single forward pass, with no
per-scene optimisation.

3 Method

Given a freehand sketch S and a set of N target camera poses, our method gen-
erates IV geometrically consistent photorealistic views through a video diffusion
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transformer (Fig. 2la) augmented with lightweight camera-aware adapters CA3
(Fig. 2lb) and trained with correspondence supervision CSL(Fig. [2|¢).

S2MYV requires solving three compounding challenges: the absence of paired
training data, the need for camera-aware generation, and the enforcement of
cross-view geometric consistency. In this section, we first review the video diffu-
sion backbone (Sec. , followed by our dataset construction pipeline (Sec. ,
Camera-Aware Attention Adapters (CA3) (Sec. , and Correspondence Super-
vision Loss (CSL) (Sec. [3.4).

3.1 Preliminaries: Video Diffusion Transformers

Our framework is built upon a standard Video Diffusion Transformer (Wan 2.1 [43]),
which is repurposed to support the multi-view sequence modeling required for
S2MV. The model operates in a compressed latent space Z learned by a VAE
encoder £, which first maps a sequence of frames [x;]~, into a latent representa-
tion [z;])Y,. Later, the DiT architecture processes each z; by patchifying it into
a sequence of T' tokens whose dimension is D. Each of the L transformer blocks

computes self-attention as:

Attn(Q, K, V) = softmax (Q\I/%T> V, (1)

where Q, K,V are the query, key, and value projections. The training is per-
formed via flow matching [26] by minimizing the velocity field error:

»Cﬁow = Et,Z[),E [HVO(ZtatvC) - (ZO - 6)”2] ) (2)

where z; is the noisy latent at timestep ¢ € [0,1], € ~ N(0,1I), and ¢ denotes
the conditioning signals. The VAE applies 4x temporal compression, effective
for video where consecutive frames are redundant, but destructive for multi-view
generation where neighbouring views differ substantially. We therefore replicate
each view four times before encoding (frame replication), yielding 4N+1 input
frames and exactly one latent per view.

3.2 Sketch-to-Multiview Dataset Construction

No existing dataset pairs freehand scene sketches with geometrically consistent
multi-view images. Unlike photographs, freehand sketches contain non-linear dis-
tortions that do not correspond to any standard 3D asset. We therefore propose
a pipeline to bridge this domain gap through an automated generation-and-
filtering process. The steps in our pipeline are summarized in Fig.

(a) Multi-Seed Generation. For each of the ~10,000 sketches in FS-COCO [9),
we synthesize five photorealistic candidate images using FLUX.2 dev |21],
conditioned on both the sketch and its original caption.
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Fig. 3: S2WYV dataset generation pipeline. (a) Multi-seed image generation from
sketch and caption. (b) Segmentation of sketch and generated images. (c) Best seed
selection via mIoU. (d) Multi-view synthesis from the selected image. (e) Dataset cu-
ration yields 9,222 samples. More details in Sec.
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Segmentation. To ensure spatial fidelity, we perform semantic grounding
by segmenting both the input sketch and the candidates. Sketch masks are
extracted via a specialized sketch encoder [4]. For the generated images, we
use spaCy to extract object nouns from the caption, which serve as prompts
for zero-shot segmentation via GroundingDINO and SAM3 @I

Best Seed Selection. For each sketch, we select the candidate image I*
that best aligns with the sketch’s intended spatial layout. This is determined
by maximizing the mean Intersection-over-Union (mlIoU) between the sketch
segmentation masks M and the image segmentation masks M,:

I = ToU(M,, M, 1), 3
arg max mlo (Mg, Mg) (3)

Multi-View Generation. The selected frontal view is processed by Qwen
Image Edit Angles to synthesize N multi-view images at varying azimuth
0 and elevation ¢.

Dataset Curation. We apply a minumum threshold on the mIoU to remove
samples where the subjects are poorly aligned.

The result of our pipeline is a final corpus of 9222 high-quality samples.

3.3 Camera-Aware Attention Adapters (CA3)

A video diffusion model has no intrinsic notion of camera viewpoint as its self-
attention treats all tokens identically regardless of their 3D spatial relation-
ship. For photograph-conditioned generation, dense appearance cues in the in-
put can partially compensate; for freehand sketches, which provide only sparse,



8 Bourouis et al.

geometrically distorted strokes, the model receives no implicit 3D signal what-
soever. We therefore equip the model with an explicit geometric inductive bias
through lightweight Camera-Aware Attention Adapters (CA3). Below we de-
scribe the construction of virtual camera matrices, the projective position en-
coding that consumes them, the adapter architecture, and a complementary
domain-adaptation strategy.

Virtual Camera Matrix Construction. Since our multi-view images are gen-
erated via image editing rather than 3D rendering, ground-truth camera param-
eters are unavailable. We construct virtual cameras by placing each viewpoint
on a sphere of fixed radius d around the scene origin. For a view at azimuth 6
and elevation ¢, we compose a rotation R(™) = R, (0)-R.(¢) and set the camera
position to t(® = R(™[0,0,d]". The camera-to-world extrinsic is then:

. R(™ ()
T = [oT ) ] € SE(3). (4)

The intrinsic matrix K is shared across all views, constructed from a 60° hori-
zontal field-of-view with the principal point at the image centre. These virtual
matrices provide CA3 with a consistent geometric coordinate system, enabling
viewpoint reasoning in the absence of ground-truth calibration

Viewpoint Awareness via PRoPE. We integrate Projective Rotary Position
Encoding (PRoPE) [25], which modulates attention using the scene’s epipolar
geometry rather than pixel coordinates alone. For each target view n, we con-
struct a projective matrix from T(") and K:

po) _ B‘T ﬂ ()1, (5)
By partitioning the attention head dimensions into projective and spatial sub-
spaces, PRoPE ensures that the affinity between any two tokens is conditioned on
their relative projective transform P("'I)P(”’“rl7 embedding epipolar constraints
directly into the attention computation.
CA3 Architecture. To preserve the powerful generative priors of the pretrained
backbone, we implement CA3 as a parallel branch alongside the attention layers
as illustrated in Fig. (b) For each transformer block ¢, the hidden state hy is
updated as:

B = by + A (h) + AP (hy, PO ), (6)

where AY(.) is LoRA-adapted backbone self-attention and AS™(.,.) is our
trainable camera adapter that uses the projective matrices of the views. To
maintain computational efficiency, each adapter employs an 8x dimensionality
bottleneck (1536 — 192) and utilizes only H'=2 attention heads, and its output
projection is zero-initialised [52] to preserve the pretrained prior at the start of
training. The adapter architecture above addresses where to attend across views;
however, the backbone features themselves must also be adapted to the sketch
domain.

Sketch-Domain Adaptation via LoRA. The video backbone is pretrained
exclusively on natural videos; freehand sketches represent a significant domain
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Fig. 4: SfM correspondences across views. Each correspondence image shows two
views with colored lines connecting matched keypoints identified by Structure-from-
Motion (COLMAP). The view angles (azimuth, elevation) for each pair are indicated
above the correspondence visualizations. These correspondences serve as supervision
targets for our camera-aware attention adapters (Sec. .

shift that the camera adapters alone cannot bridge. We therefore apply LoRA
with rank 16 to the query, key, value, and output projections of the backbone’s
self-attention layers. While CA3 provides explicit geometric viewpoint control
via PRoPE, LoRA handles the complementary task of adapting the backbone’s
feature representations for sketch-conditioned generation. Training follows a cur-
riculum that lets domain adaptation stabilise before geometric supervision is
introduced (Sec. [3.4). We validate this design choice in Sec.

3.4 Correspondence Supervision Loss (CSL)

The camera adapters give the model the capacity to distinguish viewpoints,
but this geometric inductive bias alone does not teach the model which spatial
locations across views correspond to the same 3D point. Without explicit su-
pervision, the adapter’s attention remains diffuse and spatially unstructured, as
we verify empirically in Sec. [1.5] We therefore introduce CSL derived from SfM
that directly teaches cross-view geometric reasoning (Fig. .

Correspondence Extraction. Given the pseudo ground-truth multi-view im-
ages for each training sample, we run COLMAP to obtain sparse 3D recon-
structions. For each reconstructed 3D point X;, COLMAP provides its projec-

tion coordinates (ugn),v§n)) in each observing view n, along with a confidence

score c§-n) derived from reprojection error. We construct pairwise supervision
targets:
_ M
C - {(ql7 ki7 wi)}i:lﬂ

where M is the total number of correspondence pairs, ¢; = (ng, s,) and k; =
(nk, sx) specify the (view index, spatial patch index) for each pair and w; =
min(cg»nq)
Sparse InfoNCE loss. Directly supervising the full attention matrix A®) e

RT*T is memory-prohibitive (7' > 29,000). We instead formulate correspondence

,cé"’“)) is the confidence weight.
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supervision as a contrastive objective on the adapter’s query and key projec-
tions. For each correspondence pair (g;, k;), we extract query and key embed-
dings q; and k; from the CA3 module at a subset of layers U = {10, 15, 20, 25},
corresponding to middle-to-deep layers where geometric reasoning is most pro-
nounced. The sparse InfoNCE loss is:

exp(a] k; /7)
exp(a] ki /) + S5 exp(a] kj /7)

where k;" is the positive (corresponding) key, {k; };V:"ig are negative keys sampled

from non-corresponding token positions, and 7 is a temperature parameter. This
formulation has complexity O(M X Nyeg) rather than O(7?), reducing memory
from 14 GB to ~1 MB.

Total training objective. The final training objective combines the flow match-
ing loss with correspondence supervision:

1 M
‘ccorr = _M ;wi : 10g

»Ctotal = »Cﬂow + )\corr ' »Ccorra

where Ao follows a curriculum schedule: it is held at zero during an initial
warmup phase, then linearly ramped to its target value of 0.01. This allows the
flow matching loss and LoRA domain adaptation to stabilise before correspon-
dence supervision is introduced.

4 Experiments

We evaluate our method on sketch-to-multiview generation, assessing both per-
view image quality and cross-view geometric consistency. We describe the exper-
imental setup (Sec. , compare against two strong baselines (Sec. , present
ablations (Sec. , visualise learned attention (Sec. , and test generalisation
to unseen sketch domains (Sec. |4.6)).

4.1 Experimental Setup

Dataset and splits. We train on our S2MV dataset described in Sec. [3.2] with a
total of 9,222 sketch-multiview samples (N = 33 views each). We split these into
8,304 training, 441 validation, and 477 test samples, following [5]. All reported
metrics are computed on the test set across 3 seeds.

Evaluation metrics. We report standard per-view image quality metrics against
ground-truth views: peak signal-to-noise ratio (PSNRY), structural similarity
index (SSIMT) |46], and learned perceptual image patch similarity (LPIPSJ) [53]
using an AlexNet backbone. To measure distributional realism, we report FID| [14]
computed over all generated views versus all ground-truth views. For semantic
fidelity, we compute CLIP-I1 (cosine similarity between CLIP ViT-B/32 em-
beddings of generated and GT views). We additionally report Corr-Acct, a
geometric consistency metric that measures the percentage of COLMAP corre-
spondences whose reprojection error on generated views falls below a threshold
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Table 1: Quantitative comparison on S2MYV test set (477 samples, N=33 views
each, 3 seeds). Our single-stage method is compared against two-stage baselines that
first translate the sketch to a photograph via FLUX.2-dev.

Method #Stages Time/sample PSNRt SSIMT LPIPS| FID| CLIP-I1 Corr-Acct
SEVA |56] 2-stage ~3.1min 11.310 0.265 0.705 46.34 0.756 0.161
ViewCrafter [50] 2-stage ~35min 11.148 0.338  0.737 48.22 0.773 0.136
Ours 1-stage ~50s 12.169 0.302 0.632 18.49 0.828 0.199

of 5 pixels; directly evaluating whether the model preserves the 3D structure
visible in ground truth. All per-view metrics are averaged across views, seeds
and test samples.

Baselines. No prior method generates geometrically consistent multi-view out-
put from a single freehand scene sketch. Therefore, we evaluate two state-of-the-
art novel-view synthesis methods adapted to our setting via a shared two-stage
pipeline: FLUX.2-dev |21] first translates each sketch to a photorealistic front
view, then either SEVA [56| (Pliicker-conditioned latent diffusion, 576 x 576) or
ViewCrafter [50| (point-cloud-guided video diffusion via DUSt3R [45], 576 x
1024) generates the remaining views. Full baseline configurations are provided
in the supplementary material.

Implementation details. We set N=33 views at 480 x 480 resolution, building
on the Wan 2.1 video DiT (1.3B parameters) [43] with frame replication (N —
4N+1). We train on 8x NVIDIA A100 GPUs with AdamW [32], LoRA [15]| rank
16 (~5.9M parameters) alongside ~35.4M CA3 parameters. The correspondence
loss follows a curriculum schedule, ramping Acorr from 0 to 0.01. Extended train-
ing details are provided in the supplementary material.

4.2 Comparison with Baselines

Quantitative results. Tab. [I] presents the main comparison across all met-
rics. Our single-stage method outperforms both two-stage baselines on five of
six metrics despite operating directly from sketches without an intermediate
photorealistic reference. The improvement is most pronounced on realism (FID
18.49 vs. 46-48) and geometric consistency (Corr-Acc 0.199 vs. 0.161/0.136),
confirming that CA3 and CSL produce views that are individually plausible and
mutually coherent. Perceptual quality likewise favours our method (LPIPS 0.632
vs. 0.705/0.737), as does semantic alignment with ground truth (CLIP-I 0.828
vs. 0.756/0.773). ViewCrafter achieves the highest SSIM (0.338), which we at-
tribute to its tendency to produce smoother, lower-frequency outputs that score
well on pixel-level structural similarity despite worse perceptual fidelity.

Our single-stage design also provides a 42 % inference speedup over ViewCrafter
and 3.7x over SEVA. More details in the supplementary material.
Qualitative comparison. Fig. 5| presents visual comparisons for representative
test sketches. We visualize more examples in the supplementary material.
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Fig. 5: Qualitative comparison of multi-view generation from sketches. For
each example we show the input sketch with its text prompt (left) and eight azimuth
views (0°-315° at 45° intervals) generated by each method. GT: ground-truth views;
Ours: our single-pass sketch-to-multiview method; VC: ViewCrafter; SEVA.: Stable
Video Diffusion. Additional comparisons are provided in the supplementary material.
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Table 2: Two-stage FLUX+Qwen vs. ours on S2MV. “Frontal” evaluates the single
front view (mlIoU = sketch fidelity); “Multi-view” evaluates all N views. Ours wins on
both stages despite seeing only a sketch at inference.

Frontal Multi-view (N=33)
Method FID| CLIP-I LPIPS| mIoU? FID] CLIP-I{ Corr-Acct
FLUX+Qwen (3 seeds) 47.64 0.776 0.731  0.338 51.77 0.804 0.174
Ours 36.33 0.781 0.722 0.353 19.12 0.822 0.191

Table 3: Ablation study. We remove each contribution independently. Row (a) is
the full model. Removing any single component degrades both per-view quality and
geometric consistency, confirming that the contributions are mutually reinforcing.

Configuration PSNR1 SSIM1 LPIPS| FID| CLIP-I1 Corr-Acct T. params
(a) Full model (CA3 + CSL + LoRA) 12.169 0.302 0.632 18.49 0.828  0.199 ~41.3M
(b) w/0 CSL (Acorr=0) 12.073  0.287 0.664 20.37 0.817 0.175 ~41.3M
(¢c) w/o CA3 (LoRA only) 5.026 0.266 0.819 266.06 0.632 0.183 ~5.9M
(d) w/o LoRA (CA3 only) 12.211 0.304 0.644 19.27 0.823 0.188 ~35.4M
(e) w/o frame replication 12.198 0.304 0.652 42.54 0.786 0.174 ~41.3M

4.3 Comparison to a Two-Stage FLUX+Qwen Pipeline

Our data pipeline (Sec. decomposes sketch-to-multiview into two off-the-
shelf stages: FLUX.2-dev [21] (sketch—frontal) followed by Qwen Image Edit
Angles |10] (frontal—N views). To test whether our trained single-stage model
is merely a faster substitute for this pipeline, we evaluate a strong two-stage
FLUX+Qwen variant on the S2MV test set (Tab. [2]) averaged across 3 different
seeds.

Despite seeing strictly less information at inference, a sketch rather than
a curated photograph, our model wins on every metric, even surpassing the
pipeline on frontal sketch fidelity (mIoU 0.353 vs. 0.338) and realism (FID
36.33 vs. 47.64); the gap widens for multi-view. The bottleneck is thus the
sketch—frontal step, which our five-seed mIoU curation (Sec. closes dur-
ing training. The LoRA branch is therefore not a speed-only convenience: it
absorbs the curated S2MV statistics, so inference needs no FLUX seed search.
The same argument applies to any sketch—image—multi-view decomposition
(e.g. a sketch-ControlNet front-end), of which FLUX+Qwen is a strong public
instance.

4.4 Ablation Study

We ablate each component under identical training settings and report results
on the S2MV test set averaged across 3 seeds (Tab. .

— CSL (Tab. ) Removing the correspondence loss (Acorr=0) retains geo-
metric capacity but removes explicit supervision. Row (b) shows the largest
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Ours w/o corr

Sketch Query (180°0°) (315°0°) (135°,-30°) Query (180°0°) (315°0°) (135°,-30°)

A

Fig. 6: Attention correspondence visualisation. Query pixel (red dot) in the front
view; heatmaps show attention at layer 20 over three target viewpoints. Left: with
correspondence supervision. Right: without (ablation Tab. [3|row b).

Corr-Acc drop among non-catastrophic ablations (0.175 vs. 0.199) and de-
graded LPIPS (0.664 vs. 0.632), confirming that CSL is essential for trans-
lating adapter capacity into cross-view consistency.

— CAB3 (Tab.3k). Without our CA3 camera adapter, the model has no mecha-
nism to distinguish viewpoints. Row (c) is nearly catastrophic: PSNR drops
to 5.026, FID degrades to 266.06, and CLIP-I drops to 0.632, confirming
that LoRA alone is insufficient for the multi-view setting.

— LoRA (Tab.[3{d). Row (d) is competitive on per-view quality (PSNR 12.211,
FID 19.27), suggesting our CA3 carry most of the representational burden.
However, Corr-Acc drops to 0.188, indicating that LoRA’s domain adapta-
tion complements the adapters for fine-grained geometric consistency.

— Frame replication (Tab. ) Without frame replication, the VAE’s 4x
temporal compression merges neighbouring views into shared latent frames.
Per-view PSNR remains competitive (12.198), but FID more than doubles
(42.54 vs. 18.49) and Corr-Acc degrades to 0.174, confirming that preserving
view identity through the VAE bottleneck is critical.

Taken together, all components are mutually reinforcing: removing any one
degrades geometric consistency.

4.5 Geometric Consistency Evaluation

To understand how correspondence supervision shapes attention, we visualise
camera attention maps at layer 20 (Fig. |§[) Given a query pixel in the front view,
we extract attention weights over three target views at varying viewpoints. With
correspondence supervision, attention concentrates sharply on the geometrically
correct region, even for the challenging 180° back view. Without it (ablation
row b), attention is diffuse and spatially unstructured, confirming that CSL
directly teaches the adapters where to attend.
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Fig. 7: Generalisation to unseen sketch domains. 12 views per sketch at four
elevations. (Top) TU-Berlin object sketches [L1]: consistent multi-view output despite
a distinctly different sketch style. (Bottom) InkScenes : robust to dense, textured
scene compositions unseen during training.

4.6 Generalisation to Unseen Sketch Domains

Our model is trained exclusively on FS-COCO freehand sketches. To test whether
the learned geometric reasoning transfers to unseen sketch distributions or not,
we evaluate on sketches from two out-of-distribution datasets (see the supple-
mentary material) and the qualitative results are illustrated in Fig. E From these
results, it is clear that per-view image quality and consistency between multi-
views are plausible, even if the data distributions are different than FS-COCO.

4.7 Limitations

Our method is limited by (i) training scale (8 304 samples vs. > 1M for baselines),
(ii) generated rather than rendered ground truth, and (iii) 480 x 480 resolution;
we discuss these in the supplementary material.

5 Conclusion

We presented the first method to generate geometrically consistent multi-view
scenes from a single freehand sketch in one forward pass, unifying a curated
S2MYV dataset, lightweight parallel CA3, and a sparse CSL into three mutually
reinforcing components. Beyond multi-view synthesis, we believe this opens a
broader direction: sketching as a lightweight, accessible interface for 3D con-
tent creation. More generally, our work demonstrates that combining camera-
aware attention adapters with explicit correspondence supervision is an effective
paradigm for lifting 2D generative models into geometrically grounded multi-
view generators.
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