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Figure 1: Geometry-native world generation. Given a reference image, a camera trajectory, and
optional text, GAE jointly generates RGB views and 3D geometry from a shared, compact latent
space. Each example pairs generated RGB and depth sequences with the resulting 3D point cloud.

ABSTRACT

We present a compact geometry-native latent space as a shared foundation for
perception and generation. Visual generators can produce photorealistic frames
without preserving a consistent 3D scene. We argue that this is not only a mod-
eling problem but also a representation problem: generators typically evolve
appearance-centric latents, while perception models recover geometry in a se-
mantically rich space that encodes cross-view structure. Rather than adding ge-
ometry as another output, we reparameterize a geometry foundation model’s fea-
tures into a compact latent space for generation. We realize this shift with the
geometry-native autoencoder (GAE), whose latent is jointly decodable to appear-
ance, depth, cameras, and point maps. With this state, a standard conditional flow
supports diverse generation tasks. In controlled comparisons that hold the gen-
erator and training protocol fixed, replacing the latent with GAE improves both
visual quality and independently measured 3D coherence: FVD falls by 12.7%
and 23.1% on RealEstate10K and DL3DV, and camera-trajectory error is halved
on RealEstate10K. Together, these results show that the latent space is central to
geometry-consistent generation and can serve as a shared interface between per-
ception and generation.


https://jiah-cloud.github.io/GAE.github.io/

1 INTRODUCTION

Photorealistic frames do not guarantee a coherent scene. From a few real views of one scene,
geometry foundation models can recover depth, cameras, and point maps that agree in a common 3D
coordinate frame (Wang et al.,2024a};2025a). Video generators, however, can produce views whose
recovered geometry drifts and camera trajectories stray from the requested path. What perception
can read, generation still struggles to write. If video generation is to serve as a foundation for world
models, its frames must describe a persistent scene. We trace this requirement upstream, to the latent
space the generator is trained to evolve.

A latent state does more than compress the output. It shapes which structure is directly available
to the generator and which must be inferred from appearance or introduced elsewhere. A pixel
VAE preserves appearance (Kingma & Welling| [2014;|Rombach et al.| [2022), while a representation
autoencoder organizes semantic content (Zheng et al., 2026; Singh et al., 2026), but neither makes
depth, camera geometry, and cross-view relations natively readable. The usual remedy is to add
geometry alongside an appearance-native latent, through camera controls, aligned representations,
or geometry-aware post-training (He et al.,2025;|Huang et al., 2026; |An et al., [2026)). We argue that
perception and generation should instead share a geometry-native latent space.

Geometry foundation models offer a natural starting point for such a latent (Wang et al.l 2024a;
2025a; [Lin et al., [2026). Yet their geometry decoders typically rely on a hierarchy of features rather
than a single latent representation. Different levels provide complementary cues, including local
detail, correspondence, semantic context, and cross-view structure. This division of labor is ef-
fective for perception but awkward for generation: modeling the full hierarchy introduces multiple
coupled generative states, whereas selecting one level discards information expected by the geom-
etry decoder. GLD (Jang et al., [2026)) illustrates the former approach by using a cascade of flow
models, but the underlying mismatch applies more broadly to models that decode geometry from
multi-level features. We use DA3 (Lin et al., 2026) as a controlled case study to make this broader
perceptual-generative mismatch concrete: no single level simultaneously preserves the semantic,
spatial, and cross-view structure needed for geometry-aware generation while providing a smooth,
well-conditioned space for generative transport. Earlier features retain stronger scene structure but
are harder to model continuously, whereas later features become smoother at the cost of substan-
tial geometric and semantic information. Moreover, individual levels remain highly redundant and
anisotropic: despite having 3,072 channels, they span only about 11 effective dimensions, with
condition numbers ranging from 10% to 105, This leaves most channels nearly inactive and concen-
trates useful information along a small number of directions at vastly different scales. Therefore, the
geometry is already present, but its raw parameterization is poorly matched to generation.

To reparameterize this hierarchy for generation, we introduce the geometry-native autoencoder
(GAE). Rather than directly modeling the feature hierarchy, as in GLD (Jang et al., 2026), we
argue that a generative reparameterization should satisfy three principles: (1) Preserve the geom-
etry already encoded by the perception model; (2) Unify appearance and geometry within a single
compact representation; and (3) Organize that representation for smooth generative transport. To
preserve geometry, GAE places a learned bottleneck between DA3’s frozen encoder and geometry
head, compressing all four feature levels into a single latent and reconstructing the full hierarchy
in one pass. Crucially, the original geometry head remains frozen when decoding depth, camera
rays, and point maps, preventing the decoder from adapting around information lost during com-
pression. To unify geometry and appearance, a learned RGB head decodes appearance from the
same bottleneck, forcing both to coexist in a shared latent. These readouts constrain what informa-
tion the latent preserves, but not sow it is organized for flow modeling. We therefore organize the
bottleneck at two complementary levels: individual tokens and relations among them. Token-wise
alignment to co-located C-RADIO features (Heinrich et al.| 2025) improves transport smoothness
and semantic organization, but on its own sharply degrades pairwise spatial structure. Matching
pairwise similarities in the posterior to those in DINOv2 features (Oquab et al,|2024) restores this
relational geometry while retaining the token-level gains. GAE thus preserves geometry, unifies it
with appearance in a compact latent, and organizes that latent natively for generation.

Using this latent, we train a unified generator based on a standard DiT-style conditional flow (Lipman
et al., 2023). The same model supports text-to-image generation, camera-controlled video, and
reference-conditioned novel-view synthesis. Condition dropout enables this breadth by exposing



the model to different combinations of text, metric Pliicker rays (Yin et al., |2026), and reference
views. Across regimes, the model jointly generates all target-view latents, which decode natively to
both RGB and geometry. Perception and generation therefore share the same latent space.

To isolate the effect of the latent space, we compare GAE with pixel, semantic, and raw geometry
latents (Rombach et al., [2022} |Singh et al., 2026; [Lin et al., 2026) using matched flow models and
training protocols. GAE reduces FVD by 12.7% on RealEstate 10K (Zhou et al., [2018) and 23.1%
on DL3DV (Ling et al.| [2024) relative to the strongest competing latent. Independent evaluation
of the generated views also shows stronger 3D consistency, with camera-trajectory error roughly
halved on RealEstate10K. Together, these results establish a compact geometry-native latent space
as a shared foundation for perception and generation.

2 RELATED WORK

Generative representation spaces. Visual generation has long separated perceptual compression
from generative modeling through variational and vector-quantized tokenizers, with latent diffusion
establishing compact continuous codes as the standard generative state (Kingma & Welling, 2014;
van den Oord et al., 2017} [Esser et al.| [2021; Rombach et al., |2022). Representation autoencoders
(RAESs) instead use frozen pretrained visual representations as the encoder state, with later work
scaling the idea to text-to-image generation and multi-layer features (Zheng et al., 2026; [Tong et al.,
2026;Singh et al.,[2026). REPA aligns denoiser features rather than changing the output state, while
latent-diffusability studies show that reconstruction alone does not determine generation quality (Yu
et al.}[2025a; Zhong et al.,|2026a). These methods organize generation around appearance or seman-
tics. GAE instead asks for a compact state that remains natively readable by a geometry foundation
model.

Geometry-aware visual generation. Scene-based novel-view synthesis reconstructs radiance
fields or Gaussian primitives, while generative methods use pose-conditioned diffusion to synthe-
size unobserved content from text or sparse views (Mildenhall et al.l [2020; Kerbl et al.l 2023} [Liu
et al.| 2023 [Shi et al.l 2024 [L1u et al., 2024; |Gao et al.| 2024; |Yu et al., [2024; [2025b). Camera-
controlled video similarly introduces trajectories through conditioning or positional encoding (Wang
et al., 2024b; He et al} [2025; [Yin et al., 2026)). Joint-output methods generate RGB together with
depth or normals (Stan et al., 2023} |[Krishnan et al., [2025; [Kwon et al., [2025} |Guizilini et al.| [2025)).
Other approaches align video features to geometry representations, condition on geometry features,
couple geometry and appearance latents, or post-train with geometric rewards (Wu et al.,[2026; Wan
et al., 2026} [Huang et al., [2026; M1 et al., [2026; |Xiang et al., 2026; |An et al., [2026). Across these
generative designs, geometry augments an appearance-led state as a control, modality, auxiliary rep-
resentation, or objective. GAE instead derives the sole evolving latent from a geometry foundation
model rather than adding geometry to an appearance-native state.

Geometry foundation models as generative states. Geometry foundation models have pro-
gressed from paired point-map regression and matching to many-view, persistent, reference-free,
and scaled static/dynamic reconstruction (Wang et al., 2024a; [Leroy et al., 2024; [Lu et al.| 2025}
Wang et al.} [2025bza; [Lin et al.l [2026; [Wang et al., [2026cb). Pretrained features have also become
predictive states for planning, geometry forecasting, and stochastic world modeling (Zhou et al.|
2025a; [Sun et al., 20265 [Porcher et al., [2026)). The closest visual-generation precedents directly
model geometry-foundation features: GLD cascades selected DA3 or VGGT levels and propagates
the remaining hierarchy (Jang et al.,|2026)), whereas latent Riemannian flow matching jointly evolves
VGGT’s four normalized levels on their product manifold (Weijler et al.,[2026). Both preserve native
geometry readout but generate high-dimensional backbone features directly. GAE instead learns one
compact Euclidean reparameterization of the full hierarchy, evolves it with a standard flow model,
and reconstructs the hierarchy for frozen geometry readout and learned RGB decoding.

3 METHOD

Geometry-Native Autoencoder (GAE) places the 3D inductive bias in the generated state itself.
The method trains in two stages, shown in Figure 2} Stage 1 trains a codec that turns the multi-
level features of a frozen geometry backbone into one compact latent decodable to both RGB and
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Figure 2: Overview of Geometry-Native Autoencoder (GAE). Stage I (codec training) com-
presses frozen multi-level geometry foundation features into a compact, diffusable geometry latent;
the feature decoder rebuilds the full hierarchy for frozen geometry readout, while a separate learned
head decodes RGB. Stage 2 (flow training) performs conditional flow matching only over generated-
view latents, while clean reference latents, camera rays, and text act as controls.

geometry, and Stage 2 freezes that codec and trains a conditional flow model in its standardized
latent space.

The two stages are summarized by

E,P Encg Decgy ~ _(1) Flowy (+|C) 4 Std—!
Iy —— Xy Z1.v X1v, AR Z1.y z1.v, (1

Stage 1: train the codec A, Stage 2: train the flow model £,

Here £ is the frozen DA3 encoder and P normalizes and fuses its four feature levels. Stage 1 trains
Encg and Decg to compress and rebuild X;.y; once frozen, its posterior mean standardized by Std
supplies the flow targets Z%;tv' Flow sampling starts from z(!) ~ A/(0,T). The condition set C may
contain text, camera rays, and clean latent tokens encoded from reference views. Only the target-
view latents evolve as ODE states; all other signals remain fixed controls. Both outputs are read
from the sampled latent:

Ly = D;gb(irv), Gi.v = Hppr(Decy(21.v)) - (2)
The trainable codec A, = (Ency, Decy) reconstructs the full DA3 hierarchy, which the frozen

geometry head Hppr reads as depth, rays, and point maps. A separate learned head Dggb renders
RGB from the same latent. Thus, unlike a pixel VAE, the state remains geometry-decodable; unlike
raw-feature diffusion, it is compact enough to be modeled by a single flow network. We write z
for the codec latent, z for its standardized form used by flow matching, and z'°f for clean reference
evidence.

3.1 GEOMETRY-NATIVE CODEC

The DA3 hierarchy presents two unsatisfactory choices for generation. Modeling all four raw lev-
els preserves the information needed for geometry decoding but requires a level-wise generative



cascade; selecting one level permits a single flow model but discards complementary information
and retains the poor conditioning identified in Section GAE instead learns the state between
a frozen DA3 encoder and its frozen geometry head: it fuses the hierarchy, compresses it into one
spatial latent, and reconstructs all levels for joint RGB and geometry decoding.

From a feature hierarchy to one state. Given V" input views, the frozen DA3 encoder £ produces
the four-level hierarchy F93 := {f, ,}3_,, where £, , € RV*C* contains the patch tokens for view
v atlevel £ and N = hpw,. The shallow level preserves fine detail and cross-view correspondence,
while the deeper levels provide complementary inputs required by the frozen geometry decoder. This
distinction does not imply stronger semantic or spatial structure at greater depth; our diagnostics
show the opposite for L3 (Table [2).

Before fusion, we normalize each level using fixed, per-channel training-set statistics m, and sy.
We then reshape the patch tokens to their spatial grids and concatenate them along the channel
dimension:

3
o 0:3y . I3 3 fv,é_mf CypxhpXwy —
X, = P(E)?) := IIe_Orebhape(Se — ) €R . C= ;CZ, 3)

where || denotes channel-wise concatenation. Thus, P is a fixed operator that converts the four DA3
token matrices into the single fused tensor X,. Level-wise normalization prevents high-variance
channels from dominating this representation.

Compact geometry codec. The feature codec Ay := (Ency, Decy) compresses the fused tensor
into a grid-shaped latent z,, € RC=*"»*"r and reconstructs the four-level hierarchy:

(fy,log o?) = Ency(X,), 4)
Zy = Moy T €y QQXP(% logag) ) €y NN(Ovl)a (%)
FO3 = Decy(z,). (6)

GAE preserves the DA3 patch grid and compresses only along channels, yielding C, € {64,128}
rather than the 3,072 channels of a single raw DA3 level. The encoder and decoder use lightweight
convolutional pyramids with spatial self-attention, retaining the DA3 patch layout while allowing
long-range mixing. We sample z, during codec training, but use the posterior mean g, determinis-
tically for flow training and inference. A small KL weight regularizes the bottleneck without forcing
it toward a heavily regularized generative-VAE regime.

Joint RGB and geometry decoding. In the notation above, Decy includes reconstruction of the
normalized fused tensor followed by the fixed inverse split and denormalization, and therefore re-
turns thg = {f’v ¢}3_o- A separate learned RGB head renders appearance directly from the compact
latent, whereas the original frozen DA3 dense-prediction transformer (DPT) head reads geometry
from the reconstructed hierarchy:

I,= Dégb(zu), G, = Hppr(F93) = Hppr(Decy(zy)) , @)

where G, contains depth, rays, and derived point maps. Consequently, RGB and geometry are two
readouts of the same compact state. Keeping Hpp frozen prevents the geometry head from adapt-
ing to information lost by the codec: successful geometry reconstruction must remain readable by
the original DA3 head. Unlike our raw single-layer baselines, GAE reconstructs the entire hierarchy
directly and requires no backbone propagation between the generated state and geometry decoding.

Codec objective. We first require the bottleneck to reconstruct both the hierarchy and its down-
stream readouts:
Ecodec = ‘cfeat + /\kILkl + Ergb + Egeo + Lrepr- (8)

Here Lreat is a weighted level-wise feature reconstruction loss, L., combines pixel and perceptual
reconstruction terms, and L., supervises depth and ray outputs. The geometry targets are pseudo-
targets obtained by applying the frozen DA3 head to the original features, rather than direct ground
truth. The final term L., shapes how information is organized inside the bottleneck rather than
what it reconstructs; the next section motivates this term.



3.2 ORGANIZING THE LATENT FOR GENERATION

Table 1: Three-step latent shaping on DA3-GIANT. Fusion and reconstruction repair the con-
ditioning of the raw hierarchy; token alignment improves transport and semantic organization but
collapses relational structure; Lg;yct restores spatial and cross-view structure while retaining gains.

Diffusability (single-view) Diffusability (multi-view) Structure (single-view)  Structure (cross-view)
Representation objective pl Kkl effrank? p | Kkl effrank? LNC@51 LDS?T SRSST xLNC* 1t
Raw geometry (DA3-GIANT LO) 0.876 2.8x 108‘ 113 0793 3.9x10% 9.3 0.353  0.102 0.123 0.642
Raw geometry (DA3-GIANT L3) 0.769 6.6x10'® 115 0539 2.0x10'! 9.0 0.054  0.054 0.070 0.380
None 0.820 130 58.0 0.630 580 20.0 0.310  0.240 0.300 0.590
Lok 0.700 170 53.0 0.570 450 26.0 0.490  0.020 0.030 0.580
Liok + Lstruct 0.674 227 513 0.564 356 45.2 0498  0.444 0.553 0.591

Reconstruction determines what the bottleneck must preserve, but not how that information should
be organized. A reconstruction-only codec can therefore recover RGB and geometry while still
producing a latent that is difficult for a flow model to learn. Table[I|summarizes these representation
diagnostics; full metric definitions are provided in the Sec. 4.1 and supplementary material. The
results make this gap visible: although the reconstruction baseline is compact and well-conditioned,
its transport smoothness and semantic neighborhoods remain weak.

We first add position-wise representation supervision. Let p1, ; be the posterior-mean token at lo-
cation ¢ in view v. We align a projected token with the co-located feature from a frozen C-RADIO
teacher (Heinrich et al.| [2025)). This token-level objective improves transport smoothness (p) and
semantic neighborhood consistency (LNC). However, it treats each location independently. It can
therefore align individual tokens while destroying the relations among them, which sharply reduces
LDS and SRSS and slightly weakens cross-view correspondence.

We address this failure with a complementary relational objective. A frozen DINOv2 teacher (Oquab
et al.,|2024) provides pairwise similarities among spatial locations, and we match those similarities
directly in the raw posterior space. This constrains the neighborhood geometry omitted by position-
wise alignment without requiring the student and teacher channel dimensions to match. Table [I]
summarizes this three-step progression.

With teacher tokens c, ; and d,; bilinearly aligned to the latent grid, the two terms are

Lo = 5 3 [1= (gnlion) 0] ©)

£struct = m Z Z (</'Al"u,iallv,j> - <av,i, av;j>)2 ’ (10)
voiE]

»Crepr = >\repa (»Ctok + )\/,L»Cstruct) ) )\repa = 0.25, )\,u =8.0. (11)

Here g,, maps posterior tokens to the C-RADIO feature dimension and hats denote {5 normalization.
C-RADIO supplies token-wise semantic organization, while DINOv2 restores relational structure
directly in the latent used by the flow model. Unlike REPA (Yu et al.l [2025a)), which supervises an
intermediate denoiser representation, both terms shape the codec latent before generative training.
The teachers and projector are discarded after codec training.

After training, we freeze the codec, use the posterior mean z, := p,, and standardize each channel
with training-set statistics:
_ Zy — 1M,

== 12
= e (12)

3.3 CONDITIONAL FLOW MATCHING AND GENERATION
Flow matching. After freezing the codec, we model only its standardized posterior means. Given

target latents z8* and noise € ~ N(0,I), we use the linear path z; = (1 — ¢)z8" + e and train a
conditional transformer by

Laow = E[(t) ity (2,,€) — (e - 25)][3] (13)



Following RAEv2 (Singh et al 2026)), the network uses clean-latent prediction, converted to the
velocity in Eq. A single transformer jointly models all target views, allowing cross-view interac-
tion directly in the compact geometry-native state. Parameterization and sampling details are given
in the supplementary material.

Reference, camera, and text conditioning. Geometry encoders are set-conditioned: the feature
of a reference image encoded jointly with target views differs from that of the same image en-
coded alone. Placing a full-set reference latent directly in the flow state therefore introduces a
train/inference mismatch, since the full-set reference features available during training cannot be
constructed at test time. Instead, GAE jointly encodes the K observed reference views using only
the observed references as context, and prepends the resulting clean latents z** as conditioning to-
kens. All V output slots, including those at reference camera poses, remain noisy flow variables.
The clean reference tokens z™' are assigned timestep ¢ = 0 and attend jointly with all V' noisy state
tokens, but are removed before the decoder prediction head. This design avoids clamping refer-
ence slots in the ODE, yielding a single standard Euler sampler without a denoising-level mismatch.
Camera control is provided by metric Pliicker-ray embeddings in query/key self-attention (Yin et al.,
2020), while frozen language-model features enter through cross-attention. Condition dropout sup-
ports text-only, camera-controlled, and reference-conditioned generation with the same weights.
Precise token and ray construction is deferred to the supplementary material.

Training and inference. Stage 1 trains the codec and RGB decoder on mixed single- and multi-
view data while keeping the geometry backbone and DPT head frozen. Stage 2 freezes the complete
codec and trains the DiT flow model on both text-to-image (T2I) and view-conditioned generation,
with variable view/reference counts and condition dropout. At inference, Gaussian target-view la-
tents are integrated from ¢ = 1 to 0, denormalized, and decoded into RGB and geometry through
Eq.[2] Thus, one flow model generates a shared latent state without a hierarchy-level cascade or
a separate geometry estimator. Architecture, optimization, and solver details appear in the supple-
mentary material.

4 EXPERIMENTS

We evaluate the representation before testing the generator built on it. We first analyze latent-
space properties (Section [f.T) and codec reconstruction (Section f.Z). We then evaluate camera-
controllable RGB and geometry generation with matched flow models (Section [4.3), followed by
ablations of the codec and conditioning designs (Section [4.4).

Experimental setup. The controlled comparison includes two pixel codecs (the single-image SD-
VAE (Rombach et al., 2022) and the video WAN2.1 VAE), the official semantic representation au-
toencoder RAEV?2 (Singh et al., 2026) with its frozen DINOv3-L encoder (Siméoni et al.,|2025)), the
raw DA3-GIANT layers LO and L3 (Lin et al.||2026), and our codecs GAE-64 and GAE-128, which
compress the full DA3 hierarchy and retain its native geometry readout. Every controlled variant
is trained as a matched flow model on RealEstate10K (Zhou et al., 2018) and DL3DV (Ling et al.,
2024), using the same flow-model family, camera conditioning, training budget, and sampling pro-
tocol, and is evaluated on a shared held-out pool of 64 scenes with nine views per scene at 2522, one
reference view, 50 Euler steps, and CFG = 2. Section[4.3.4]instead shows a separately trained final
model, using larger-scale data, higher resolution, and more frames. Those results are qualitative and
are not part of the comparison.

Ranking convention. Blue cells mark the best and second-best controlled variants, and displayed
ties are ordered using unrounded values unless a table states otherwise. Gray rows are external
systems that are excluded from this ranking, because they are complete pipelines rather than latents
dropped into our shared flow model: GLD (Jang et al.| 2026) generates a cascade of DA3 feature
levels, and Gen3R (Huang et al.| 2026)) is a pretrained geometry-generation system.

4.1 LATENT-SPACE STUDY
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only about 10. By fusing the hierarchy, GAE

reduces the state to 64 or 128 channels and provides the best overall balance of transport, condition-
ing, and structure among the geometry-native representations. GLD is reported only as an LO/L1
stage-average proxy because it models the two levels with a cascade.

Table 2: Latent-space diagnostics. GAE combines smooth transport and good conditioning with
strong spatial and cross-view structure while retaining useful semantic organization.

Diffusability (single-view) Diffusability (multi-view) Structure (single-view) Structure (cross-view)
Latent CxHxW pl Kk effrankt p | K effrankt LNC@51 LDST SRSST xLNC* 1
Pixel VAE, single-image (SD-VAE)  4x32x32  0.888 37 3.0 0.765 4.1 3.1 0.051 0.262  0.324 0.124
Pixel VAE, video (WAN2.1 VAE) 16x32x32  0.847 127 53 0.609 160 4.3 0.084 0234 0.313 0.402
Semantic RAE (RAEV2) 1024x16x16 0711 1.8x10* 2893  0.640 6.0x10* 93.3 0.932 0.171  0.220 0.587
Raw geometry (DA3-GIANT LO) 3072x18x18 0.876 2.8x10° 113 0.793 3.9x10% 9.3 0.353 0.102  0.123 0.642
Raw geometry (DA3-GIANTL3)  3072x18x18 0.769 6.6x10*® 115 0539 2.0x10** 9.0 0.054 0054 0.070 0.380
GLD (LO/L1 stage avg.) - 0.854 9.5x107 348 0742 1.7x10°% 227 0274  0.103 0.131 0.594
Ours (GAE-128) 128x18x18 0.674 227 513 0.564 356 45.2 0.498 0.444  0.553 0.591
Ours (GAE-64) 64x18x18 | 0.634 Ll 370 0519 117 332 0.488 0.631  0.767 0.569

4.2 CODEC RECONSTRUCTION QUALITY
4.2.1 RGB RECONSTRUCTION

We report PSNR and LPIPS for paired fidelity Typle 3:

o> 10T E RGB reconstruction.  Single-view
and rFID/rFVD for the distributional gap be-

uses ImageNet; multi-view averages five video

tween reconstructed and real images/videos. {atasets.
Higher PSNR and lower LPIPS, rFID, and Single-view Multi-view
rFVD are better. Latent PSNR?T LPIPS| rFID| PSNRT LPIPS| rFVD/)

Pixel VAE, single-image (SD-VAE) 1849 0.140 10.1 19.97 0.121 37.7
A compact latent risks discarding the fine-  (oniiar ARy - 208 013 §8 2475 0004 o1
grained spatial detail retained by raw geometry & s BUCINTI) e 0% 55 ot e it
features. We therefore evaluate codec recon- .. Gae 12 T AT SRS
struction independently of downstream gener- s (GAE6 2730 0061 7.1 3237 0040 91
ation. Table [3]measures RGB fidelity. A sepa-
rately trained RGB head on raw DA3 L0 reconstructs appearance well, but the same 3072-channel
feature is ill-conditioned and nearly rank-degenerate (Table2)). Raw L3 loses substantially more re-
constructable appearance information. GAE-128 matches or slightly exceeds raw LO across PSNR,

LPIPS, rFID, and rFVD while using 24 times fewer channels.




4.2.2 GEOMETRY RECONSTRUCTION

Table[]evaluates geometry after encoding and decoding real frames. AbsRel and 6, measure relative
depth error and threshold accuracy; Chamfer and PMap measure point-set and point-map discrep-
ancy; ATE and RPEr measure trajectory and relative-rotation error. Only 47 is higher-is-better. The
raw-L0 baseline (DA3-GIANT LO) propagates LO through the frozen DA3 backbone to recover the
remaining hierarchy before the DPT head. Both GAE variants improve on this baseline across depth,
point-map, and pose metrics on both datasets. Thus, the compact codec preserves geometry-relevant
information in addition to the RGB fidelity measured above. Compared with the external systems,
GAE gives lower camera errors than Gen3R (Huang et al.| [2026) and GLD (Jang et al., 2026) and
lower point-cloud errors than GLD; Gen3R is slightly better on some depth metrics but uses a sep-
arate geometry latent. Pixel codecs and RAEV2 are omitted because they have no native geometry
readout.

Table 4: Geometry reconstruction from encoded latents. Depth and point maps are compared
with Pi3 (Wang et al.l |2026c) on the real target frames; camera poses are compared with the input
real trajectory. Displayed ties between GAE-64 and GAE-128 are ordered using unrounded values.

RealEstate 10K (Pi3 ref) DL3DV (Pi3 ref)
Method AbsRel] 73 + Cham.| PMap| ATE] RPEr® | AbsRell &3 1 Cham.] PMap| ATE] RPEr® |
Pi3 on real (ref) — — — — 0.009 0.17 — — — — 0.011 0.26
Gen3R 0.085 0906 0.430 0.829 0.038 0.63 0.114 0.862 0237 0542 0.022 0.72
GLD 0271 0.694 0.857 1.580 0.039 1.23 0.303 0.608 0462 1.083 0.026 1.14
Raw geometry (DA3-GIANT L0O)  0.178 0.759  0.635 1.160  0.068 1.33 0.234  0.639 0.575 1.130  0.057 1.09
Ours (GAE-128) 0.090 0905 0.400 0.700 0.006 0.19 0.125 0.862 0.145 0.433 0.008 0.25
Ours (GAE-64) 0.090 0905 0.386 0.691 0.007 0.20 0.125 0.861 0.145 0433 0.008 0.27

4.3 FLOW-MATCHING GENERATION QUALITY

We compare all latent families under the same flow-matching backbone, training budget, and
camera-conditioning mechanism. This controlled setup isolates the impact of the generated latent
representation on both appearance quality and 3D consistency.

4.3.1 RGB GENERATION

Table [5] evaluates distributional quality with FID/FVD and paired fidelity with LPIPS, PSNR, and
SSIM. GAE-64 gives the strongest overall results on both datasets, reducing FVD by 12.7% on
RealEstate 10K and 23.1% on DL3DV relative to the best non-GAE controlled latent. It also leads
the paired metrics, while GAE-128 gives the best RealEstate10K FID. Figure [] provides the cor-
responding RGB comparison on two RealEstate10K scenes. Under the same reference image and
camera trajectory, GAE-64 better preserves object identity and fine structure as the viewpoint moves
away from the reference, consistent with the metrics in Table E}

Table 5: Camera-conditioned appearance generation. All controlled latent variants use the
matched protocol described above.

RealEstate10K DL3DV

Latent FVD, FID| LPIPS, PSNRt SSIM{ FVD| FID| LPIPS| PSNR{ SSIM{

Pixel VAE, single-image (SD-VAE) 258.6 364 0.171 1932 0.666 3732 57.1 0.232 17.05  0.495
Pixel VAE, video (WAN2.1 VAE) 3629 410 0219 1652 0575 596.7 773 0.313 1431 0.407
Semantic RAE (RAEV2) 379.4 314 0.191 17.60 0585 4534 492 0.231 16.01  0.434
Raw geometry (DA3-GIANT LO) 2986 355 0.177 18.31 0.643 3765 60.2 0.235 16.68  0.481
Raw geometry (DA3-GIANT L3) 4889 50.0 0.273 16.82 0579 584.8 80.6 0.314 1622  0.447

Ours (GAE-128) 2334 25.6 0.146 19.54 0.701 3452 442 0.200 17.39  0.541
Ours (GAE-64) 225.7 27.1 0143 2002 0.711 287.0 413 0.194 18.00 0.553
GLD 4451 440 0.337 1491 0518 587.4 664 0356 14.51  0.406
Gen3R 269.7 25.7 0.196 17.79  0.621 580.5 483 0.270 15.62  0.440




GT SD-VAE Wan2.1 RAEV2 DA3 LO DA3 L3 GLD Gen3R Ours

Figure 4: Qualitative RGB co
one reference and two target views for each scene under identical camera conditioning. Insets report
per-scene PSNR over the two displayed target views; Ours denotes the C=64 model.

4.3.2 3D CONSISTENCY

Table evaluates camera and multi-view consistency using VGGT (Wang et al) 20254),
ME3R 2025), and a DA3-GIANT 2026) cross-check. For camera recovery,
ATE measures global trajectory error after Sim(3) alignment, while RPEt and RPEr measure rela-
tive translation and rotation errors, respectively, with RPEr in degrees. For reprojection error (Jang
[2026), we Sim(3)-align reconstructed point maps to the dataset camera frame and measure
the normalized 2D round-trip pixel error between high-confidence points across views, retaining
the top 50% confidence pixels. MEt3R (Asim et al., [2025) directly measures symmetric feature
disagreement between reconstructed view pairs with visibility and occlusion masking. Across both
datasets, the two GAE variants achieve the two best controlled VGGT results. GAE-64 reduces ATE
by 52.8% on RealEstate 10K and 23.3% on DL3DV, while GAE-64 and GAE-128 achieve the best
controlled MEt3R on RealEstate 10K (0.1208) and DL3DV (0.1347), respectively. Together, these
results show that the appearance gains do not compromise camera control or multi-view consistency.
Figure 5| further shows that GAE yields a more coherent 3D scene and more faithful camera motion
under the same reference view and prescribed trajectory.

4.3.3 GEOMETRY GENERATION

Table[7]evaluates geometry decoded from sampled latents using the metrics defined in Section|4.2.2]
We directly decode depth, camera rays, and point maps from each latent. Depth and point maps are
compared with Pi3 (Wang et al, 2026¢) applied to the real target frames, while camera trajectories
are compared with the input dataset poses. This common reference avoids evaluating each method
against geometry estimated from its own generated images.

On DL3DV, GAE-64 leads all six geometry metrics among the controlled geometry-native methods.
On RealEstate 10K, it gives the best depth accuracy and pose estimates, while GAE-128 gives lower
Chamfer and point-map errors. Because the depth and point references come from Pi3 and the
pose reference comes from the dataset cameras, these gains do not rely on DA3-GIANT as the
evaluator. Figure [6| focuses on comparisons with external baselines. By showing multiple frames,
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Table 6: Generated-view 3D consistency. VGGT is independent of all latent backbones; DA3-
GIANT is reported as a backbone-overlap cross-check.

VGGT (independent) DA3-GIANT (cross-check)
Latent ATE| RPEt] RPEr® | Reproj.] ATE| RPEt] RPEr® | Reproj.] MEt3R]

RealEstate 10K

Pixel VAE, single-image (SD-VAE) 0.0072 0.0182  0.648 0.0093 0.0046 0.0191 0.338 0.0018  0.1385
Pixel VAE, video (WAN2.1 VAE)  0.0225 0.0252 0.746 0.0105 0.0135 0.0176  0.751 0.0019  0.1441
Semantic RAE (RAEV2) 0.0085 0.0233  0.420 0.0104 0.0066 0.0219  0.507 0.0019  0.1263
Raw geometry (DA3-GIANT LO)  0.0085 0.0202  0.435 0.0096 0.0047 0.0167 0.358 0.0020  0.1420
Raw geometry (DA3-GIANT L3)  0.0112 0.0211 0.516 0.0124 0.0036 0.0148  0.355 0.0019  0.1575

Ours (GAE-128) 0.0041 0.0173  0.332 0.0075 0.0026 0.0143  0.304 0.0017  0.1213
Ours (GAE-64) 0.0034 0.0060 0.380 0.0068 0.0026 0.0141  0.225 0.0013  0.1208
GLD 0.0124 0.0258  0.886 0.0133 0.0088 0.0221  0.950 0.0038  0.1660
Gen3R 0.0090 0.0213  0.423 0.0072  0.0063 0.0211  0.387 0.0014  0.1157
DL3DV

Pixel VAE, single-image (SD-VAE) 0.0073 0.0098  0.432 0.0108 0.0055 0.0076  0.358 0.0024  0.1542
Pixel VAE, video (WAN2.1 VAE)  0.0243 0.0288  1.419 0.0258 0.0206 0.0251 1.016 0.0019 0.1777
Semantic RAE (RAEV2) 0.0104 0.0143  0.638 0.0130 0.0088 0.0113  0.585 0.0031  0.1549
Raw geometry (DA3-GIANT LO)  0.0110 0.0136  0.634 0.0129 0.0079 0.0102  0.482 0.0042  0.1721
Raw geometry (DA3-GIANT L3)  0.0097 0.0120  0.603 0.0151 0.0052 0.0073  0.380 0.0039  0.1754

Ours (GAE-128) 0.0056 0.0072  0.294 0.0080 0.0043 0.0053  0.260 0.0029 = 0.1347
Ours (GAE-64) 0.0056 0.0066 0.293 0.0077 0.0038 0.0053 0.254 0.0028  0.1370
GLD 0.0136 0.0164  1.242 0.0241 0.0104 0.0136  1.048 0.0087  0.2183
Gen3R 0.0096 0.0133  0.678 0.0143  0.0096 0.0131  0.608 0.0065  0.1662
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Figure 5: Independent 3D check across latent families. The appearance-native Wan2.1 VAE,
semantic-native RAEv2, and geometry-native GAE are conditioned on the same reference image
and prescribed camera trajectory. Generated views, detail crops, VGGT-reconstructed point clouds,
and recovered camera trajectories highlight the impact of the latent representation on cross-view
visual consistency and camera control.

generated point clouds, and recovered camera poses for the same scenes, it makes cross-frame drift
and geometric distortions readily visible. GAE closely follows the prescribed camera trajectory and
preserves the overall scene structure, while Gen3R and GLD exhibit larger pose deviations and more
severe point-cloud distortions.

4.3.4 ADDITIONAL QUALITATIVE CAPABILITIES

Long-rollout showcase. The controlled comparisons above use nine views. Figure [7] instead
shows an 81-view rollout at 672x 378, sampled from one reference view with 50 Euler steps and
CFG = 2. We decode each sampled latent once into RGB and geometry. The point cloud simply
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Table 7: Geometry generation from sampled latents. Depth and point maps are compared with
Pi3 on the real target frames; camera poses are compared with the real trajectory.

RealEstate 10K (Pi3 ref) DL3DV (Pi3 ref)
Method AbsRel] &7 T Cham.] PMap| ATE] RPEr® | AbsRell &1 1 Cham.] PMap| ATE] RPEr°® |
Pi3 on real (ref) — — — — 0.009 0.17 — — — — 0.011 0.26
Gen3R 0.164 0807 0.727 1428 0.046 0.69 0232 0.688 0.587 1.180 0.031 0.91
GLD 0271 0.694 0.858  1.580 0.039 123 0323  0.594 0462 1.097 0.028 1.19
Raw geometry (DA3-GIANT LO)  0.157 0.822 0.540 1.058 0.019 0.35 0245 0.715 0330 0.815 0.019 0.48
Ours (GAE-128) 0.139 0.849 0432 0813 0.013 0.37 0225 0.750 0325 0.832 0.016 0.40
Ours (GAE-64) 0.134 0.857 0.501 0.924 0.010 0.33 0204 0.765 0.262 0.698 0.014 0.36
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Figure 6: Multi-frame RGB, geometry, and camera-pose comparison across RealEstate10K
scenes. Gen3R, GLD, and Ours receive the same reference image and prescribed camera trajectory.
For each scene, early, middle, and final generated views are paired with the generated point cloud and
recovered pose. The multi-scene comparison exposes cross-frame structure, depth-layer distortions,
and trajectory drift that are less apparent in a single final view.

concatenates the 81 per-view depth maps after unprojection with cameras recovered from the de-
coded rays; it uses no cross-view fusion, external reconstruction, or test-time optimization. Detailed
training settings and dataset information are provided in the supplementary material.

Generated views (5 of 81) Generated point cloud

Figure 7: Long-rollout showcase. Five views from each 81-view rollout and the point cloud de-
coded from the same latents.

Text-conditioned generation. The same flow checkpoint used for the long-rollout showcase also
supports direct text-conditioned RGB and geometry generation. Figure[§]pairs each generated image
with depth decoded from the same latent for a compact set of diverse prompts. We treat these
samples as a qualitative capability check rather than a standalone text-to-image benchmark.

4.4 ABLATION STUDIES
We isolate representation shaping, codec design, and conditioning while fixing the flow

architecture and training recipe. The representation study in Table [I] shows that to-
ken alignment improves transport but weakens relational structure, which Lt restores.
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A Day of the Dead sugar-skull cup with blue eyes and a A Bohemian bedroom with a wooden bed and red untry skiers on a snowy trail in a sunlit winter
pink flower. patterned textiles. forest.

A smiling fox wearing a top hat and a waistcoat in a A serene bedroom with a white comforter and orange
cloudy sky. pillows.

. ¢

A humanoid robot with reflective armor and glowing A weathered metallic skull half-buried in snow, with A close-up sculpture of Medusa in dark stone with coiled
green eyes in a misty forest. glowing red eyes. snakes.

Figure 8: Text-conditioned RGB and geometry generation. Each pair shows an RGB sample and
depth decoded from the same latent. These selected examples demonstrate capability rather than
benchmark text-to-image quality.

Taken together, the complete L.,y improves Table 8: Codec and conditioning ablations on
the latent’s transport, semantic organization, RealEstatel0K. Diag. denotes ATE, point-cloud
and relational structure. To verify that this im- gap, scale-sensitive SE(3) ATE, or LPIPS by
proved latent quality transfers to downstream block. Except PSNR, lower is better.
generation, we eval.uate matched ﬂow models g FVD | PSNR 1 MEGR | Diag. |
on RealEstate10K in Table @ Adding Lyepr - -
. v Codec design (Diag. = VGGT ATE)

to DA3-GIANT consistently improves appear- | sRGE-128, with Lrepr ~ 270.5 1912 0192 0.0048
ance, cross-view geometry, and camera recov-  GIANT-128, 10 Lyepr 2664 19.19  0.1226  0.0044
ery. At fixed latent width and objective, DA3- GIANT-128, with Lyepr 2334 1954 0.1213  0.0041
GIANT improves appearance and poSe OVer  Reference conditioning (Diag. = Ref-tgt PC gap)
DA3-LARGE. while LARGE retains a small Reference latent in ODE state  257.1 18.91 0.1217  0.1016

’ . . cl ditioning tok 2257 2002  0.1208 0.0318
MEt3R advantage. Thus representation shaping can conditioning token
and backbone capacity provide complementary — Fose scale (Diag. = SE(3) ATE, no Sim(3))

. h h L. 1 . Per-scene normalized pose 350.7 16.28 0.1290  0.0346
gains rather than optimizing only one metric. Metric pose 2257 2002  0.1208 0.0093

The same table isolates three conditioning — Text-to-image co-training (Diag. = LPIPS)

choice. Clean eference tokens keep observed i Iiomane e kh pad ol
evidence outside the ODE state, removing the

set-encoding train—inference mismatch and re-

ducing the reference—target point-cloud gap. Metric ray conditioning preserves translation scale
discarded by per-scene pose normalization, substantially improving scale-sensitive camera recovery
as well as appearance and view consistency. Finally, text-to-image co-training supplies a broader
appearance prior, improving FVD and LPIPS without sacrificing MEt3R. Together, these results
support the complete conditioning recipe across appearance, geometry, and camera motion.

5 CONCLUSION

We presented GAE, a compact reparameterization of multi-level geometry features that is jointly
decodable to RGB and geometry and organized for flow modeling. Under a controlled generator
and training protocol, this latent improves reconstruction, visual generation, 3D consistency, and
camera control over pixel, semantic, and raw geometry representations. Additional larger-scale
experiments further confirm that these gains persist with more data, higher resolution, and longer
generation sequences. Together, these results show that geometry can define the state in which
generation occurs, providing a shared interface between perception and generation.
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A IMPLEMENTATION AND EVALUATION DETAILS

This section expands Sections[3.TH3.3|with codec, flow, conditioning, training, and evaluation details
omitted from the main paper.

A.1 GEOMETRY-NATIVE CODEC DETAILS

DA3-GIANT (Lin et all 2026) is frozen throughout codec training. We collect its four output
levels, normalize each level with fixed training-set channel statistics, reshape the patch tokens to
their spatial grids, and concatenate the levels along the channel dimension. The codec preserves this
patch grid and compresses only the channel dimension to C, € {64, 128}. The encoder and decoder
are convolutional pyramids with spatial self-attention. During codec training we sample from the
posterior; for latent statistics, flow training, and inference we use the posterior mean.

The codec reconstructs the normalized feature hierarchy, RGB, and the outputs of the frozen DA3
dense-prediction head. The geometry targets are therefore pseudo-targets read from the original DA3
features rather than dataset depth labels. The frozen head is never adapted to reconstructed features,
so geometry quality must remain readable through the original DA3 interface. C-RADIO (Heinrich
et al., [2025) and DINOv2 (Oquab et al., 2024)) teachers, together with the projection head used by
Ly cpr, are required only during codec training and are discarded afterward.

A.2 FLOW-MATCHING PARAMETERIZATION
After freezing the codec, we train only on standardized posterior means. Let Z%fv denote the target
latent and z(") ~ A/(0,T) Gaussian noise. We interpolate between them using

7, = (1 —t)z8 + 1z, t€[0,1], (14)

whose target velocity is u; = z(!) —z2'. Following RAEV2 (Singh et al.,[2026), the network predicts
the clean latent,

78 = £,(2,t,0), (15)
which is converted to velocity by
= 2B = 0.05. (16)
max(t, tc)
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We then optimize Eq.|13] with an optional time weight p(¢). The timestep is shared across all views
in a clip. We use a DDT-style transformer (Singh et al., 2026) with 1 x 1 latent tokens and cross-
view self-attention; temporal models also use frame-axis rotary embeddings. The controlled models
use the same encoder—decoder transformer recipe: 28 encoder blocks of width 768 and six decoder
blocks of width 2048. Only the latent input/output projections change when the codec width changes
from 128 to 64 channels.

A.3 INFERENCE-ALIGNED MULTIMODAL CONDITIONING

The conditioning design follows a single principle: every signal is constructed from information
that is genuinely available at inference time and is kept separate from the variables evolved by the
flow. In particular, only the V requested output latents form the noisy ODE state. Observed images
are converted once into clean geometry-native evidence tokens, camera parameters specify a spatial
field over both observed and requested views, and text supplies global semantic context. We denote
these signals by C = {Z", r, e(ex; }. They are injected through complementary attention pathways
and remain fixed throughout sampling, preventing the conditioning evidence from being corrupted
or implicitly reconstructed by the ODE.

Reference tokens. Geometry encoders are set-based, so encoding a reference jointly with unavail-
able target views would leak target-set context during training and create a train—test mismatch. We
instead encode the K observed references jointly, but using only those references as the encoder
context available at inference:

7! = Std [Encg [79(5(15?;))}} . (17)

The resulting tokens preserve the same geometry-native representation used for the generated views,
allowing evidence and state tokens to interact directly in self-attention. They are assigned ¢ = 0,
prepended to the noisy target tokens, and excluded from the prediction head. Consequently, their
role is purely contextual: they can be attended to at every transformer layer but are never updated
by the numerical solver. Every output slot—including a requested output at a reference camera—
remains an ordinary noisy flow variable. This separation avoids repeatedly clamping a partially
denoised reference slot and keeps the same ODE parameterization for conditional and unconditional
sampling.

Camera rays. For each latent cell we form a world-space Pliicker ray (d, m), where m = o x d,

and decompose it as

m
d, m=_——, s =log(||m]|| + ¢). (18)
[m| + €

Here d describes viewing direction, m captures the orientation of the ray moment, and the log-
scale channel s retains metric translation magnitude when metric camera sidecars are available.
Following SCoPE (Yin et al, 2026), the resulting embedding modulates query/key self-attention,
making pairwise token interaction explicitly dependent on the corresponding camera rays rather than
treating pose as a single global vector. Rays are evaluated at the DiT (Peebles & Xiel [2023) token
grid, preserving pixel-ray alignment when the latent patch size changes. Reference tokens receive
the rays of their observed cameras, while noisy target tokens receive rays from the requested output
cameras; the same spatial representation therefore relates evidence to the views being generated.

Text. Prompts are encoded by a frozen language model and projected to the transformer cross-
attention width. Unlike reference and camera signals, which are aligned with latent locations and en-
ter self-attention, text acts as global semantic context through cross-attention. Independent dropout
of text, reference, and camera conditions trains a single set of weights on the subsets of C en-
countered at inference. The same model can consequently operate in text-only, camera-controlled,
reference-conditioned, or jointly conditioned image and video generation regimes, and the dropped-
condition branches also provide the unconditional predictions used for classifier-free guidance (Ho
& Salimans), [2022)).

A.4 TWwWO-STAGE TRAINING AND SAMPLING

Stage 1 jointly trains A4 and D;gb on mixed single- and multi-view data while freezing £ and
Hppr. Stage 2 freezes all Stage 1 modules and trains only the conditional flow model. In both
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settings below, we sample Gaussian noise for all requested output slots, encode reference images
once as clean conditions, integrate the velocity field from ¢ = 1 to ¢ = 0, and denormalize and
decode the resulting latents through Eq.[2]

Controlled latent comparison. To isolate the choice of latent representation, all compared
backends are inserted into the same DDT-style flow architecture and trained with a matched
protocol.  Training clips comprise nine 252x252 views sampled from an equal mixture of
RealEstate 10K (Zhou et al.l 2018) and DL3DV (Ling et al., [2024), with one to four prefix views
used as references. The transformer has 28 encoder blocks of width 768 and six decoder blocks
of width 2048, uses clean-latent prediction with an eight-block auxiliary base head, and conditions
on frozen Qwen3-0.6B (Yang et al.l 2025) text features through cross-attention. The shared flow
backbone contains approximately 0.93B parameters; the total parameter count varies slightly across
backends because their latent shapes require different input and output projections. Each controlled
model is trained on eight GPUs. SD-VAE (Rombach et al., 2022), the WAN2.1 VAE (Wan et al.,
20235)), and RAEV?2 (Singh et al.}2026) natively produce 256 x 256 images; for evaluation, we resize
their generated outputs to 252x 252 to match the target resolution used by the other backends and
the ground-truth clips. We train in BF16 using AdamW with 8 = (0.9,0.95), zero weight decay,
gradient clipping at 1.0, and an EMA decay of 0.9995. The learning rate is warmed up for 2k steps
to 10~* and then cosine-decayed toward 106 over a 100k-step horizon. Text, camera, and refer-
ence conditions are independently dropped with probabilities 0.10, 0.05, and 0.05, respectively, and
a single-view text-to-image batch is interleaved every three multi-view updates. For quantitative in-
ference, every backend uses the same nine-view setting with one clean reference, 50 Euler steps, and
a CFG scale of 2. The frame interval is 10 for RealEstate10K and 1 for DL3DV, and evaluation uses
the shared held-out sets described below. Thus, the flow architecture, data mixture, optimization
schedule, and sampling protocol are held fixed; only the latent encoder and decoder, together with
the input and output projections required by each latent shape, are changed. For every backend, the
same latent normalization statistics used during training are also applied at inference; architecture-
or conditioning-specific changes are made only in the corresponding ablations.

Final model. The qualitative final model is trained separately for longer, higher-resolution gen-
eration and is not included in the controlled ranking. It uses a frozen space—time codec built
on DA3-GIANT features at 672x378 and trains the flow on 81-view clips with one to four pre-
fix reference views. Its multi-domain training mixture spans RealEstatel0K (Zhou et al. [2018),
DL3DV (Ling et al., [2024), ScanNet++ (Yeshwanth et al., [2023)), MVS-Synth (Huang et al.,|2018)),
Spatial VID (Wang et al.| 2026a), OmniWorld (Zhou et al., 2025b), and several internally curated
datasets. We train the 0.93B-parameter flow transformer on 80 GPUs in BF16 using AdamW with
a base learning rate of 5x107°, 500 warmup steps, cosine decay to 1076 by 60k steps, gradient
clipping at 1.0, and an EMA decay of 0.9995. This parameter count covers the trainable Stage 2
generator and excludes the frozen DA3 encoder, space-time codec, and text encoder. Text, cam-
era, and reference conditions are independently dropped with probabilities 0.10, 0.20, and 0.20,
respectively. Single-view text-to-image batches at the same aspect ratio are interleaved every four
multi-view updates. We use shifted logit-normal time sampling with a shift of 6.364 for 81-view
training and 4.5 for the single-view co-training stream. For the showcased results, all 81 requested
views are sampled jointly from one reference using 50 Euler steps and a CFG scale of 2, while
camera conditioning is retained in the unconditional CFG branch.

A.5 CONTROLLED EVALUATION PROTOCOL

The main comparison uses shared held-out pools of 64 scenes from RealEstate]10K and DL3DV.
Each example contains nine views at 2522 with one reference view; all target views are sampled
jointly using 50 Euler steps and CFG = 2. FID and FVD measure frame- and clip-level distributional
quality. LPIPS, PSNR, and SSIM use the paired target frames under the prescribed camera trajectory.
Blue table cells rank only the seven latent variants trained with the shared flow recipe; GLD and
Gen3R are shown as external system-level references.

For camera metrics, VGGT or DA3-GIANT reconstructs the complete real and generated nine-view
clips. The recovered trajectories are aligned by Umeyama Sim(3) before ATE, relative translation
error (RPEt), and relative rotation error (RPEr) are computed. VGGT is independent of all evaluated
latent backbones; DA3-GIANT is included only as a backbone-overlap cross-check.
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The reported reprojection metric (Jang et al.| [2026) uses the recovered world points after Sim(3)
alignment to the dataset camera frame. High-confidence points are transferred between views and
projected back to the source view; the round-trip 2D pixel error is divided by the image diagonal.
We report Reproj@50, which retains the top half of points by estimator confidence. MEt3R is
computed with the official implementation (Asim et al.| [2025)). For every pair of generated views
it recovers pairwise geometry, upsamples visual features with FeatUp, renders the features into the
opposite view with visibility and z-buffer occlusion masks, and computes the symmetric cosine-
feature disagreement. We average over all (‘2/) pairs. Both Reproj and MEt3R are lower-is-better.

For native geometry evaluation, depth and point maps decoded from the latent are compared with
Pi3 (Wang et al., [2026c)) applied to the real target frames. Depth uses per-view median-scale align-
ment; point clouds use the Sim(3) estimated from the camera trajectories. Camera ATE and RPEr
are evaluated against the input dataset trajectory. This protocol separates native geometry readout
from the post-hoc RGB reconstruction used for the consistency table.

B LATENT-SPACE DIAGNOSTIC DEFINITIONS

Table 2] characterizes seven complementary properties of a latent representation: transport ambigu-
ity (p), covariance conditioning (x and effective rank), semantic neighborhoods (LNC@5), within-
image spatial structure (LDS and SRSS), and cross-view correspondence (XLNC*). The trans-
port and semantic-neighborhood perspectives follow the latent-diffusability study of Zhong et al.
(20264a), while LDS and SRSS follow the spatial diagnostics introduced and released by Singh et al.
(2025)). The covariance quantities are standard spectral statistics. We introduce xXLNC* as a multi-
view extension of latent-neighbor consistency, using dense correspondences to define cross-view
positives.

Evaluation data and preprocessing. For the single-view columns, we use ImageNet-S (Gao et al.}
2022) at resolution 256, which provides ImageNet class labels and pixel-level foreground masks. For
the multi-view columns|Zhou et al.|(2018)); Ling et al.| (2024); Huang et al.|(2018);|Yeshwanth et al.
(2023)); 'Wang et al.[ (2026a), each short scene clip defines one group, so views of the same scene
determine the within-group variation. We map spatial neighborhoods to image coordinates before
sampling token pairs, making the distance thresholds comparable across latent grids. Tokens are ¢-
normalized before cosine-based measurements. The table reports the raw representation consumed
by the flow model, without diagnostic-only PCA removal or feature centering.

Within-group velocity fraction p (lower is better). Let X ;:nin denote the covariance of latent
variation within a semantic class for single-view evaluation, or within a scene clip for multi-view
evaluation, and let 3¢, be the covariance over the complete evaluation set. We compute

_ tr(Xwithin)
tr(ztotal)

This normalized variance ratio accompanies the velocity-ambiguity analysis of Zhong et al.|(2026a).
A low value indicates that samples sharing a class or scene occupy a compact portion of the overall
latent distribution and therefore induce less ambiguous transport. Because both terms are traces, the
ratio is dimensionless and is not artificially improved by appending inactive channels.

(19)

Condition number « and effective rank (lower/higher is better). We flatten the spatial positions
and estimate the channel covariance of the latent. If its eigenvalues are \; > --- > A\¢, then

(Zi /\i)2
DR 20

K is the covariance condition number; a large value indicates severe anisotropy or near-rank defi-
ciency. Effective rank is the spectral participation ratio. It equals r for a perfectly flat rank-r spec-
trum but remains a continuous concentration statistic for realistic spectra. Reporting both quantities
distinguishes nominal channel count from the number of directions that carry substantial variance.

= effrank =

K
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Latent neighbor consistency LNC@5 (higher is better). Following the semantic-separability
diagnostic of [Zhong et al.| (2026a), we foreground-pool each ImageNet-S latent into one descriptor.
We retrieve its five nearest descriptors using cosine similarity and average the fraction whose Ima-
geNet label matches the query. LNC @5 therefore measures local semantic organization; it does not
by itself measure reconstruction fidelity or patch-level geometry.

Latent distance structure LDS (higher is better). LDS measures whether nearby image loca-
tions remain more similar than distant locations in latent space. For each image, we average token
cosine similarity over spatially local pairs and subtract the average over far pairs:

LDS = E(; jen[(2i, 25)] — B j)er[(2i, 25)]. @21

We follow the released LDS implementation of [Singh et al.| (2026; [2025)). Its local and far neigh-
borhoods are expressed in common image coordinates (approximately 24 and 96 pixels in our eval-
uation), so the comparison is not tied to a particular token-grid resolution. A high score means that
latent similarity decays meaningfully with spatial distance instead of collapsing to a nearly uniform
descriptor.

Spatial relative similarity score SRSS (higher is better). SRSS uses the ImageNet-S foreground
mask to test region-level organization. For each foreground anchor, it compares similarity to nearby
foreground tokens with similarity to distant background tokens:

SRSS = Eicra [Ejepi)(Zi25) — Eren) (i, 2x)] , (22)

where P (i) contains nearby foreground positives and B(7) contains spatially distant background
negatives, as defined by the ImageNet-S masks. We follow the released SRSS implementation of
Zhong et al.| (2026b); [Singh et al.|(2025). A high score indicates that foreground regions are locally
coherent while remaining distinguishable from background content.

Cross-view latent neighbor consistency XLNC* (higher is better). This is our multi-view ex-
tension of LNC. We first use the UFM-Refine dense correspondence model (Zhang et al., 2025) to
establish matches between two views. For every matched query token, we retrieve its nearest token
in the other view by latent cosine similarity and count the retrieval as correct when it falls within the
matched target neighborhood. We chance-normalize the resulting accuracy,

XLNC? = & Jchance (23)
1 — achance
where a is the measured retrieval accuracy. Thus, 0 denotes chance-level retrieval and 1 denotes
perfect correspondence. The main table evaluates view pairs with sufficient visual overlap. Unlike
LDS and SRSS, which characterize within-image organization, XLNC* directly measures whether a
latent retrieves the same scene content across changes in viewpoint.

C ADDITIONAL QUALITATIVE COMPARISONS

C.1 INDEPENDENT 3D CHECK

Figure 0 compares appearance-native, semantic-native, and geometry-native generated states on two
scenes. Alongside the generated views, an independent reconstruction pipeline recovers a point
cloud and camera trajectory from each output clip. This separates visual plausibility from whether
the generated frames jointly support a coherent 3D scene and camera path.

C.2 RGB COMPARISONS

Figures[I0]and[T]show all nine views for one RealEstate 10K scene and one DL3DV scene from the
shared 64-scene evaluation pools. The displayed PSNR is computed over the eight generated views
of that scene, not averaged across the dataset.
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Figure 9: Independent 3D check of generated views. The appearance-native WAN2.1 VAE,
semantic-native RAEV?2, and our geometry-native latent receive the same reference and camera
controls. The right-hand panels show point clouds and camera trajectories reconstructed from the
generated RGB clips by an independent geometry model VGGT.
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Figure 10: RealEstate10K comparison. All methods receive the same reference image and target
camera trajectory, and the eight remaining views are generated jointly.
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Figure 11: DL3DV comparison. All methods receive the same reference image and target camera
trajectory, and the eight remaining views are generated jointly.
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