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Fig. 1: Walking in the Implicit. NeuWorld rolls out a fixed-length Neural Implicit
Scene state and renders queried observations from it under camera control.

Abstract. Interactive video generation systems for camera-controlled
world exploration roll out growing sequences of latent video frames, en-
tangling state transition with high-frequency observation synthesis. We
propose Walking in the Implicit, a scene-centric paradigm that changes
the rollout variable from frame latents to a fixed-length, renderable im-
plicit state, termed Neural Implicit Scene (NIS). This factorizes interac-
tive generation into stochastic transition of a compact scene state and
deterministic pose-conditioned rendering given the sampled state. We in-
stantiate this paradigm as NeuWorld: a transformer VAE learns locally
anchored NIS from sparse posed frames, and a diffusion transformer
evolves NIS conditioned on future camera trajectories and geometry-
aware retrieved history. By reusing the VAE encoder as a unified condi-
tioner, NeuWorld maps camera, reference-image, and history cues into
the same NIS modality, avoiding external heterogeneous encoders. Trained
from scratch on public posed-view data without pretrained video back-
bones or auxiliary 3D reconstructors, NeuWorld achieves strong long-
horizon consistency with favorable inference efficiency.
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1 Introduction

A useful camera-controlled world model should let an agent move through a
scene, synthesize future observations along queried camera motions, and retain
consistency upon revisitation. Recent interactive systems build on powerful pre-
trained video diffusion backbones and steer them with actions or camera trajec-
tories [1,5,55,71]. These systems generate visually plausible videos, but directly
rolling out observations entangles state transition with high-frequency appear-
ance synthesis in a single process. This entanglement makes long-horizon consis-
tency increasingly difficult to maintain.

A natural route toward consistency is to introduce explicit 3D structure.
Handcrafted scene representations such as NeRF [42] and 3D Gaussian Splat-
ting [33] provide strong geometric inductive biases, and reconstruction-based
interactive systems repeatedly rebuild a 3D/4D representation to support revis-
itation [20,306,40,50]. This route is powerful, but metric reconstruction is heavier
than necessary for local camera-controlled exploration. A more direct abstrac-
tion is a compact, renderable scene state that lies between frame latents and
explicit reconstruction: it should preserve sufficient geometry for consistent view
synthesis while remaining suitable for generative latent transition.

Recent NVS models such as LVSM [31] and RayZer [30] offer such a candidate
by encoding sparse posed views into a fixed-length latent token set which can
support local novel view synthesis through a decoder. We refer to this renderable
token set as a Neural Implicit Scene (NIS). In this work, NIS is not used merely
as an NVS condition, but as the state variable of interaction. This leads to
Walking in the Implicit: instead of rolling out future frame latents, the model
rolls out a locally anchored NIS state that can be queried by camera poses. Each
interaction step is thereby factorized into generative transition in NIS space and
pose-conditioned rendering from the sampled state, as summarized in Figure 1.

We instantiate this formulation as NeuWorld, a camera-controlled explo-
ration system built around NIS. A transformer VAE (NIS-VAE) learns to encode
posed views into NIS states and decode queried target views, while a diffusion
transformer (NIS-DiT) samples the next local NIS state under camera control.
To align conditioning with the rollout variable, NeuWorld reuses the NIS encoder
as a unified conditioner: camera-only cues, camera-and-reference-image cues, and
retrieved history are all mapped into partial NIS or memory NIS tokens, rather
than handled by separate image, camera, or reconstruction encoders. The sam-
pled NIS is then rendered by the frozen decoder to produce future observations.

We validate NeuWorld on static-scene camera-controlled exploration, which
isolates the representation question of whether a compact scene state can sup-
port local re-anchoring, memory-conditioned rollout, and revisitation consis-
tency. Both NIS-VAE and NIS-DiT are trained from scratch on public posed-
view datasets, Rel0K [77] and DL3DV [39], without pretrained video foundation
models or auxiliary 3D reconstructors. Experiments on forward trajectory gener-
ation and cycle revisitation show strong long-horizon pose and revisit consistency
with favorable inference efficiency, and ablations confirm the roles of NIS rollout,
partial-NIS conditioning, anti-drift augmentation, and geometry-aware retrieval.
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Contributions. Our contributions are threefold. First, we propose Walking in the
Implicit, a scene-centric rollout formulation that replaces growing video-latent
trajectories with a fixed-length, renderable NIS state and decouples latent state
transition from pose-conditioned rendering. Second, we instantiate this formula-
tion as NeuWorld, where NIS-VAE provides a renderable latent scene interface
and NIS-DiT samples local NIS states under unified NIS-modality conditioning
from camera, reference-image, and history cues. Third, we validate this formula-
tion by training NeuWorld from scratch on public posed-view datasets, showing
favorable long-horizon consistency and inference efficiency.

2 Related Work

Latent Scene Representations for NVS. Novel view synthesis (NVS) has
long relied on scene representations that can render images under queried view-
points. NeRF [412] and its variants advance neural volumetric rendering in qual-
ity [6,7,57], speed [25,48,49], and generalization to sparse inputs [41,44,61].
Explicit structures like voxels [19,54], hash grids [43], point-based representa-
tions [18,63,75], and 3D Gaussian Splatting [33] trade off compactness for ren-
dering speed. Data-driven methods further learn generalizable NVS from posed
views [10,11,14,37,59,67,69]. Closest to our representation, SRT [53], LVSM [31],
and RayZer [30] encode sparse posed observations into a fixed-length latent to-
ken set and decode target views from these tokens, demonstrating that a com-
pact tokenized scene representation can be both renderable and Transformer-
compatible. Our work builds on this representational insight but changes its
role: rather than using latent scene tokens only for NVS, NeuWorld uses them
as a local rollout state that is transitioned under camera motion, conditioned on
generated history, and queried again under revisitation.

Camera-Controlled Video Generation. Camera control has become an im-
portant steering interface for video generation [8,13,66]. Existing methods inject
camera information into video generators through motion adapters [21,27], 6DoF
camera encoders [23,60], cross-video synchronization [34], trajectory-aware gen-
eration [3,65], or diffusion-transformer camera knowledge [2]. These methods
improve controllability by enabling a video model to synthesize a coherent clip
from a reference image or prompt under a specified camera trajectory. These
works provide the camera-conditioned generation foundation for visual world
simulation, where camera motion becomes the primary control signal.

Interactive and Consistent World Models. World models predict future
observations or states from past observations and actions [22,45,64]. Recent in-
teractive video generation systems extend camera or action signals into repeated
rollouts for world exploration [1,5, 15,24, 55, 71]. This setting requires efficient
iterative inference and consistency when the camera revisits previously observed
regions. Existing methods improve long-horizon behavior by distilling video gen-
eration backbones for faster rollout [12,28,68], using reconstruction or geometry
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modules to organize historical evidence [9, 20, 36,40, 50, 72], or retrieving rele-
vant past observations based on geometry or field-of-view overlap [62,70]. These
approaches provide important mechanisms for repeated visual generation, but
largely keep the rollout variable in the form of latent video frames. Our work
instead explores a different rollout variable: a compact, renderable implicit state
that can be transitioned under camera motion and queried again for observation
synthesis.

3 Method

We study camera-controlled interactive exploration in static scenes, where an
agent observes the current posed view, specifies a short future camera trajectory,
and synthesizes future observations that remain consistent over long rollouts and
revisitation. NeuWorld instantiates the Walking in the Implicit formulation by
representing the interaction state as a compact, fixed-length Neural Implicit
Scene (NIS): a locally anchored scene state that covers the upcoming trajectory
segment and is re-anchored as the agent moves. Each rollout step is factorized
into scene-state transition in NIS space and pose-conditioned rendering
from the sampled NIS. Concretely, we first train a transformer VAE (NIS-VAE)
to encode sparse posed context views into NIS tokens and render target views
(Section 3.2); we then freeze NIS-VAE and train a set-based diffusion transformer
(NIS-DiT) to sample future NIS states under camera and history conditions
(Section 3.3). At inference, geometry-aware retrieval is utilized to build highly
relevant history and reduce long-horizon drift (Section 3.4). The overall pipeline
is illustrated in Figure 2.

3.1 Problem Formulation

Each posed view is a pair (I, T), where I € RZXWx3 is an RGB image and T €
SE(3) is the camera pose. For NIS-VAE training, we use context views Ve, =
{(I,EZ;,TZ)I)}fil and target views Vi = {(It(;27T§;35)}§V:1 During interactive
inference at step k, the agent observes the current posed view Oy = (I, Tk)
and specifies a future camera segment 7}1(1]:) = {T;k) ]521. We take Ty as the
local coordinate origin, retrieve a small history set Hj from a memory bank
My, of past posed views, and use sparse poses from 7}1(1]? when constructing
encoder-based conditions.

Each rollout step is factorized into stochastic NIS state sampling and deter-
ministic pose-conditioned rendering. We first sample the next local scene state
2 = Gy (O, 7}51’?,’}-[@, where Gy is the diffusion sampling procedure parame-
terized by NIS-DiT. The frozen NIS decoder then renders future observations
under queried poses: fj(k) = Dy (Z(k),T§k)) , T;k) € ’7}1(1]:) Here z®) is a lo-
cally anchored, fixed-capacity NIS state for the upcoming trajectory segment.
This formulation keeps the rollout variable compact while exposing consistency
through rendering multiple queried views from the same sampled state.
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Fig. 2: Method overview. At an interaction step, the frozen NIS-VAE encoder maps
the current observation and a sparse future pose trajectory to a partial NIS condi-
tion Z,ef, which is injected by channel-wise concatenation with the noised latent z;.
Geometry-aware retrieval selects a history set H and encodes it as memory NIS tokens
Zmem, Which are appended by token-wise concatenation. NIS-DiT samples the next lo-
cal NIS state zo, and the frozen decoder renders future views under the corresponding
future poses.

3.2 NIS-VAE: Learning Renderable Scene States

Architecture. NIS-VAE follows the encoder-decoder paradigm of LVSM-style
latent scene models, with both encoder and decoder implemented as transformer
stacks. Given context views V..., we convert each camera pose into a pixel-wise
Pliicker ray embedding [47] and concatenate it with RGB channels. The result-
ing image-ray fields are patchified into tokens and processed by a transformer
encoder together with L learnable query tokens. The output query tokens pa-
rameterize a diagonal Gaussian posterior, from which we sample the NIS latent
by reparameterization:

zZ = |+ oe, e~N(0,1), zecRMXP,

The latent z is a fixed-length token set, independent of the number of target
frames to be rendered. We denote the encoder mapping as z = E(Very).

Given NIS z and a target pose T, the decoder predicts I= Dy(z,T) by at-
tending target ray tokens to the NIS tokens and decoding RGB patches. Follow-
ing common image-level autoencoder training [17,29,32,51], we train NIS-VAE
with reconstruction, perceptual, adversarial, and KL regularization losses:

Lvag = Lyvse +MLpercep + XoLaan + A3Lkr. (1)
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NIS encoder as a unified conditioner. Beyond encoding full context views
into renderable scene states, the frozen NIS encoder also provides a common
interface for constructing conditions in the same modality as the rollout state.
For pose-only conditioning, we sample sparse poses Tsparse = {T(i)}i]‘i1 along
the future trajectory and zero all RGB images:

Zpose = £({(0. D)},

For pose+reference conditioning, we keep one reference image I* at index r and
zero the remaining images:

Fror = g({(i(i)7T(i))}i1\il) 7 F) — {I , %— T

0, i#r.
Retrieved history frames are encoded in the same way as memory NIS tokens,
Zmem = E(H). Thus, camera-only cues, camera-and-reference-image cues, and
history cues are all represented as NIS tokens before being consumed by NIS-
DiT. Fig. 4 and additional visual results in Appendix A.1 provide evidence that
such partial NIS inputs remain non-collapsing and retain useful camera-aligned
structure.

3.3 NIS-DiT: Conditional Latent Dynamics

Set-based diffusion transformer. We model latent state evolution with a
diffusion transformer (DiT) [46] operating directly on NIS token sets. Since NIS
tokens are not tied to a raster grid, temporal order, or explicit 3D grid, we omit
spatial and temporal positional encodings in the denoiser and let self-attention
operate on the token set [56]. The learned query slots of NIS-VAE provide a
shared canonical interface across clean, noised, and partial NIS latents, mak-
ing slot-wise conditioning well defined. We use a U-shaped transformer back-
bone [4,52] with long skip connections, AdaLN-style timestep modulation [46],
RMSNorm [74], and @, K normalization [16].

Denoising with NIS conditions. NIS-DiT samples the next local NIS state
conditioned on partial NIS and optional memory NIS tokens produced by the
frozen encoder. Since Zpose, Zref, and the denoising target share the same token
shape, we inject partial NIS by channel-wise concatenation:

Zin = COHC&t(Zt, ipartial) ) ipartial S {Zpose; Zref}- (2)

The concatenated tokens are projected to the DiT hidden width by a linear input
projection. Memory NIS tokens z,q, are appended by token-wise concatenation,
allowing the denoiser to attend to retrieved history as latent evidence for state
sampling. In this way, all conditioning signals are consumed in the NIS modality
rather than through separate image, camera, or reconstruction encoders.
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Flow-matching objective. We obtain clean target latents zg by encoding
the corresponding ground-truth posed views with the frozen NIS-VAE encoder.
Given z(, we sample ¢ ~ p(t) and noise € ~ N (0, I), construct z; = tzo+ (1 —1t)e,
and train NIS-DiT to predict the velocity v* = zg — €. The DiT predicts v =
fo(z,t,c), and we optimize

Loir =E[v = v*[3]. 3)

Here ¢ denotes the NIS-condition bundle, including partial NIS and optional
memory NIS tokens. We drop all conditions with 10% probability to enable
classifier-free guidance (CFG) [20].

Training curriculum. We train NIS-DiT with a weak-to-strong curriculum
to stabilize from-scratch learning and avoid early shortcut copying from strong
appearance conditions. The model first learns an NIS prior with pose-only par-
tial NIS, then incorporates pose+reference partial NIS to align sampled states
with the current observation, and finally adds memory NIS for history-aware
interactive generation. During the later stages, we randomly fall back to weaker
conditions to preserve the pose-conditioned NIS prior and maintain cold-start ro-
bustness when retrieved history is limited. The detailed motivation, stage sched-
ule, and fallback probabilities are provided in our appendix.

3.4 Geometry-Consistent Long-Horizon Interaction

Anti-drift condition augmentation. The key train-test gap in long-horizon
interaction is history-quality mismatch: training history comes from ground
truth, while inference history is generated and may contain blur, aliasing, or
local drift. During Stage-3 training, we stochastically degrade history images us-
ing Gaussian blur, downsample-then-upsample, or VAE-reconstruction replace-
ment. After encoding conditions, we further inject latent condition noise: Z¢ong =
Zcond + 77, where . ~ AN(0,I) and Zonq denotes the conditioning latents
before noise injection, including partial NIS conditions and, when available,
memory latents. v is the augmentation strength sampled from a scaled Beta
distribution. During training, we condition DiT on 7 via AdaLN-like mod-
ulation so that it adapts to imperfect conditions across noise levels. At in-
ference, we use the same noise-level conditioning interface and ramp ~ with
interaction step k to account for increasingly noisy generated history: vy, =

: k
Ymin + mln(Ki

7
ramp

upper augmentation bounds, and Kyamp is the ramp length.

1) (Ymaz — Ymin), Where Ymin and Ymq, are the lower and

Hybrid geometry-aware memory retrieval. To provide relevant history for
long-horizon rollout, we maintain a memory bank of past generated frames and
their camera poses, M = {(Ii,Ti)}f\Q}fl, at interaction step k and retrieve a

small history set Hj; for memory conditioning. Following common practice in
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retrieval-based interactive generation, we combine two types of evidence: recent
frames for local temporal continuity and globally retrieved frames for geometric
recall. The global retrieval score considers pose distance, estimated field-of-view
overlap with the upcoming trajectory, and a weak recency prior. Instead of query-
ing only the endpoint pose, we score candidate history frames against a sparse
set of poses sampled from the future trajectory segment. The selected global
frames are filtered with a pose-space diversity constraint and then merged with
recent frames to form Hy. The retrieved history is encoded by the frozen NIS en-
coder as memory NIS tokens, zyem = E(Hi), which are used as latent evidence
for history-conditioned denoising. For detailed scoring functions and retrieval
hyperparameters please refer to the appendix.

4 Experiments

We evaluate NeuWorld on static-scene interactive exploration under camera con-
trol, focusing on long-horizon geometric consistency. Experiments are conducted
on RelOK and DL3DV-10K. This section summarizes datasets, training details,
inference-time settings, and evaluation protocols used throughout the paper.

4.1 Experimental Setup

Implementation details. We train our main models (NIS-VAE and NIS-DiT)
from scratch on posed multi-view data from RelOK [77] and DL3DV-10K [39],
and evaluate interactive exploration on both test splits. All images are center-
cropped and resized to 256 x 256. We use a fixed-length NIS with L=1024 to-
kens and D=64 channels; Stage 1/2 use 8 context views and Stage 3 uses 15
to expose both history and a future trajectory segment. Training uses 16 A100
GPUs for roughly one week in total, without relying on pretrained video genera-
tion backbones or auxiliary 3D reconstruction modules. Unless otherwise stated,
we sample NIS-DiT with 50 steps and CFG scale s=4.0. Most compared base-
lines inherit pretrained image/video generation priors or auxiliary reconstruction
modules, whereas NeuWorld is trained from scratch on the same public posed-
view datasets. We therefore report both accuracy and runtime to contextualize
the accuracy—efficiency trade-off under this different training regime.

Evaluation. We evaluate NeuWorld under two camera-controlled protocols
and report PSNR, SSIM, LPIPS, FID, and pose errors (Rgist and Tgist) com-
puted from generated-frame pose estimates. Rgjs; denotes the rotation distance
in degrees and Tyijst denotes the normalized translation distance. For forward
generation and return-path quality, they are computed between estimated and
ground-truth camera trajectories expressed relative to the first frame. For revisit
self-consistency, they are computed between the estimated return trajectory and
the paired forward trajectory. Since these errors are obtained from an external
pose estimator, they should be interpreted as pose-consistency proxies rather
than direct camera-control errors; we therefore report them alongside image
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Dataset: Rel0K

Short-term (50" frame) Long-term (200" frame)
LPIPS | PSNR 1 SSIM 1 FID | Ruaist | Taist L‘LPIPS J} PSNR 1 SSIM 1 FID | Ruaist 4 Taist 4
SEVA [76] 0.566 11.80 0.343 52.25 0.110 0.262 | 0.666 10.34 0.293 79.56 0.210 0.295
ViewCrafter [73] 0.664 9.91 0.195 54.60 0.173 0.605| 0.697 9.47 0.160 96.13 0.226 0.609
Gen3C [50] 0.667 10.71 0.273  76.88 0.203 0.429 | 0.672 10.61 0.278 131.88 0.226 0.443
VMem [36] 0.547 12.57 0.374 55.49 0.102 0.326 | 0.669 10.64 0.329 64.06 0.172 0.364
Matrix-Game 2.0 [24]  0.636 9.56 0.202  86.69 0.334 0.358 | 0.717 7.76 0.148 114.24 0.567 0.432
NeuWorld 0.431 15.11 0.476 34.55 0.026 0.098| 0.665 10.12 0.308 54.08 0.083 0.141

Dataset: DL3DV

Short-term (20" frame) Long-term (80" frame)
LPIPS | PSNR 1 SSIM 1 FID | Ruaist | Taist J,‘LPIPS J PSNR 1 SSIM 1 FID | Ruaist 4 Taist 4
SEVA [76] 0.607 11.86 0.254 74.68 0.401 0.420 | 0.645 11.34 0.245 91.41 0.647 0.488
ViewCrafter [73] 0.657 11.69 0.235 69.93 0.408 0.645| 0.701 10.94 0.230 110.60 0.536 0.669
Gen3C [50] 0.548 13.00 0.267 88.99 0.150 0.627 | 0.598 11.91  0.262 187.72 0.182 0.640
VMem [36] 0.674 11.63 0.287 78.09 0.489 0.646 | 0.697 11.45 0.291 110.81 0.717 0.697
Matrix-Game 2.0 [24]  0.672 9.50 0.160 98.09 0.349 0.378 | 0.725 8.22 0.127 100.76 0.742 0.432
NeuWorld 0.580 13.48 0.353 69.31 0.178 0.217| 0.656 11.66 0.281 96.19 0.376 0.274

Table 1: Short-/long-term forward trajectory generation on RelOK and
DL3DV. Each subtable reports mean metrics on 100 test trajectories, evaluated at
the 50" /200*" frames on Rel0K and the 20" /80" frames on DL3DV. We mark the
best, second-best, and third-best results in each column.

metrics instead of using them in isolation. Forward trajectory generation
(short/long horizon): starting from the first frame, we autoregressively syn-
thesize novel views along the ground-truth (GT) camera trajectory. We subsam-
ple trajectories with a 10-frame interval and evaluate at the 50 /200" frames
on Rel0K and the 20" /80" frames on DL3DV by comparing generated frames
against the corresponding GT frames. Cycle revisitation: the camera moves
from the start pose to the end pose and then returns along the same path. We
report return-path quality (vs. GT when available) and revisit self-consistency
by comparing each return frame to its paired frame from the forward pass (start
— end), along with ART, the average runtime per forward-and-return trajectory.

4.2 Main Results

We report quantitative comparisons under short-/long-term forward generation
and cycle-trajectory revisitation, averaged over 100 randomly sampled long tra-
jectories from each dataset’s test split. We emphasize long-horizon pose drift,
revisitation self-consistency, and runtime because they are particularly diagnos-
tic for camera-controlled interactive exploration. For the cycle setting, runtime
is measured by the same evaluation runner and hardware for all methods. We
compare against representative interactive world models and camera-controlled
baselines, including VMem [36], SEVA [76], Gen3C [50], ViewCrafter [73], and
Matrix-Game 2.0 [24].

Forward trajectory generation. Table 1 shows that NeuWorld achieves
strong camera-controlled novel view generation with low pose drift over long
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Fig. 3: Qualitative comparison. We compare NeuWorld with representative base-
lines under the same camera-controlled trajectories. Compared with video-latent and
reconstruction-based baselines, NeuWorld better preserves scene geometry and appear-
ance consistency under both short-horizon and long-horizon rollout checkpoints.

rollouts. On Rel0K, NeuWorld is best across all metrics at the 50" frame and
achieves the lowest pose errors at the 200" frame (Raist=0.083, Tyist=0.141) to-
gether with the best LPIPS/FID, while remaining competitive on PSNR/SSIM.
On DL3DV, NeuWorld ranks within the top two on five of six short-term metrics.
Under the more challenging 80th-frame setting, it remains competitive, ranking
within the top group on most metrics and achieving the best long-horizon trans-
lation consistency (Tgiss=0.274). The visual comparison in Fig. 3 is consistent
with these quantitative trends.

Cycle revisitation. Cycle revisitation is particularly diagnostic for interactive
exploration, because it tests whether the model can return to previously visited
regions without relying on a growing frame buffer or explicit reconstruction.
On RelOK, NeuWorld achieves the best revisit self-consistency in LPIPS/SSIM
(0.208/0.692) and the lowest return-path translation error (Tg;st=0.382), while
remaining competitive on return-path image quality. Crucially, NeuWorld is also
efficient at inference time: 3.24 minutes per forward-and-return trajectory, about
14x faster than VMem and Gen3C (47.62 minutes each) on the RelOK cy-
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Dataset: Rel0K

Return (vs. GT) Revisit self-consistency Runtime
LPIPS | PSNR 1 SSIM 1 Raist J Taist i‘LPIPS L PSNR 1 SSIM 1 Raist | Taist L‘ART (min) |
SEVA [76] 0.565 12.27 0.352  0.255 0.405| 0.354 17.99 0.553  0.212 0.484 ‘ 7.75
ViewCrafter [73] 0.668 9.91 0.175 0.324 0.488 | 0.540 11.69 0.276  0.254 0.616 5.65
Gen3C [50] 0.611 11.61 0.290 0.378 0.411| 0.332 19.13 0.620 0.115 0.444 47.62
VMem [36] 0.599 12.12 0.360 0.155 0.411| 0.242 24.02 0.674 0.185 0.529 47.62
Matrix-Game 2.0 [24]  0.730 6.72 0.092  0.594 0.424| 0.575 12.41 0.298 0.570 0.668 1.33
NeuWorld 0.565 12.21 0.373 0.165 0.382| 0.208 19.30 0.692 0.128 0.466 3.24
Dataset: DL3DV
Return (vs. GT) Revisit self-consistency Runtime
LPIPS | PSNR 1 SSIM 1 Raist 4 Taist l‘LPIPS L PSNR 1 SSIM 1 Raist | Taist J,‘ART (min) |
SEVA [76] 0.583 12.82  0.286 0.848 0.534 | 0.480 14.28  0.349  0.732 0.568 ‘ 11.71
ViewCrafter [73] 0.655 11.66  0.234 0.841 0.580 | 0.514 1476 0.365 0.464 0.586 1.62
Gen3C [50] 0.479 14.41 0.362 0.938 0.601| 0.267 21.69 0.701 0.094 0.427 13.61
VMem [36] 0.645 12.65  0.312 0.582 0.555| 0.304 24.43  0.648 0.613 0.431 14.17
Matrix-Game 2.0 [24]  0.730 7.58 0.096  0.910 0.562 | 0.609 11.84  0.255 0.894 0.629 0.73
NeuWorld 0.638 12.12 0.313 0.410 0.507| 0.335 21.71 0.620 0.241 0.315 1.14

Table 2: Cycle-trajectory revisitation on Rel0K and DL3DV. Models generate
frames from the start pose to the end pose and then return along the same path.
Each subtable reports return-path quality, revisit self-consistency, and ART (average
runtime per forward-and-return trajectory, minutes). We mark the best, second-best,

and third-best results in each column.

cle protocol under the same evaluation runner. The only faster baseline in our
benchmark is Matrix-Game 2.0, which uses a distilled few-step diffusion model.
On DL3DV, NeuWorld achieves the best return-path pose errors (Rqis;=0.410,
Taist=0.507) and the best revisit translation consistency (Tuist=0.315), while be-
ing the second fastest overall (1.14 minutes per forward-and-return trajectory),
yielding a favorable accuracy-latency trade-off for interactive exploration.

4.3 Ablation Studies

We present five targeted ablations to isolate the roles of (i) decodable geometry
in frozen NIS, (ii) the latent representation, (iii) the NIS capacity, (iv) the unified
conditioning interface together with anti-drift augmentation, and (v) the memory
retrieval strategy.

Ablation 1: Geometry probing in frozen NIS. We first test whether NIS
tokens encode geometry beyond appearance reconstruction by freezing the NIS-
VAE encoder, adding a decoder depth head, and fine-tuning only this head
with Depth-Anything-3 [38] distillation. We backproject the rendered depths
into point clouds to visualize geometry decodable from full and pose+reference
partial NIS. As shown in Fig. 4, full NIS decodes into a meaningful 3D layout,
and pose+reference partial NIS still preserves a coherent geometric scaffold when
most appearance observations are removed. This supports partial NIS as a non-
collapsing geometric condition for NIS-DiT.
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Fig.4: Ablation on geometry decodable from frozen NIS. We freeze the NIS-
VAE encoder, train only a decoder depth head by distilling Depth-Anything-3 [38],
and backproject rendered depths into point clouds. Both full NIS and pose-+reference
partial NIS retain a coherent geometric scaffold, supporting partial NIS as a geometry-
preserving condition. Please zoom-in for details.

Method FVD | R (deg) | Tuist {|Prior Time (h) |
Video baseline (latent frames) 88.03 4.20 0.141 78.0
NeuWorld (NIS latent) 86.20 3.26 0.157 17.2

Table 3: Stage-1 prior-only ablation on latent representation. This controlled
proxy compares latent-prior learning efficiency rather than full system-level perfor-
mance. We report FVD, VGGT-based pose proxies (Raist/Taist) [58], and 50k-step
prior training time.

Ablation 2: Latent representation (NIS vs. latent video frames). We
ablate the latent representation in Stage 1 camera-controlled generation by com-
paring our NIS latents against conventional latent video frames while keeping
the prior architecture and explicit camera-trajectory conditioning fixed. We use
the pretrained video VAE from [(6], train the latent-frame DiT from scratch
with PRoPE camera conditioning [35], and train both priors for 50k steps on
8x A100 with total batch size 128. We evaluate pure Stage-1 prior sampling on
RelOK, using 8 context views for NeuWorld and 29 video-baseline context views
compressed by the video VAE into 8 latent frames. We report FVD and VGGT-
based camera controllability proxies [58], Rgist (degrees) and Tyis;. The reported
training time measures only the Stage 1 latent-prior training to 50k steps under
this controlled setup, excluding representation autoencoder pretraining. Table 3
summarizes the comparison. Under aligned conditions, NIS improves video qual-
ity (FVD 86.20 vs. 88.03) and rotation trajectory error (Raist 3.26° vs. 4.20°),
with a small regression in translation error (Tgist 0.157 vs. 0.141). The latent-
frame prior is also substantially slower to train: reaching 50k steps takes ~78.0
hours versus 17.2 hours for NIS, suggesting that the set-based NIS prior is more
compute-efficient for camera-controlled generation.

Ablation 3: NIS capacity (tokens L and channels D). We study how
NIS capacity affects view synthesis by varying token length L with D=64 and
channel width D with L=1024, while keeping the rest of the recipe fixed. We
report PSNR/SSIM/LPIPS on Rel0OK. Results are reported in Table 4. As shown
in Table 4, NVS quality improves steadily as we increase the number of NIS
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L PSNR 1 SSIMt LPIPS | D PSNR {1 SSIM+ LPIPS |

512 25.896 0.832 0.179 32 26.245 0.839 0.170

1024  26.590 0.844 0.165 64  26.590 0.844 0.165

2048  27.801 0.858 0.154 128 26.721 0.845 0.163

3072 28.352 0.862 0.148 256  26.822 0.846 0.162
(a) Token length L (D=64). (b) Channel width D (L=1024).

Table 4: Ablation on NIS capacity. We vary token length L and channel width D.

Short-term Long-term
Settings LPIPS | Raist | Taist +|LPIPS | Raise | Taise 4
Alternative ref.4+traj. cond. 0.433 0.095 0.150 0.663 0.144 0.203
w/o anti-drift aug. 0.455 0.116 0.205 0.720 0.495 0.680
Full 0.422 0.030 0.114| 0.671 0.109 0.153

Table 5: Ablation on unified conditioning and anti-drift augmentation (for-
ward trajectory, Rel10K). The alternative conditioning injects DINOv2 reference-image
tokens and lightweight camera-encoder tokens through cross-attention instead of partial
NIS. Unified partial-NIS conditioning mainly improves pose consistency, while remov-
ing anti-drift augmentation substantially hurts long-horizon robustness.

tokens L. In contrast, increasing the channel width D yields only marginal gains
(PSNR 26.25—26.82 from D=32 to 256 at fixed L=1024). We therefore use
L=1024 and D=64 as a compute—quality trade-off that preserves interactive
efficiency and stable from-scratch diffusion-prior training.

Ablation 4: Unified conditioning and anti-drift augmentation. This ab-
lation isolates the conditioning interface and rollout robustness while keeping
the NIS representation fixed. We evaluate two RelOK forward-trajectory vari-
ants (Table 5): a heterogeneous conditioning design and a model without anti-
drift condition augmentation (Section 3.4). Replacing unified conditioning with
cross-attention degrades pose consistency, e.g., short-term Rgis¢ 0.030—0.095 and
long-term Rgist/Taist 0.109/0.153—0.144/0.203, showing that mapping camera
and reference cues into NIS provides a stronger geometric scaffold. Removing
anti-drift augmentation has little short-horizon effect but sharply degrades long-
horizon rollout (Tyist 0.153—0.680), indicating its importance for imperfect gen-
erated history.

Ablation 5: Memory retrieval strategy. Finally, we ablate the hybrid
geometry-aware retrieval (Section 3.4) used to form the revisitation history
set, keeping memory size and rollout settings fixed. We compare recent-only,
camera-distance-only, FoV-overlap-only, and the full hybrid score on Rel0K cy-
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Return vs. GT Revisit self-consistency
Settings LPIPS | Raist 4 Taist 4| LPIPS | Raist 4 Taist 4
Recent only 0.755 0.940 0.619 0.709 0.886 0.630
Cam. dist. only| 0.572 0.148 0.382 0.327 0.260 0.412
FoV only 0.562 0.151 0.379 0.335 0.251  0.370
Full 0.553 0.145 0.379| 0.302 0.212 0.361

Table 6: Ablation on memory retrieval strategy (cycle revisitation, Re10K),
which mainly influences the return path. Performance on the return path drops signif-
icantly when geometry-aware retrieval is replaced by recent-only history. The hybrid
geometry-aware retrieval, considering both FoV overlap and camera distance, achieves
the best performance under the controlled ablation setting.

cle trajectories. Table 6 reports return-path quality and revisit self-consistency.
Recent-only retrieval fails badly on the return path (Rgist 0.940, return LPIPS
0.755), since temporal neighbors carry little information about a revisited region.
Either geometric signal alone (camera distance or FoV overlap) recovers most
of the performance, and the full hybrid score is best across all reported metrics,
confirming that pose and FoV cues are complementary for loop-closure recall.

5 Conclusion

We presented NeuWorld, an instantiation of the Walking in the Implicit formu-
lation for camera-controlled interactive exploration. NeuWorld represents each
rollout state as a fixed-length, locally anchored Neural Implicit Scene (NIS)
and renders queried observations from this state with a frozen decoder, thereby
separating latent scene-state sampling from high-frequency observation synthe-
sis. This scene-centric design also provides a unified NIS modality for camera,
reference-image, and history conditions. Experiments on Rel0OK and DL3DV
show strong long-horizon pose and revisit consistency, a favorable accuracy—
latency trade-off under cycle revisitation, and robustness without relying on
pretrained video foundation models or auxiliary 3D reconstructors. Ablations
further confirm the complementary roles of NIS rollout, partial-NIS condition-
ing, anti-drift augmentation, and geometry-aware retrieval. Together, these re-
sults suggest that compact renderable scene states offer an effective alternative
to frame-latent rollout for camera-controlled exploration.

Future directions. Our evaluation is deliberately scoped to static scenes under
camera, control, isolating the representation question from the complexities of
object dynamics. The current NIS state is local and bounded: it is anchored
at the current reference frame and re-anchored as the agent moves, covering a
trajectory segment rather than maintaining a persistent global map. Extending
this local-state formulation to dynamic environments, richer action spaces, and
larger-scale scene-state composition is a promising direction for future work.
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