Captain Safari: A World Engine
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Figure 1. Captain Safari is a pose-aware world engine that generates long-horizon, 3D-consistent FPV videos from any user-specified
camera trajectory. By retrieving pose-aligned world memory, it keeps geometry stable across large viewpoint changes and reconstructs
crisp, well-formed structures while faithfully tracking aggressive 6-DoF motion.

Abstract

World engines aim to synthesize long, 3D-consistent videos
that support interactive exploration of a scene under user-
controlled camera motion. However, existing systems strug-
gle under aggressive 6-DoF trajectories and complex out-
door layouts: they lose long-range geometric coherence,
deviate from the target path, or collapse into overly con-
servative motion. To this end, we introduce Captain Safari,
a pose-conditioned world engine that generates videos by
retrieving from a persistent world memory. Given a camera
path, our method maintains a dynamic local memory and
uses a retriever to fetch pose-aligned world tokens, which
then condition video generation along the trajectory. This
design enables the model to maintain stable 3D structure
while accurately executing challenging camera maneuvers.

To evaluate this setting, we curate OpenSafari, a
new in-the-wild FPV dataset containing high-dynamic
drone videos with verified camera trajectories, constructed
through a multi-stage geometric and kinematic validation
pipeline. Across video quality, 3D consistency, and tra-
Jjectory following, Captain Safari substantially outperforms

state-of-the-art camera-controlled generators. It reduces
MEt3R from 0.3703 to 0.3690, improves AUC@30 from
0.181 to 0.200, and yields substantially lower FVD than
all camera-controlled baselines. More importantly, in a 50-
participant, 5-way human study where annotators select the
best result among five anonymized models, 67.6% of prefer-
ences favor our method across all axes. Our results demon-
strate that pose-conditioned world memory is a powerful
mechanism for long-horizon, controllable video generation
and provide OpenSafari as a challenging new benchmark
Sor future world-engine research.

1. Introduction

Simulating coherent 3D worlds through controllable video
generation has long been a foundational challenge for aug-
mented reality, embodied Al, and virtual agents [8—10, 13—
16, 19, 20, 23, 26, 29, 40, 43-45, 50, 51, 57]. Classi-
cal game engines and physics simulators offer explicit ge-
ometry and precise control, but require heavy manual au-
thoring and expensive computation [7, 28, 32]. More-
over, while they may achieve visual realism in special-



ized domains, they still fall short in capturing the richness
and diversity characteristic of real world, such as natural
scenes [27, 35, 58]. In contrast, modern video diffusion
models synthesize high-fidelity, diverse videos from text or
images, yet typically operate as feed-forward clip genera-
tors without persistent world state: they struggle with long-
range 3D consistency, complex trajectory following, and
faithful reconstruction of diverse scenes [18, 24]. In this
work, we move toward bridging this gap with Captain Sa-
fari, aworld engine that enables pose-conditioned modeling
of 3D-consistent and diverse environments, surpassing the
limitations of traditional game engines in terms of general-
ity, diversity, and interactivity.

Contemporary video world models face three inter-
twined challenges. First, long-horizon consistency is lim-
ited by the temporal window of context frames; models
often “forget” distant scenery or violate spatial coherence,
leading to abrupt appearance changes that break the real-
ism and continuity of the generated environment [8, 14,
45]. Second, achieving complex camera maneuvers un-
der strict 3D consistency remains difficult: existing pose-
or trajectory-conditioned methods typically work well only
for slow, near-forward motions [16, 34, 49]. When the path
involves fast 6-DoF movement, strong parallax, or sharp
turns, models exhibit a trade-off—either dampening motion
and restricting viewpoint changes to preserve geometry, or
committing to the requested path at the cost of distortions,
flicker, and structural drift. Third, current approaches un-
derrepresent complex outdoor layouts. Much of the works
focuses on structured, constrained settings (e.g., indoor
tours, driving scenes, or real-estate videos), and models are
seldom stress-tested in in-the-wild FPV scenarios where the
camera weaves around buildings, vegetation, and varied ter-
rain with substantial parallax [6, 22, 59, 60]. As a result,
methods that look competitive in simplified environments
often fail to preserve geometry and appearance when con-
fronted with truly diverse, complex outdoor scenes.

To address these issues, we introduce Captain Safari, a
pose-aware world engine that explicitly maintains a persis-
tent notion of world state to uphold long-horizon 3D con-
sistency across strong parallax. Because storing and propa-
gating a full long-term state is computationally prohibitive,
we develop a retrieval mechanism that selects and aggre-
gates only the most informative scene cues, thereby provid-
ing strong geometric guidance without incurring prohibitive
cost. Crucially, this retrieval is pose-aware: given the tar-
get camera pose, it assembles a pose-aligned world prior
that steers the generation process, enabling accurate track-
ing of aggressive camera maneuvers while preserving 3D-
consistent structure in complex environments.

Furthermore, to close the gap in complex outdoor lay-
outs and aggressive camera motion, we curate OpenSafari,
a large-scale dataset of high-dynamic FPV drone videos

with verified camera poses. Much of the literature targets
structured, constrained settings (e.g., indoor tours, driving
or real-estate videos), and even outdoor datasets typically
feature slow, near-forward motion. In contrast, OpenSa-
fari comprises in-the-wild FPV flights that weave around
buildings and vegetation across uneven terrain, exhibiting
large parallax, rapid 6-DoF maneuvers, and sharp viewpoint
changes. Paired with verified camera trajectories, these
videos present diverse, cluttered outdoor scenes and long-
range motion, challenging models to maintain 3D consis-
tency while faithfully tracking complex maneuvers.

We evaluate Captain Safari along three axes: video qual-
ity, 3D consistency, and trajectory following. Across these
criteria, our method consistently outperforms contemporary
camera-controlled video generators on OpenSafari: Table 1
reports clear gains in 3D consistency and accurate track-
ing under complex maneuvers, while maintaining strong
perceptual quality. Importantly, a large-scale human study
(Table 2) shows that Captain Safari receives 67% of votes
in five-way comparisons, indicating that the improvements
are perceptually salient. Qualitative comparisons (Fig. 4
and Fig. 5) further demonstrate stable geometry under long-
range path and faithful adherence to sharp 6-DoF camera
turns in cluttered outdoor scenes.

In summary, our contributions are:

1. We present Captain Safari, the first camera-controlled
video generation method to enforce long-horizon 3D
consistency while tracking aggressive FPV maneuvers.

2. We propose a pose-guided, long-horizon retrieval that
efficiently reconciles strict 3D consistency with accurate
tracking of complex maneuvers.

3. We curate OpenSafari, a large-scale in-the-wild FPV
dataset with verified camera poses, featuring diverse,
cluttered outdoor scenes and rapid 6-DoF motion that
stress-test geometry-consistent camera control.

4. In OpenSafari, our pose-aware retrieval notably im-
proves video quality, 3D consistency, and trajectory
alignment, also achieving a 67 % human preference rate.

2. Related Work
2.1. 3D-Consistent World Models

Early image-to-3D approaches reconstruct geometry indi-
rectly via multi-view consistency or implicit fields, but of-
ten fail to maintain coherent structure across large view
changes [13, 21, 43, 50]. Recent efforts integrate 3D rea-
soning into the generative process. DiffusionGS [5] in-
jects Gaussian Splatting into the diffusion denoiser, enforc-
ing view consistency and enabling single-stage, scalable
3D generation. GenEx [23] and EvoWorld [40] extends
this idea from static reconstruction to dynamic world cre-
ation, generating explorable 360° panoramic environments
grounded in physical priors. Complementary to these gener-
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Figure 2. Method overview. Captain Safari builds a local world memory and, given a query camera pose, retrieves pose-aligned tokens
that summarize the scene. These tokens then condition video generation along the user-specified trajectory, preserving a stable 3D layout.

ative reconstructions, Geometry Forcing [44] and Memory
Forcing [14] explicitly couple training signals with geomet-
ric supervision and spatio-temporal memory, ensuring con-
sistency during long rollouts. Meanwhile, open-world mod-
els such as Wonderland [20], WonderWorld [51], Wonder-
Turbo [26], and EvoWorld [40] further integrate geometry-
indexed or adaptive memories to maintain persistent world
states across interactions. However, these approaches still
use implicit, clip-bound memories, whereas we introduce
an explicit pose-indexed world memory retrieved on de-
mand for camera-controlled generation.

2.2. Camera Controlled Video Generation

Early T2V/I2V models learned camera motion implicitly
and struggle to reliably repeat explicit trajectories [11, 42,
61]. Recent work such as CameraCtrl [ 10] treats camera pa-
rameters as explicit conditions, encoding camera extrinsics
and trajectories or enforcing path constraints—to improve
controllability and accuracy [2, 25, 41, 47, 55]. Motion-
Prompting [9] implement compositional control by point-
track conditioning and MotionPro [56] use path-alignment
losses that lower rotational and translational error; training-
free control is also achieved by fitting a lightweight point-
cloud and using a noise-layout prior to steer denoising [11].
Scene-preserving geometric priors further strengthen clip-
level consistency. Cami2V[57] treats camera pose as a
physical prior and exploits epipolar and multiview con-
straints; RealCam-12V [19] recovers metric depth with
DepthAnything v2 [48] to reconstruct a scale-stable scene;
PoseTraj[16] employs pose-aware pretraining to obtain
rotation-aligned motion. Compared with parameter-only

conditioning, these priors reduce within-clip layout drift
and better preserve local geometry under view changes.
Further, recent work links camera control with world mod-
eling. CVD [17], Cavia [46], and WoVoGen [22] jointly
synthesize multi-view and multi-trajectory videos from a
shared scene representation, enforcing cross-path consis-
tency. Meanwhile, methods that conditioning from ex-
plicit renderable 3D representations (e.g., 3D Gaussians)
can anchor geometry, improve cross-view 3D consistency
and path adherence [15, 29, 33, 52, 53]. However, these
approaches typically build one-off 3D scenes, whereas we
unify long-horizon camera control with a persistent pose-
indexed world memory shared across trajectories.

3. Captain Safari

We introduce Captain Safari, a memory-guided video gen-
eration framework. Sec. 3.1 presents an implicit world
memory for stable scene representation, while Sec. 3.2 de-
scribes a pose-conditioned retrieval system that maps cam-
era views to world tokens, guiding a DiT-based generator
for coherent outputs along arbitrary trajectories.

3.1. Implicit Memory of World Geometry

Problem setup. We represent a video as V = {I,}1,
where I, is the frame at time step ¢. On the same time axis
we define camera poses C = {(R;,T;)}._, and obtain a
3D-aware memory feature m; at each time step ¢ using a
pretrained geometry encoder. All memory features form a
global memory bank M = {m;}L_.

Given a text prompt p, the camera poses C, and a target
clip time step 7 = [to, 1], together with its associated lo-



cal world memory M,..; C M, our goal is to synthesize a
video segment VT that (i) aligns with p, (ii) respects the pre-
scribed poses {(R¢, Tt) }+e7, and (iii) maintains a coherent
3D world across viewpoints.

Local world memory. Directly conditioning on the full
memory bank M for every clip would be computationally
expensive and dominated by temporally distant observa-
tions. Instead, for each target clip time step 7 = [to, t1]
we define a local memory Miocat = {m, | 7 € [ks, ke]}
whose endpoints are sampled under

to — L < ks < to,
max(ks, to)+1 < k. < min(ks+L, #1),

(D

where L is a fixed bound and all time steps are integers.
These constraints enforce that: (i) the memory window
starts at most L seconds before the clip entrance ¢y, ty-
ing it to nearby observations; (ii) its duration is at most
L, which keeps the conditioning set compact; and (iii) its
end time k. always touches or overlaps ¢ty while remaining
within [¢o, t1], ensuring that each clip is supported by a tem-
porally compatible world prior. All M, are constructed
as such dynamic clip-aligned window of the shared bank
M, so neighboring clips naturally share overlapping mem-
ory entries, constraining computation while coupling their
generations to a 3D-consistent underlying world.
Pose-retrieved memory. Within a given clip time step 7,
we treat the local memory M, as a static hypothesis of
the surrounding world built from key frames. Each time
step 7 provides a pose token p,- (derived from (R, 7)) and
a set of 3D-aware memory tokens m, 1,...,m, . The
collection {(ps, M+ 1.0)}- forms an implicit world table:
pose token indicates where the camera has observed the
scene, while memory tokens encode what the world looks
like from those configurations. For any target time step
t € T, we derive its camera pose to a query pose token py,
embed it as ¢; = ¢, (p¢), and use a dedicated retrieval mod-
ule to read from this static table in a pose-dependent man-
ner. Concretely, q; is concatenated with a bank of learnable
query tokens and processed into retrieval queries, which
perform cross-attention over the encoded memory X mem
(defined in Sec. 3.2), yielding a set of world tokens

wy = Agg (CrossAttn(Qt, Xmem)>. )

corresponding to the updated learnable queries. These
pose-aligned world tokens w; are directly used as the re-
constructed memory at pose ¢. Thus, all frames in 7 access
local memory through pose-conditioned queries instead of
raw time indices, encouraging multi-view observations to
remain tied to a consistent static 3D world.

3.2. Memory Retrieval and Conditioning

Memory retriever design. As shown in Figure 2, given
the local memory, we represent each time step 7 by a pose

token p, and its associated memory tokens m 1.ps. Our re-
triever is designed to (i) jointly encode pose—memory pairs
into a coherent world representation, and (ii) extract, for
any query pose, a compact set of pose-aligned tokens that
summarize the most relevant parts of this local world.

We first embed pose and memory features into a shared
space and form a joint sequence per time step:

X: = [¢p(r)s Sm(mrn), ..o sbm(menn)], 3

where ¢, and ¢,, denote learnable embeddings for pose
and memory tokens, respectively. A stack of transformer

blocks (MemEnc) with 3D-aware positional encoding re-
fines these sequences,

X, = MemEnd(X,), 4)

and we obtain the encoded local world memory by concate-
nation R ~ ~
xmem = [st,...,Xke], 5)

optionally masked to exclude padded or non-key entries.

For a target time step ¢, we derive the query pose token
Py, embed it as ¢, = ¢,(p;), and concatenate it with M
learnable query tokens r1, ..., 7,

Qi = [a,71, -+, 701)- (6)

This sequence is refined by transformer blocks sharing the
same architecture as MemEnc, denoted as QryEnc, yield-
ing pose-aware retrieval queries

Qi = QryEnc(Q;). 7

We then perform cross-attention from ); to the encoded
memory X™™,

Y: = Q¢ + CrossAttn(Qq, Xmem)7 8)

and take the subset of tokens in Y; corresponding to the
learnable queries as the retrieved world tokens

we = [We,1,. .., We ), 9

which form a pose-aligned world feature for time ¢. During
training, a linear head maps w; back to the original mem-
ory space to reconstruct the target memory tokens at the
query pose. Stacking multiple retrieval blocks iteratively
refines both the queries and the retrieved tokens, enabling
the model to softly route each query pose to the most rel-
evant subset of past observations, instead of relying on a
rigid temporal neighborhood or a single nearest frame.
Memory-conditioned DiT. For a given target clip time step
T, the retriever consumes M., and the query pose p; and
outputs a pose-aligned set of world tokens w; € RM*dm
which summarize the static local world relevant to this seg-
ment. These tokens are mapped into the DiT hidden space
by the memory embedding MLP

Wr = ¢u(w;) € RM*D, (10)
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Figure 3. OpenSafari. A new in-the-wild FPV dataset with rigorously verified camera trajectories, designed to stress-test geometry-
consistent, camera-controllable video generation. We curate clips through a compact, multi-stage pipeline that filters, reconstructs, and
verifies trajectories, yielding clean, motion-rich videos with reliable camera paths.

The latent clip is encoded as a single spatio-temporal
token sequence Z € RL=*D obtained by patchifying all
frames in V. At each DiT layer [, we first apply self-
attention over the full sequence and then inject the world
tokens through a dedicated memory cross-attention:

zUFD = 7zU 4 CrossAttn(Z', Wor, Wy).  (11)

The clip-level world tokens W are reused as keys and val-
ues across all layers, providing a stable, 3D-consistent prior
that shapes the denoising of every spatio-temporal token.

4. OpenSafari
4.1. Video Data Curation

Existing camera-conditioned datasets do not match our tar-
get regime. RealEstate10K [59] focuses on slow, mostly in-
door real-estate walkthroughs with gentle motion and clean,
quasi-static scenes, while Minecraft [4] is a synthetic voxel
world with simplified geometry and engine-constrained dy-
namics. Neither captures aggressive, in-the-wild 6-DoF
drone flight with strong parallax, large elevation changes,
and complex outdoor layouts that truly stress long-horizon
3D consistency. We therefore propose OpenSafari, a new
dataset of real-world FPV-style drone videos with verified
camera trajectories tailored to this challenging setting.

We construct Safari-FPV from FPV-style drone videos

collected on AirVuz' and YouTube’, and retain only clips
that pass a strict multi-stage preprocessing pipeline. As
shown in Figure 3, we: (i) download the highest available
resolution for each URL and discard sources below the tar-
get resolution; (ii) normalize all videos to 720p, 24 fps, and
a fixed 16:9 center crop, removing letterboxing and black
borders so that subsequent camera estimation operates on
a clean field of view; (iii) run scene detection to obtain
single-shot segments; (iv) split segments into fixed-length
T videos via uniform temporal slicing.

We then filter videos with a single diagnostic based on
motion. Specifically, we run RAFT [36] to estimate optical-
flow magnitude; videos with too little motion are removed,
while videos with stable, coherent motion are kept to em-
phasize informative, parallax-rich trajectories rather than
static views. Only videos satisfying the motion constraint
enter the final dataset. This yields a large-scale, in-the-
wild drone corpus explicitly tailored to stress-test geometry-
aware, trajectory-following video generation.

4.2. Camera Trajectory Reconstruction

For each curated video, we estimate camera intrinsics and
extrinsics at 4 fps using Hierarchical Localization [30, 31].
We extract local features, build exhaustive image pairs
within each video, run feature matching, and reconstruct
a COLMAP-style SfM model; from this model we export

https://www.airvuz.com/
2https://www.youtube.com/
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Table 1. Benchmark camera-controlled video generation. Captain Safari ranks first in 3D consistency and trajectory following with
competitive video quality. Compared to the ablated variant without memory, Captain Safari substantially improves 3D consistency and
trajectory following, with only a slight trade-off in video quality. (Recon. = reconstruction rate. CosSim = cosine similarity.)

3D consistency Trajectory Following

FVD| LPIPS| MEt3R] Recon.?” AUC@301 AUC@I1571 CosSim?

Model Video Quality

Geometry Forcing [44] 2662.75 0.667
Real-CamI2V [19] 1585.61 0.513
Wan2.2-5B-Control-Camera [38] 1387.75 0.545
Captain Safari w/o Mem. 998.47 0.504
Captain Safari 102346  0.512

0.4834 0.877 0.168 0.056 0.429
0.3703 0.923 0.174 0.051 0.296
0.3932 0.767 0.181 0.054 0.420
0.3720 0.912 0.193 0.068 0.508
0.3690 0.968 0.200 0.068 0.563

Table 2. Human preference. Users overwhelmingly prefer Captain Safari across all criteria, capturing 67 % of total votes. The memory-
removed variant ranks a distant second, while baselines competitors receive single-digit preference.

Model Video Quality 3D consistency Trajectory Following Average
Geometry Forcing [44] 0.20% 0.00% 0.20% 0.13%
Real-CamI2V [19] 4.20% 6.40% 4.40% 5.00%
Wan2.2-5B-Control-Camera [38] 3.20% 3.80% 6.40% 4.47%
Captain Safari w/o Mem. 25.00% 24.20% 20.00% 23.07%
Captain Safari 67.40% 65.60% 69.00% 67.33%

per-frame camera parameters as initial trajectories.

To obtain deployment-ready data, we apply a three-stage
verification-and-fix pipeline to every reconstructed trajec-
tory. First, database check consumes SfM statistics (in-
lier counts and ratios) to flag potentially unreliable tran-
sitions. Next, sgeometric check revisits suspicious pairs
using stored keypoints and matches, recomputes essential
matrices, and thresholds symmetric epipolar errors. Last,
kinematics check analyzes the pose sequence for transla-
tion spikes, rotation jumps, forward-direction flips, and
higher-order smoothness violations, using robust MAD-
based scores to detect implausible motion.

The per-transition decisions are fused into a binary bad-
index, which drives a strict policy. If bad transitions are
sparse and localized, we invoke a targeted fix: we linearly
interpolate camera centers and apply SLERP to rotations
with a capped interpolation angle, optionally extrapolat-
ing at video boundaries. The fixed segments are then re-
validated by the same database/geometric/kinematics crite-
ria. If post-fix validation succeeds, the trajectory is exported
into the final dataset. If the bad-index is too dense, viola-
tions are too severe, or fixed trajectories still fail verifica-
tion, the entire video is discarded.

The resulting OpenSafari couples high-dynamic, in-the-
wild FPV drone video with rigorously verified camera tra-
jectories. It departs from existing benchmarks by empha-
sizing aggressive 6-DoF motion, strong parallax, and com-
plex outdoor layouts, while enforcing strict geometric and
kinematic validation. This makes OpenSafari a challenging
testbed for camera-controllable video generation.

5. Experiments

5.1. Implementation Details

Training recipe. We adopt a two-stage recipe. We
first warm up the pose-conditioned memory retriever us-
ing pose-aligned memory tokens m;. We then jointly train
the retriever and DiT end-to-end, updating the DiT via
LoRA [12]. Memory cross-attention is initialized from the
corresponding context cross-attention weights, and other
new layers use standard initialization.

Dataset. We extract overlapping clips with 1 s stride, yield-
ing 51,997 training candidates. A diversity-based trajec-
tory filter removes clips with near-static motion, resulting
in 11,481 final training clips. We additionally construct a
non-overlapping test set of 787 clips for evaluation. For
each clip, we generate a single descriptive caption using
Qwen2.5-VL-7B [3] and use it as the text condition.
Configuration and notation. We generate 7 = 5s clips
at 24 fps from T' = 15s videos. Camera poses and mem-
ory features are sampled at 4fps. For a target 5s clip
with interval [to, 1], we use the terminal pose p;, as the
query. The memory window is limited to L = 5s. We
use Wan2.2-Fun-5B-Control-Camera [38] as our base DiT
with a hidden dimension D = 3072. Retriever and DiT are
trained with 1 and 5 epochs, respectively. For each video,
we extract 3D-aware memory feature from a pretrained
StreamVGGT [62]. We select four layers {4, 11,17,23}; at
each layer, the feature contains 782 tokens. Concatenating
across the four layers yields M = 4 x 782 and d,,, = 1024
memory tokens per frame.



Figure 4. Qualitative comparisons. Left: Baselines—including the memory-removed variant—exhibit abrupt popping/vanishing of the
school bus, and GF is low-quality. Captain Safari alone renders the bus smoothly exiting the frame. Right: Baselines distort or lose field
marking, with Wan2.2 collapsing under large camera motion, affirming the challenge of 3D consistency under rapid trajectories. Captain
Safari preserves crisp markings and coherent layout while following the fast 6-DoF path.

5.2. Benchmark

Metrics. We evaluate video generation along three com-
plementary axes: video quality, 3D consistency, and trajec-
tory following. For video quality, we report FVD [37] and
LPIPS [54]. For 3D consistency, we use MEt3R [1], com-
puted between GT and generated videos at matched time
steps and a reconstruction rate that measures the percent-
age of frames successfully registered in the recovered 3D
model [30, 31]. For trajectory following, we report cam-
era relocation accuracy (AUC [39]) and the cosine similar-
ity between the flattened camera pose, capturing how the
model adheres to the desired camera parameters over time.
Baselines. We compare against representative camera-
controllable video generation models, including Geome-
try Forcing [44], Real-CamI2V [19, 57], and Wan2.2-5B-
Control-Camera [38], which cover geometry-constrained,
reconstruction-driven, and large-scale diffusion-based ap-
proaches to trajectory-conditioned video synthesis.
Human Study. We conduct a human study with 50 par-
ticipants. Each participant is presented with 10 cases,
where each case contains the GT video and five anonymized
model-generated videos (three baselines, our model, and its
ablated variant). For every case, participants are asked to
select the best video under three criteria: Video Quality, 3D
Consistency, and Trajectory Following. In total, the study
collects 50 x 10 x 3 = 1, 500 human preference votes.

5.3. Generation Quality

As shown in Table 1, our Captain Safari attains a sub-
stantially lower FVD (1023.46 vs. 1387.75) and a slightly

improved LPIPS score (0.512 vs. 0.513) compared to the
SOTA baseline, demonstrating more stable temporal dy-
namics and sharper spatial details. Moreover, the human
study in Table 2 indicates that 67.40% of participants pre-
fer our videos over all competing methods, highlighting the
perceptual realism and overall fidelity of our generations.

Qualitative comparisons in Figure 4 further reveal that
Captain Safari produces visually compelling, realistic, and
highly authentic scene dynamics. These findings are also
consistent with the samples shown in Figure 1, where our
method delivers vivid, coherent, and natural-looking drone
videos that closely resemble real-world captures.

5.4. 3D Consistency

Captain Safari achieves state-of-the-art 3D consistency. As
shown in Table 1, our method lowers MEt3R by 0.0013
(0.3690 vs. 0.3703) and raises the reconstruction rate by
0.045 (0.968 vs. 0.923) copared to the strongest base-
line. Consistently, the human study in Table 2 shows that
65.60% of participants prefer Captain Safari for 3D consis-
tency, substantially surpassing all competing approaches.
Qualitative visualizations further confirm these quanti-
tative gains. In Figure 1, structures such as the Greek-style
columns remain geometrically stable across large viewpoint
changes. In Figure 4, our model produces (leff) a school
bus that smoothly moves out of the frame, and (right) pre-
serves crisp, globally consistent field markings on the soc-
cer pitch, whereas baselines exhibit distortions and disap-
pearance. Figure 5 and Figure | further show that our recon-
structions yield sharper fagades and well-formed windows
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Figure 5. Scene reconstruction and camera trajectory. With pose-aligned memory, Captain Safari reconstructs a well-structured building
facade (the memory-removed variant blurs/warps it), demonstrating the benefit of memory. It also preserves fine details—parked cars and
the tree on their roofs—that Wan2.2-5B fails to retain. Meanwhile, Real-CamI2V follows only a short path, whereas Captain Safari covers
the full trajectory with stable 3D structure, highlighting the challenge of maintaining 3D consistency under fast motion.

without collapsing geometry. Together, these results vali-
date that the implicit world memory and pose-conditioned
retrieval of Captain Safari effectively stabilize the underly-
ing 3D world under aggressive camera motion.

5.5. Trajectory Following

Captain Safari delivers the most accurate trajectory fol-
lowing among all competing models. As shown in Ta-
ble 1, our method achieves the highest AUC@30 (0.200)
and AUC@15 (0.068), along with the best cosine similarity
(0.563), outperforming the strongest baseline by clear mar-
gins. The human study in Table 2 further reinforces this
observation, with 69.00% of participants identifying our
model as the most faithful to the target camera path.

Figure 5 provides a clear visualization of these improve-
ments. Captain Safari’s predicted trajectory closely aligns
with the ground-truth path, while the ablated variant devi-
ates and flies over the rooftop, and RealCam-I2V fails to
follow the intended forward motion, advancing only slightly
rather than committing to the prescribed trajectory. Further-
more, our method demonstrates stable and coherent gener-
ation under challenging viewpoint changes with complex
camera maneuvers in Figure 1. These results highlight the
effectiveness of our memory-augmented, pose-conditioned
design for precise trajectory adherence.

5.6. Ablation Study

Our results highlight the importance of the proposed pose-
conditioned world memory. As shown in Table 1, adding
memory yields substantial improvements in both 3D con-

sistency and trajectory following. These gains confirm that
retrieving pose-aligned world features at the target frame
provides the model with an explicit understanding of what
the scene should look like, enabling stable geometry and
accurate motion alignment.

Qualitative comparisons in Figure 4 and Figure 5 fur-
ther illustrate these effects. With memory, the generated
scenes preserve global structure, maintain consistent geom-
etry across viewpoints. In contrast, the ablated variant of-
ten drifts and exhibits geometric inconsistencies. Together,
these results validate the effectiveness of our memory-
augmented design in stabilizing the underlying 3D world
and guiding precise camera motion.

6. Conclusion

We introduced Captain Safari, a pose-conditioned world
engine built on a world memory that enables long-range,
3D-consistent video generation under complex FPV trajec-
tories. Together with OpenSafari, our curated dataset of in-
the-wild drone videos with verified camera poses, this es-
tablishes a rigorous benchmark for controllable video gen-
eration. Captain Safari markedly improves 3D consistency
and trajectory accuracy over prior methods while maintain-
ing strong visual fidelity. Although the system incurs non-
trivial inference overhead, future work will explore real-
time world engines with lightweight memory and faster
generative backbones. We hope Captain Safari and Open-
Safari encourage further research in persistent world mod-
els and long-horizon controllable video generation.
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