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Abstract

Video prediction is plagued by a fundamental trilemma:
achieving high-resolution and perceptual quality typically
comes at the cost of real-time speed, hindering its use in
latency-critical applications. This challenge is most acute for
autonomous UAVs in dense urban environments, where fore-
seeing events from high-resolution imagery is non-negotiable
for safety. Existing methods, reliant on iterative generation
(diffusion, autoregressive models) or quadratic-complexity
attention, fail to meet these stringent demands on edge hard-
ware. To break this long-standing trade-off, we introduce
RAPTOR, a video prediction architecture that achieves real-
time, high-resolution performance. RAPTOR’s single-pass
design avoids the error accumulation and latency of iterative
approaches. Its core innovation is Efficient Video Attention
(EVA), a novel translator module that factorizes spatiotem-
poral modeling. Instead of processing flattened spacetime to-
kens with O((ST)?) or O(ST) complexity, EVA alternates
operations along the spatial (S) and temporal (T) axes. This
factorization reduces the time complexity to O(S + T') and
memory complexity to O(max(S,T)), enabling global con-
text modeling at 512 resolution and beyond, operating di-
rectly on dense feature maps with a patch-free design. Com-
plementing this architecture is a 3-stage training curriculum
that progressively refines predictions from coarse structure to
sharp, temporally coherent details. Experiments show RAP-
TOR is the first predictor to exceed 30 FPS on a Jetson AGX
Orin for 5122 video, setting a new state-of-the-art on UAVid,
KTH, and a custom high-resolution dataset in PSNR, SSIM,
and LPIPS. Critically, RAPTOR boosts the mission success
rate in a real-world UAV navigation task by 18%, paving the
way for safer and more anticipatory embodied agents.

Code — https://github.com/Thelegendzz/RAPTOR

Introduction

The ability to anticipate the future is a hallmark of intelli-
gence and a critical component for autonomous agents like
UAVs navigating dynamic environments. Video prediction,
the task of synthesizing future frames from past observa-
tions, offers this foresight. Yet, its practical application has
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been hamstrung by a fundamental trilemma: a persistent
trade-off among inference speed, input resolution, and pre-
diction quality. For a UAV, this is not an abstract challenge; it
is a direct barrier to safety. To avoid a suddenly opening door
or a pedestrian stepping into its path, the agent must process
high-resolution video and generate sharp predictions in mil-
liseconds. This exposes three critical bottlenecks in prior art:

1. Prohibitive Latency. State-of-the-art quality is often
achieved by iterative models like diffusion or autoregressive
RNNs (Voleti, Jolicoeur-Martineau, and Pal 2022; Wang
et al. 2023a). Requiring hundreds of sequential steps, their
inference times are orders of magnitude too slow for the real-
time control loops of UAVs on edge hardware.

2. Inability to Scale to High Resolution. Dominant
attention-based predictors (Bertasius, Wang, and Torresani
2021) jointly model spacetime by treating video as a flat se-
quence of tokens. This leads to a computational complex-
ity of O((ST)?), where S is the number of spatial loca-
tions and T is the number of frames. This quadratic scal-
ing makes processing high-resolution video computationally
infeasible, restricting models to low-resolution inputs (e.g.,
642-2562), thereby missing small but safety-critical details.

3. Blurry and Incoherent Motion. Many models rely on
simple pixel-wise losses (e.g., MSE, L1) (Gao et al. 2022;
Tan et al. 2023). These objectives average over possible fu-
tures, resulting in blurry predictions and a lack of temporal
consistency. This is especially problematic at high resolu-
tions, where motion artifacts can render predictions unreli-
able for navigation.

To break this trilemma, we propose RAPTOR. As laid out
in our title, RAPTOR is an end-to-end, single-pass architec-
ture designed for real-time, high-resolution prediction that
directly generates all future frames at once, eliminating iter-
ative latency and error accumulation.

The cornerstone of RAPTOR is our Efficient Video At-
tention (EVA) module. Instead of operating on a flattened
ST-length sequence with its prohibitive O((ST)?) complex-
ity, EVA factorizes the problem. It alternates between pro-
cessing information along the temporal axis (a sequence of
length T) and the spatial axis (a sequence of length S). This
fundamental design choice reduces the time complexity to
O(S 4 T) and the memory complexity to O(max(S,T)),
enabling efficient global modeling on high-resolution fea-
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Figure 1: RAPTOR enables scalable, high-fidelity video prediction for demanding, high-resolution scenarios. (a, b) Bench-
marked on an NVIDIA RTX 6000 Ada (48GB), RAPTOR’s linear complexity design maintains a low memory footprint, mak-
ing it the first framework to efficiently scale beyond 10242 resolution as competitors hit memory ceilings (Out-of-Memory).
(c, d) In contrast, conventional methods relying on pixel-wise losses often result in (c¢) temporal tearing and (d) edge blurring
that obscures vital targets. (e) The proposed RAPTOR avoids these pitfalls, generating sharp and coherent predictions that pre-

serve crucial details for reliable downstream planning.

ture maps for the first time. To ensure high-fidelity outputs,
we complement our architecture with a three-stage curricu-
lum learning strategy that shifts the focus from pixel recon-
struction to edge sharpness and perceptual realism.

Our contributions are as follows:

¢ RAPTOR: The first video prediction framework to
achieve both real-time performance (>>30 FPS on Jetson
AGX Orin) and high-resolution (5122 and beyond) pro-
cessing. It outperforms prior art on multiple benchmarks
and improves UAV navigation success rate by 18%.

Efficient Video Attention (EVA): A novel spatiotempo-
ral modeling module that avoids the quadratic bottleneck
of standard attention by using axis factorization. This re-
duces complexity to O(S 4 T'), enabling scalable, global
receptive fields for high-resolution video without resort-
ing to patch tokenization.

Three-Stage Curriculum Learning: An effective train-
ing strategy that systematically improves prediction qual-
ity, yielding sharp edges and temporally coherent motion
critical for downstream planning tasks.
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Related Work
Video Prediction Paradigms
Video prediction methods fall into three main paradigms:

Autoregressive models. predict frames sequentially with
recurrent units. Early ConvLSTM networks (Shi et al. 2015)
and PredRNN (Wang et al. 2017), PredRNN++ (Wang et al.
2018) introduced spatiotemporal LSTMs and gradient high-
ways. Subsequent works like MIM (Wang et al. 2019) and
MotionRNN (Wu et al. 2021) add memory or motion mod-
ules. These excel at 642~2562 but incur latency and memory
increasing linearly with the horizon.

Diffusion-based models. adapt denoising diffusion
to video. DDPMs (Ho, Jain, and Abbeel 2020) and
DDIMs (Song, Meng, and Ermon 2021) achieve high
fidelity but require hundreds of iterative steps. Conditional
video diffusion models like MCVD (Voleti, Jolicoeur-
Martineau, and Pal 2022) and ExtDM (Zhang et al. 2024)
improve efficiency via latent-space denoising or feature
extrapolation, but remain unsuitable for real-time or
ultra—high-resolution prediction.

End-to-end models. generate the entire sequence in one
pass. SimVP (Gao et al. 2022) uses only an MSE loss



to match SOTA at moderate resolutions. Variants such as
TAU (Tan et al. 2023) and DMVEN (Hu et al. 2023) incor-
porate flow consistency or temporal modules, yet still rely
on monolithic pixel losses and struggle at 10242,

Training Objectives and Curricula

Most predictors use a single-stage reconstruction loss (MSE
or L1), often causing blurriness and temporal artifacts. Pre-
dRNN++ applies a simple curriculum for stability (Wang
et al. 2018), but does not separate coarse reconstruction
from edge sharpening or perceptual refinement. In contrast,
our three-stage curriculum explicitly stages objectives from
pixel reconstruction to gradient-based edge losses to percep-
tual (VGG) fidelity, yielding sharper and more temporally
coherent outputs.

Efficient Spatiotemporal Attention

Vanilla self-attention scales as O((ST)?) for L = ST to-
kens, infeasible for high resolutions. Sparse/local methods
(Swin (Liu et al. 2021), Longformer (Beltagy, Peters, and
Cohan 2020)) reduce interactions but miss global context;
kernel/linear Transformers (Performer (Choromanski et al.
2022), RWKV (Peng et al. 2023), Mamba (Gu and Dao
2024)) achieve O(L) but still face large L. Factorized spa-
tiotemporal variants (TimeSformer (Bertasius, Wang, and
Torresani 2021), ViViT (Arnab et al. 2021)) decouple axes
but spatial token counts remain prohibitive at 5122-10242.
These limitations motivate our EVA, which natively scales
as O(S + T') while preserving full global context and fine
spatial details.

Method
Framework Overview

As illustrated in Fig. 2, RAPTOR adopts a classic Encoder—
Translator—Decoder pipeline tailored for real-time, high-
resolution video prediction.

Encoder/Decoder. Following the efficient convolutional
strategy of SimVP (Gao et al. 2022), the encoder downsam-
ples each frame and maps RGB inputs to a compact latent
space. The decoder mirrors this architecture to reconstruct
future frames in a single forward pass.

Translator. Our primary contribution lies within the
Translator—the Efficient Video Attention (EVA) stack.
Given latents Z € RBXTXC'xH'xW' fom the encoder, we
adopt a fine-grained, patch-free tokenization strategy. In-
stead of grouping features into coarse patches, which loses
spatial resolution, we treat each location on the feature map
as an individual token by flattening the spatial and chan-
nel dimensions (S = C’ x H' x W’). A linear projec-
tion then maps these tokens into a fixed-width embedding
E € RBXTXS This dense representation, which preserves
the original feature map’s granularity, is then processed by
the EVA stack.

EVA: Factorized Spatiotemporal Translator

Motivation. Vanilla attention over a flattened sequence
of length L=ST incurs O(L?) complexity, which is pro-
hibitive for high-resolution inputs. EVA circumvents this
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by transposing and alternating the modeling axes. Instead
of processing the full ST sequence, we apply a 1D se-
quence operator along the temporal (") and spatial (S) di-
mensions separately. This reduces the dominant sequence
length in any single pass to max{7, S}, making the archi-
tecture highly scalable.

Unified Linear Gated Unit (LGU). A core principle of
EVA’s design is simplicity and consistency.

Both TIMEMIX and SPACEMIX are built upon a unified
Linear Gated Unit (LGU), inspired by Mamba (Gu and Dao
2024) and RWKYV (Peng et al. 2023) architectures. For a
given input sequence U € REXL*S the LGU operates as
follows:

k = Mish(UWg), v=UWy, r=c(UWg)

(€8]
LGU(U) = (ro (ko v))Wo

where W i, Wy, W, W are learnable projections, and
© is the Hadamard product. This structure performs expres-
sive, input-dependent gating with linear complexity in se-
quence length L.

EVA Block Structure. Each EVA block sequentially ap-
plies the unified LGU along the temporal and spatial dimen-
sions, leveraging a pre-LayerNorm configuration and resid-
ual connections to enhance training stability.

First, the temporal mixing operation (TIMEMIX) is ap-
plied. Given input tensor E € RE>XTXS5 we treat each batch
independently as a 1D sequence of length Ly = T To en-
sure causality, we apply a parameter-free temporal shift (im-
plemented via zero-padding and rolling by one step). This
shifted sequence is then processed by the LGU along the
temporal axis.

Following this, the spatial mixing operation (SPACEMIX)
is performed. Starting from the output E/ € REXTXS of
TIMEMIX, we transpose the tensor to /T € REXSXT jn.
terpreting each batch again as a 1D sequence—this time of
length Lg = S. The LGU is reused here to mix information
across spatial locations. This spatial mixing is fully paral-
lel and position-wise, enabling efficient interaction across
spatial locations without introducing directional bias or path
dependencies.

By stacking /V such EVA blocks, the model progressively
builds a global spatiotemporal receptive field, while main-
taining per-block computational complexity that scales lin-
early with max{T, S}.

Complexity and Edge-Cost Model

We evaluate per-layer inference cost in a UAV setting with
T = 10 frames at 1024 x 1024 resolution. The encoder
applies 8 x downsampling over three stages, yielding S =
16384 tokens per frame and L ST = 163840 total
tokens. The latent width is D = 512. On Jetson AGX
Orin (10.65 TFLOPS FP16, 204.8 GB/s memory band-
width), we estimate a lower bound on latency as latye, =
max{FLOPs/(10.65 TFLOPS), Bytes/(204.8 GB/s)}.

We compare three architectures per translator layer. ViT
incurs 2L2D + 4L D? FLOPs and 2L? bytes for attention
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Figure 2: Overview of RAPTOR architecture. The framework follows an Encoder—Translator—Decoder design. The EVA Trans-
lator employs a patch-free design, operating on full feature maps from the encoder and stacking N EVA blocks. Each block
alternates a temporal TIMEMIX and a spatial SPACEMIX built from specialized, asymmetric operators, achieving global spa-
tiotemporal receptive fields with linear-in-length complexity and enabling real-time high-resolution prediction.

logits. Linear attention (RWKV/Mamba) requires 8LD?
FLOPs and O(LD) memory. EVA reduces cost to 4(T +
S)D? FLOPs with O(D max{T,S}) memory, by decou-
pling temporal and spatial modeling.

As shown in Table 1, EVA achieves 1.72 x 10'° FLOPs
and ~1.0 GB memory per layer, with a theoretical latency
of 5.1 ms—over 1600 x faster than ViT and 20 x faster than
linear baselines. While others become compute-bound, EVA
is memory-bound and remains in the real-time regime, mak-
ing it well-suited for UAV deployment.

Method FLOPs Bytes Latency (ms)
ViT (quadratic) 2.75x10'3 ~ 54 GB ~ 2600
Linear (RWKV) 3.44x10'" ~ 2.4 GB ~ 32
Linear (Mamba) 3.92x10'! ~ 1.8 GB ~ 37
EVA (ours) 1.72x10° ~ 1.0 GB ~ 5.1

Table 1. Per-layer inference cost under an 8 x downsampling
setting (T'=10, S=16384, D=512) on Jetson AGX Orin.
Latency is a theoretical lower bound. “Bytes/layer” refers
to the estimated total memory footprint.

Three-Stage Curriculum Learning

Pixel-wise objectives alone tend to blur edges and ignore
temporal coherence, whereas optimizing all advanced objec-
tives from scratch often destabilizes training. We therefore
adopt a coarse-to-fine curriculum.

Stage I: Foundational Reconstruction. We first fit coarse
structures using the /1 loss:
Lsi =X = X]|s. @

Stage II: Edge and Temporal Consistency. We add a
Gradient Difference Loss (GDL) and a frame-to-frame tem-
poral smoothness term:

La = [|Va(X) = Va(X)[1 + [Vy(X) = Vu(X)[: - 3)
1 T'—1

Lismooth = 1 ; |Xe41 — Xe||1- “4)

Lsy = Ls1 + Agai Ledi + Asmooth Lsmooth- %)

Here V., V, are first-order difference operators.

Stage I1I: Perceptual Refinement. Finally we add a per-
ceptual loss in a pretrained VGG feature space to recover
high-frequency details:

T/

53 5 otk — o).

Ls3 = L2 + Aperc T
t=1

(0)
with ¢(-) the VGG feature extractor. We inherit weights
across stages to stabilize optimization.

Implementation Notes. Our architecture incorporates
several practical design choices for stability and efficiency.
We use Pre-LayerNorm and residual connections in all EVA
blocks. Causality in the TIMEMIX module is strictly en-
forced via a parameter-free t ime—shift operation on the
input tensor before projection. The activation function in
our SPACEMIX LGU is Mish, which we found to perform
slightly better than GELU or ReLU in preliminary tests.
To manage memory for high-resolution training, we employ
mixed-precision (AMP) and gradient checkpointing. These
engineering details are crucial for achieving the real-time
performance on edge hardware reported in our experiments.

Experiments
We evaluate RAPTOR across four aspects: (i) comparative
performance against strong state-of-the-art baselines, (ii) ab-
lations isolating the contributions of EVA and the three-stage
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Method UAVid-1282 UAVid-5122 UAVid-1024>
PSNRT SSIM{ LPIPS| | PSNRT SSIM{ LPIPS| FPSt | PSNRT SSIM{ LPIPS| FPSt
PredRNN 241 0714  0.189 oOM oOM
MIM 246 0746  0.174 ooM ooM
MotionRNN 266 0757  0.177 ooOM ooM
PredRNN-V2 259  0.761  0.141 ooM oOM
MCVD 287  0.788  0.115 ooM ooM
ExtDM 298  0.797  0.096 ooM ooM
SimVP 289 0791 0.120 | 245 0578 0.120 319 ooM
TAU 294 0805 0.109 | 19.8 0431 0499 317 ooM
RAPTOR (ours) | 30.7 0820 0.076 | 284  0.784 0.095 1456| 193 0455 0582 59.6

Table 2. UAVid 10—10 at 1282, 5122, and 10242. FPS (batch=1, RTX 6000 Ada) is only reported for 5122 and 1024 resolu-
tions. OOM (Out Of Memory) indicates peak training/inference memory >48 GB. Best results in bold.

Method | PSNRT  SSIMt  LPIPS|
PredRNN 27.6 0.839 0.204
MIM 27.9 0.843 0.177
MotionRNN 28.3 0.851 0.169
PredRNN-V2 28.4 0.838 0.139
MCVD 27.5 0.846 0.104
Ex(tDM 27.9 0.799 0.093
SimVP 337 0.905 0.078
TAU 30.6 0.893 0.086
RAPTOR (ours) | 32.0 0.912 0.062

Table 3. KTH 10— 30 at 642. Best results in bold.

curriculum, (iii) scalability to ultra-high resolutions where
many methods fail, and (iv) downstream impact on a real-
world UAV navigation task.

Experimental Setup

Datasets. Our evaluation is conducted on two stan-
dard benchmarks and a custom real-world dataset.
KTH (Schuldt, Laptev, and Caputo 2004) is a classic
low-resolution (642) dataset for human action prediction.
UAVid (Lyu et al. 2020) is a challenging high-resolution
dataset from UAV footage, on which we perform extensive
evaluation at 1282, 5122, and a frontier 10242 resolution to
test the limits of scalability. A custom Real-World Naviga-
tion dataset was collected for downstream task validation.

Baselines. To ensure a thorough comparison, we select a
strong and diverse set of state-of-the-art (SOTA) methods
covering three dominant paradigms: Autoregressive mod-
els (PredRNN (Wang et al. 2017), MIM (Wang et al. 2019),
MotionRNN (Wu et al. 2021), and PredRNN-V2 (Wang
et al. 2023b)), which represent classic recurrent approaches.
Diffusion models (MCVD (Voleti, Jolicoeur-Martineau,
and Pal 2022) and ExtDM (Zhang et al. 2024)), known
for their high generative fidelity. End-to-end models
(SimVP (Gao et al. 2022) and TAU (Tan et al. 2023)), which
are the most relevant competitors in terms of efficiency.
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Metrics and Implementation Details. We evaluate pre-
diction quality using PSNR, SSIM (Wang et al. 2004), and
LPIPS (Zhang et al. 2018). Inference speed is measured in
Frames Per Second (FPS). For the downstream task, we re-
port mission Success Rate (SR, %). Our models were trained
using PyTorch on 4* NVIDIA 6000 Ada GPUs. We leverage
standard acceleration techniques including DDP, AMP, and
gradient checkpointing. Further implementation details, in-
cluding hyperparameters and specifics of the navigation task
setup, are provided in the supplementary material.

Quantitative Comparison with State-of-the-Art

We present a comprehensive comparison against SOTA
methods in Table 2 and Table 3. The results reveal a clear
narrative about RAPTOR’s capabilities.

On standard low-resolution benchmarks like KTH, RAP-
TOR demonstrates highly competitive performance. While
SimVP achieves a higher PSNR, our model obtains the best
SSIM (0.912) and LPIPS (0.062), indicating superior struc-
tural and perceptual quality, which are often more critical for
downstream tasks than raw pixel-level accuracy.

The advantage of RAPTOR becomes decisive on high-
resolution UAV data. At 1282, RAPTOR establishes a new
SOTA across all metrics, significantly outperforming all
baselines. As we scale to the challenging 5122 setting, this
gap widens dramatically. Most prior methods fail due to
Out-of-Memory (OOM) errors, highlighting a fundamental
architectural bottleneck. Among the methods that can run,
RAPTOR surpasses the strong SimVP baseline by a large
margin (+3.9 dB PSNR, +0.206 SSIM).

Crucially, RAPTOR is the only model capable of operat-
ing at 10242, establishing a new frontier for real-time video
prediction. While performance metrics naturally decrease at
this extreme resolution, RAPTOR’s ability to process such
data at interactive frame rates (59.6 FPS) is a breakthrough
that no other compared method achieves. This unique scala-
bility is a direct result of our patch-free, linear-complexity
EVA design.
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Figure 3: Qualitative comparison on a challenging UAVid
scene. The magnified insets highlight how RAPTOR, partic-
ularly with the full S1+S2+S3 curriculum, generates sharper
and more coherent predictions of moving vehicles compared
to baselines. RAPTOR is also the only model capable of pro-
ducing a prediction at 10242 resolution.

Ablation Studies

‘We conducted ablation studies to validate the individual con-
tributions of RAPTOR’s core components on the UAVid-
5122 dataset.

Translator Variant PSNRT SSIMt LPIPS|

ViT-based Out Of Memory

Only TimeMix 21.2 0.555 0.198
Only SpaceMix 27.1 0.713 0.115
RAPTOR (full EVA) 284 0.784 0.095

Table 4. Ablation of the EVA components on UAVid-5122.

Efficacy of the EVA Translator. To prove the necessity
of our factorized design, we evaluate three variants of our
translator: the full EVA module, and versions using only the
TIMEMIX or SPACEMIX components. As shown in Table 4,
using only TIMEMIX fails to capture spatial details, result-
ing in poor performance. Using only SPACEMIX performs
better but still lags significantly behind the full model. This
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Training Stage PSNRT SSIMT  LPIPS|

RAPTOR (S1) 25.31 0.603 0.121
RAPTOR (S1+S2) 28.65 0.798 0.102
RAPTOR (S1+S2+S3)  28.40 0.784 0.095

Table 5. Ablation of the Three-Stage Curriculum on UAVid-
5122, highlighting the progressive benefits of each stage.

confirms that explicitly modeling both dimensions and, cru-
cially, alternating between them, is essential for building a
powerful spatiotemporal representation. We also note that
a standard ViT-based translator runs Out-of-Memory, high-
lighting the efficiency of our approach.

Value of the Three-Stage Curriculum. The curriculum’s
effectiveness is demonstrated in Table 5 and visualized in
Figure 3. The S1 model, trained only on pixel loss, pro-
duces blurry results with low SSIM/LPIPS scores. Introduc-
ing edge and temporal losses in S2 dramatically improves
structural metrics (PSNR and SSIM). The final S3, with
the perceptual loss, achieves the best visual quality, as evi-
denced by the lowest LPIPS score. Interestingly, S3 shows a
marginal drop in PSNR/SSIM compared to S2. This reflects
a well-known trade-off: optimizing for perceptual realism
(LPIPS) can sometimes slightly reduce pixel-level accuracy.
The visual results in Figure 3 confirm that the S3 model is
perceptually superior, justifying the full curriculum for gen-
erating visually plausible predictions.

High-Resolution Prediction and Evaluation

The true measure of our work lies in its ability to tackle pre-
viously intractable problems and deliver real-world value.
We test RAPTOR on this frontier, first through qualitative
analysis to form a hypothesis, and then through a real-world
downstream task to validate it.

Qualitative Analysis. Quantitative metrics, while essen-
tial, do not capture the full picture of predictive quality. As
shown in Figure 3, for instance, while SimVP often scores
higher than TAU on PSNR, TAU’s predictions can appear
more temporally consistent, highlighting the limitations of
purely pixel-based evaluation.

Our qualitative results for RAPTOR tell a compelling
story that aligns with our curriculum ablation study. The
S1 model produces blurry outputs. The S1+S2 model, ben-
efiting from edge and temporal losses, already generates
remarkably sharp structures, especially visible in the dis-
tinct outlines of the moving vehicles. The final S1+S2+S3
model, refined by the perceptual loss, further enhances real-
ism and textural details, resulting in the most visually plausi-
ble predictions. This progression validates our curriculum’s
design: S2 significantly improves structural integrity (boost-
ing SSIM), while S3 enhances perceptual fidelity (boosting
LPIPS), as confirmed by the data in Table 5.

Most critically, the last row of Figure 3 showcases RAP-
TOR'’s breakthrough scalability. While all other methods fail
at 10242, RAPTOR maintains the scene’s key structural and
dynamic information. This leads to an insight: although our



10242 predictions have lower raw metric scores than their
5122 counterparts (Table 2), they seem to preserve the fine-
grained details of small, dynamic objects that are vital for
navigation. This suggests a critical hypothesis: for an em-
bodied agent, the practical value of high-resolution predic-
tion may far outweigh its raw pixel-metric scores.

Method PSNR1 SSIM1 LPIPS| FPST SRt
GPT-40 w/o predict - - - - 33%
SimVP 5122 241 054 022 56 +1%
TAU 5122 182 042 055 49 +4%
RAPTOR 5122 275 074 011 302 +7%
RAPTOR 10242 16.3 049 0.65 18.6 +18%

Table 6. Downstream navigation performance comparison
between different types of video processing methods. SR
denotes success rate (absolute improvement over the 33%
baseline). The GPT-4o w/o predict baseline represents a re-
active planner where the Vision-Language Model, GPT-4o,
makes decisions based only on the current frame, without
any future prediction.

Real-World Navigation Task. To rigorously test this hy-
pothesis, we integrated RAPTOR into a real UAV’s con-
trol loop for a challenging object-goal navigation task. The
experiment was conducted on a university campus during
nighttime to pose significant challenges for visual percep-
tion and prediction. The UAV was tasked with navigating
towards periodically moving targets, including pedestrians
and patrol vehicles. Due to the dynamic nature of these tar-
gets, which makes path-based metrics unreliable, we use
Success Rate (SR) as the primary performance indicator,
evaluated over 100 trials for each method.

The results, shown in Table 6, are compelling. While
baselines offer minimal improvement, RAPTOR provides
a substantial boost. As hypothesized, by leveraging native
10242 predictions, RAPTOR achieves a remarkable +18%
absolute improvement in success rate. This is because the
high-resolution foresight allows the planner to perceive and
react to small, distant hazards that are simply lost in down-
sampled inputs. This finding directly translates our model’s
superior predictive fidelity into tangible gains in robotic
safety. Figure 4 further provides a qualitative visualization
of the real-world comparison, showing RAPTOR can pre-
dict the moving pedestrian with a clarity at both 5122 and
10242 resolutions that the baselines fail to achieve.

Conclusion

In this work, we address the challenge of real-time, high-
resolution video prediction for autonomous UAVs. We intro-
duce RAPTOR, an end-to-end, single-pass framework de-
signed to overcome the latency and scalability limitations
of prior iterative methods. RAPTOR’s efficacy stems from
two core innovations. The first is our Efficient Video Atten-
tion (EVA) module, which tackles the quadratic complexity
and memory bottleneck of processing long spatiotemporal
sequences where the effective length is L = S7T. Through
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Input Frames Ground Truth & Predicted Future Frames

SimVP
5122

TAU
5122

RAPTOR
5122

RAPTOR
10242

Figure 4: Qualitative comparison from the real-world UAV
navigation task. Magnified insets highlight that RAPTOR
(with full Three-Stage Curriculum) outperforms the base-
lines by generating sharp and coherent predictions of the
moving pedestrian, even in a nighttime scenario.

spatiotemporal factorization and feature transposition, EVA
applies linear gated units alternately along the spatial (S)
and temporal (7") axes, which slashes the computational
complexity from O((ST)?) to O(S + T') and reduces the
peak memory complexity to O(max(S,T’)). This funda-
mental reduction is what makes high-resolution processing
tractable. Furthermore, its patch-free nature preserves fine-
grained spatial details, while the alternating process ensures
robust spatiotemporal interaction to maintain high model-
ing quality. The second is a three-stage curriculum learn-
ing strategy that progressively enhances the prediction’s per-
ceptual fidelity. Our extensive experiments demonstrate that
RAPTOR is the first model to achieve real-time performance
at 10242 resolution. This capability directly translates into a
significant 18% improvement in success rate on a real-world
UAV navigation task. By breaking the long-standing trade-
off between resolution, speed, and quality, RAPTOR repre-
sents a significant step towards creating safer, more intelli-
gent, and truly anticipatory aerial embodied agents.
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