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Abstract
Trajectory prediction is crucial for autonomous systems, but

traditional deep learning models, typically trained on specific
pre-collected trajectories, often fail to generalize to unseen sce-
narios due to distribution shifts. Recent approaches address this
by integrating online learning for adaptive deployment. How-
ever, existing online learning methods face two major challenges:
(1) long training times, which prevent real-time execution, and
(2) failure to account for variations in input data speed, lead-
ing to performance degradation when processing high-speed dy-
namic scenarios. To overcome these limitations, we introduce a
latent-space predictor that forecasts future trajectories by align-
ing learned latent representations with encoded ground truth.
This approach enhances robustness to distribution shifts while re-
ducing reliance on direct coordinate regression. Additionally, we
incorporate a lightweight online learning module, enabling effi-
cient real-time adaptation without full model retraining. We eval-
uate our method on nuScenes, Waymo, and Lyft L5 datasets, fo-
cusing on data distribution shift scenarios. Experimental results
demonstrate that our model outperforms state-of-the-art online
learning methods, achieving approximate 9.9% improvement in
trajectory prediction accuracy while significantly reducing opti-
mization time up to 54%.

Introduction
Trajectory prediction is essential for autonomous driving and

robotics, enabling agents to anticipate the motion of dynamic ob-
jects for safe navigation [1, 2, 3, 4, 5]. Deep learning has signif-
icantly advanced this field, utilizing sequence models [1], graph-
based networks [6, 7], and Transformers [8, 9] to effectively cap-
ture spatial and temporal dependencies. However, most contem-
porary models are trained offline using a supervised approach,
relying on regression loss computed from pre-collected datasets.
This standard training paradigm relies on the critical, yet often
violated, assumption that the training and real-world deployment
data distributions will remain consistent [10]. In practice, data
distribution shifts are inevitable, arising from changes in traffic
dynamics, sensor noise, and domain variations (e.g., urban vs. ru-
ral driving), which severely limit the models’ ability to generalize
and lead to unreliable motion forecasts in unseen environments.

To address these generalization limits, recent research has
focused on online learning or test-time adaptation (TTA) tech-
niques [11, 12, 13, 14, 15], which dynamically refine model pre-
dictions based on incoming observations. Despite this progress, a
major challenge persists: computational inefficiency in real-time
adaptation. Many existing online methods necessitate redundant
model structures or rely on full gradient-based optimization at

Figure 1. Comparison between traditional trajectory prediction and the pro-

posed RT-LTP framework. Top: Traditional models sample future trajectories

from a separate high-dimensional space, leading to poor generalization un-

der distribution shift. Bottom: RT-LTP directly predicts future embeddings in

a consistent latent space, enabling faster and more robust real-time adapta-

tion to new environments.

each timestamp, resulting in excessive computation and long op-
timization times [16, 14]. This inefficiency is particularly prob-
lematic for modern autonomous vehicles, which operate at high
frame rates (e.g., 30 FPS and higher) using high-resolution sen-
sors. Consequently, the slow adaptation process inherent in tra-
ditional online learning methods prevents real-time execution and
hinders the reliable deployment of trajectory prediction systems
in dynamic, high-speed scenarios.

The core of the computational inefficiency and generaliza-
tion failure in online adaptation lies in the fundamental structure
of the feature space employed by these models. Many trajec-
tory prediction methods [17, 18] encode historical trajectories into
a high-dimensional feature space and then use generative mod-
els (e.g., Conditional Variational AutoEncoders [19] or diffusion
models [20]) to transform this representation into a future fea-
ture space. While this approach enables modeling of complex
trajectory distributions within a specific dataset, it inherently as-
sumes that training and test motions follow the same distribution
and introduces a feature-space gap between historical and future
trajectories, which limits generalization to new scenarios. Mean-
while, this transformation introduces an intrinsic gap between the
historical and future feature spaces. These models typically op-
erate under the assumption that training and test motion distri-
butions are aligned. When distributional shifts occur (e.g., in
novel or dynamic environments) this pre-existing feature space
gap severely hinders generalization. Consequently, the online
adaptation mechanism is forced to perform a computationally ex-
pensive, non-linear re-alignment of these disparate spaces. This
struggle to reconcile inconsistent representations significantly in-
creases optimization time and computational cost, and often leads
to degraded predictive performance. To enable efficient real-time
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adaptation, it is therefore critical to design models with feature
space consistency, ensuring that historical and future representa-
tions are inherently aligned and jointly learnable.

To overcome these limitations, we propose RT-LTP (Real-
Time Latent Trajectory Predictor), an efficient online learning
framework for real-time trajectory forecasting in high-speed au-
tonomous systems. RT-LTP targets two key challenges in test-
time deployment: limited generalization under distributional shift
and high adaptation cost. As illustrated in Figure 1, traditional
methods sample from a future latent space disconnected from
the past, leading to misaligned representations. In contrast, RT-
LTP reformulates trajectory prediction as a latent-space forecast-
ing task, predicting future motion directly in a compact, semanti-
cally structured space shared by both past and future. By aligning
predicted latent features with frozen embeddings of ground-truth
futures, RT-LTP enforces feature space consistency, which stabi-
lizes adaptation and reduces overfitting. This is particularly bene-
ficial when only partial future observations are available: rather
than depending on sparse or noisy coordinate supervision, the
model can still rely on the structured latent space to reason about
high-level intent (e.g., turning or stopping), making online learn-
ing more reliable.

To operate effectively under online learning settings, where
models must adapt continually during deployment, The variant of
RT-LTP, Fast RT-LTP, introduces a lightweight LoRA-ACT mod-
ule that enables fast, real-time optimization without retraining
the full network. By dynamically updating only a small set of
low-rank parameters within the latent predictor’s attention layers
while keep encoder and decoder fixed, RT-LTP achieves substan-
tial reductions in computational overhead and memory footprint.
This design allows the model to adapt on the fly to distribution
shifts and dynamic scene changes, maintaining high forecasting
accuracy even at high input frequencies typical of real-world au-
tonomous driving. As demonstrated in Figure 2, RT-LTP and Fast
RT-LTP delivers a superior trade-off between speed and accuracy,
establishing a new standard for scalable, real-time trajectory fore-
casting.

In summary, our main contributions are as follows:
• We propose a trajectory forecasting framework that reformu-

lates prediction as a latent-space alignment problem. By pre-
dicting future motion in a latent space, we reduce reliance on
coordinate regression and enables more efficient learning.

• We introduce LoRA-ACT, a dynamic low-rank adaptation
mechanism that selectively updates a small subset of parame-
ters in the latent predictor during online adaptation, eliminating
the need for full model updates and enabling real-time deploy-
ment even under high-frequency sensor inputs.

• Our method achieves up to 54% faster optimization and 9.9%
higher accuracy, validated across three datasets under distribu-
tion shift scenarios, demonstrating superior efficiency and ro-
bustness for real-time autonomous applications.

Related Works
Online Learning for Motion Forecasting A key challenge in
online learning for trajectory prediction is the high computational
cost of real-time adaptation. Many existing methods rely on full
gradient-based optimization at test time, making them impractical
for real-time deployment. Some mitigate this by updating only
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Figure 2. Comparison of Test-Time Training trajectory forecasting models

in terms of prediction error and test-time training time. Each marker repre-

sents a model, with lower-left positions indicating better trade-offs between

speed and accuracy. The proposed RT-LTP and Fast RT-LTP achieve the

best balance between efficiency and precision, outperforming prior methods.

specific layers, such as batch normalization [14, 21], but this lim-
its adaptability to distribution shifts.

This issue worsens in autonomous vehicles, where high-
resolution sensors operate at varying FPS rates. Most trajectory
forecasting models assume a fixed, low input speed, making them
inefficient in high-speed scenarios. As the number of input frames
per each time unit increases, adaptation methods [11, 16] strug-
gle to process data efficiently, leading to delayed predictions and
degraded accuracy—critical for real-time motion forecasting.

To address this, we integrate an efficient latent-space adapta-
tion strategy with a lightweight online learning module, reducing
computational costs while preserving adaptability. Our model is
explicitly designed for high-speed input processing, ensuring sta-
ble performance in dynamic driving environments.

Latent-space Learning Unlike traditional deterministic mod-
els, latent-space learning methods encode trajectory dynamics
into a low-dimensional latent space [22, 23], allowing for more
structured and flexible representations. Recent works explore var-
ious ways to structure latent spaces. [23] employs self-supervised
masked auto-encoding, while [24] introduces orthogonal latent
bases to encode meaningful motion semantics, improving inter-
pretability and controllability.

Another crucial benefit of latent-space learning is its effi-
ciency in online adaptation and real-time prediction. Traditional
gradient-based optimization methods for online learning are com-
putationally expensive, making them impractical for real-time de-
ployment. Latent-space representations allow models to adapt
without extensive gradient updates [25, 22].

Our approach extends this framework by integrating a latent
predictor trained with embedded ground truth, enabling efficient
online adaptation and robustness to distribution shifts.

Method
To enable robust and efficient trajectory forecasting in real-

world scenarios, we propose the Real-Time Latent Trajectory
Predictor (RT-LTP), a novel framework designed for fast, test-
time adaptation via latent-space forecasting. Unlike conventional
models that rely on direct coordinate regression, which can be
sensitive to noise and computationally expensive to adapt online,
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Figure 3. Real-Time Latent Trajectory Predictor (RT-LTP). The model

processes map features and historical trajectories through a feature encoder

with actor-specific tokens, while future supervision signals are embedded

separately using a different encoder. The encoded history and map features

are passed through the latent predictor, which generates future latent repre-

sentations. The pipeline is supervised by the encoded and coordinates-level

future trajectories, ensuring adaptation through latent-space loss (Ll ) and

coordinate-space loss (Lc).

RT-LTP predicts future motion in a compact, semantically struc-
tured latent space. RT-LTP offers a lightweight, real-time fore-
casting solution that significantly improves adaptation robustness
and efficiency. In the remainder of this section, we formalize the
problem setup and real-time adaptation challenges (Sec.), intro-
duce our latent-space prediction architecture (Sec.), and describe
the online learning mechanism that enables efficient test-time up-
dates (Sec. ).

Problem Definition
Mathematical Definition The objective is to predict the joint
future trajectories of N agents A = {a1, . . . ,aN}, where a1 is the
ego vehicle. For each agent ai, we define its historical trajectory
over Th timesteps as X i = {xi

t ∈ Rd | t =−Th, . . . ,0} and its future
trajectory over Tf steps as Y i = {yi

t ∈ Rd | t = 1, . . . ,Tf }. Given
the full set of histories X1:N and the environmental map context
M (e.g., lane topology and connectivity), we learn a function Fθ

to produce joint forecasts:

Ŷ 1:N = Fθ (X
1:N ,M ) (1)

The model Fθ utilizes attention mechanisms to encode multi-
agent interactions and spatial relationships between agents and
the map context.

Online Learning with Partial Future Observations We as-
sume partial ground-truth future trajectories Y i

obs = {yi
t ∈ Y i |

t ≤ To} become observable after a short delay, where To < Tf .
These observations provide a weak supervision signal for real-
time adaptation. At each timestamp tτ , aligned with an optimiza-
tion stride τ , the model receives new partial observations Y 1:N

obs (tτ )
to refine its predictions. The resulting adapted prediction function
is:

Ŷ ′1:N = F ′
θ (X

1:N ,M ,Y 1:N
obs ) (2)

where F ′
θ

denotes the model parameters updated via online learn-
ing.

Real-Time Constraint To ensure that our method is deployable
in real-world autonomous systems, we impose a strict real-time
constraint: the total runtime, including both online adaptation and
inference, must not exceed 1 second. This threshold follows prior
works on low-latency adaptation [26, 27], and is designed as a
conservative upper bound on per-update computation time, rather
than a delay in reaction. In practice, our model operates well
within this limit. For example, Fast RT-LTP achieves online up-
date and inference in approximately 0.33 seconds per cycle, leav-
ing substantial time for downstream planning and control.

Optimization Stride To simulate the diverse update rates en-
countered in real-world sensor systems, we define the optimiza-
tion stride as the number of input frames processed between two
consecutive online adaptation steps. This stride directly controls
how frequently the model updates its parameters during deploy-
ment, reflecting the latency and bandwidth constraints of the sens-
ing pipeline. For example, a stride of 30 indicates that the model
performs one adaptation step after processing 30 frames. This is
equivalent to once per second at 30 FPS. Smaller strides (e.g., 12)
correspond to more frequent updates and faster adaptation, while
larger strides (e.g., 60) mimic lower-frequency updates typical of
bandwidth-limited or delayed systems.

Latent-Space Predictor
Our framework consists of three components: latent repre-

sentation learning, latent future prediction, and trajectory decod-
ing. The latent predictor is defined as:

Ŷl = Gθ (Fθ (X ,M )) (3)

where Fθ is a shared Transformer-based encoder for histori-
cal motion X and map context M , and Gθ is a latent predic-
tor. To capture agent-specific behavior, we add learnable actor
tokens α(c) to the trajectory embeddings: hx = E(X)+α(c) and
hm = E(M ).

To train Gθ , we align its prediction with a target embedding
Yl obtained by passing the ground-truth future Y through the en-
coder at time tτ using a stopgrad operation:

Yl = stopgrad(Fθ (Ytτ )) (4)

This design, inspired by I-JEPA [28], ensures a stable supervision
target and forces the model to learn meaningful temporal map-
pings. We supervise the ego and surrounding agents separately
via a factorized latent alignment loss:

Ll = λe · ℓ1(Ŷel ,Yel)+λo · ℓ1(Ŷol ,Yol) (5)

This complements the coordinate-space loss Lc =
1
N ∑

N
n=1 mink∈K ∥yn

tτ − ŷn,k
tτ ∥2. While Lc supervises physical

accuracy, Ll enforces semantic consistency and provides
robustness to sensor noise and sparse supervision during
adaptation.

Compared to prior works [11, 29], our method bypasses
heavy reconstruction or contrastive objectives. By directly align-
ing predicted trajectories with frozen embeddings, we achieve a
compact, expressive, and end-to-end forecasting pipeline tailored
for real-time deployment.
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Figure 4. Efficient Latent Predictor. In pretraining, the data passes

through the regular Transformer blocks (gθ i from Gθ ), where the full model

parameters are optimized to achieve high accuracy without time constraints.

During online learning, the data is processed through the online learning lay-

ers lθ i, where a learnable low-rank matrix is introduced to reduce the number

of trainable parameters by approximately 70%. The latent predictor produces

latent representations for both the ego agent and other agents.

Online Learning Process
As the system advances, partial ground-truth future segments

Yobs become observable. We use these points as weak supervision
for periodic online adaptation based on an optimization stride.
During adaptation, the encoder Fθ and decoder Zθ are frozen.
We generate a latent supervision signal from the observed future:

Y obs
l = stopgrad(Fθ (Yobs)) (6)

The latent predictor is updated by minimizing a joint loss: L =
λlLl + λcLc, where Ll enforces latent consistency and Lc
provides coordinate-space supervision via a Winner-Takes-All
(WTA) loss.

LoRA-ACT : To enable efficient adaptation, we propose LoRA-
ACT, which injects trainable low-rank matrices into the Q,K,V
projections of the latent predictor. We dynamically adjust the rank
r based on the change in a feedback metric Ct (mADE6). Starting
at r = 4, the rank expands if performance degrades significantly:

rt =


4, initialization
min(0.1demb,rt−1 +1), if Ct −Ct−1 > δinc

rt−1, otherwise

(7)

This mechanism allows the model to increase capacity during do-
main shifts while maintaining a lightweight profile for real-time
deployment. By updating only the low-rank parameters, LoRA-
ACT preserves predictive accuracy across diverse environments
without high computational overhead.

Experiments
Setup

We evaluate our approach on four motion forecasting bench-
marks: INTERACTION [30], nuScenes [31], Waymo Open
Motion [32], and Lyft Level 5 [33]. Using the TrajData frame-
work [34], we utilize a 2.0s historical context and 6.0s prediction
horizon sampled at 2Hz (input/output lengths of 5/12).

Baselines include our Pretrained (non-adaptive) backbone,
ALPaCA [35], TENT [36], MEKFλ [37], OL [14], and
T4P [11]. To assess performance under varying temporal con-
straints, we evaluate across multiple optimization strides (12, 24,
25, 30, and 60), representing update rates from 2.5 Hz to 0.5
Hz. This range reflects typical sensor frequencies and tests the
model’s robustness to infrequent updates.

Results
Quantitative Results Table 1 summarizes performance across
various dataset shifts (Source →Target). Our full model, RT-
LTP, consistently achieves the highest forecasting accuracy, out-
performing both offline baselines and existing online adaptation
methods. This performance highlights the model’s robustness to
domain shift and multimodal uncertainty.

Central to this success is our design choice to perform tra-
jectory prediction within a structured latent space. By encoding
agent histories and map context into a shared, temporally-aligned
representation, RT-LTP ensures that prediction and supervision
operate within the same feature space, avoiding distribution mis-
matches inherent in coordinate-space regression. Aligning the
predictor with frozen ground-truth future embeddings—acting as
semantic anchors—enables the model to learn domain-invariant
motion patterns. Consequently, RT-LTP maintains high-fidelity
predictions in complex scenes involving abrupt maneuvers and
dense interactions, bridging the training-deployment gap.

Efficiency While RT-LTP offers the best accuracy, Fast RT-LTP
can significantly reduce the number of parameters involved in
online learning. As shown in Figure 6, Fast RT-LTP maintains
strong predictive performance with only a marginal drop in accu-
racy compared to RT-LTP (see Table 1), but achieves up to 54%
reduction in total adaptation time. Notably, both RT-LTP and
Fast RT-LTP remain well below the 1-second real-time latency
threshold even as the optimization stride increases. This ensures
seamless integration with high-frequency sensor inputs and guar-
antees timely predictions in safety-critical autonomous systems.
Our framework therefore offers a practical trade-off: RT-LTP for
maximum accuracy, and Fast RT-LTP for latency-sensitive de-
ployments, both outperforming existing methods.

Short Term Prediction In the short-term forecasting setup, fol-
lowing the T4P definition, models are required to predict 3 sec-
onds into the future given only 0.9 seconds of past observations
sampled at 0.1s intervals, resulting in input and output sequence
lengths of 10 and 30, respectively. This configuration imposes
a more extreme prediction challenge with limited historical con-
text and rapid temporal dynamics. As shown in Table 2, RT-LTP
consistently achieves the lowest mADE6 and mFDE6 across all
cross-dataset shifts, demonstrating strong generalization and ro-
bustness even under highly constrained conditions. By contrast,
Fast RT-LTP exhibits a slight degradation in accuracy due to its
LoRA-based lightweight adaptation. These results underscore
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Table 1. Each model is trained on the source dataset and performs online learning on the target dataset (source → target). We
evaluate performance using mADE6 and mFDE6, where lower values indicate better accuracy. Colors indicate the best and

second best results respectively.

nus → lyft way → lyft way → nus Mean

Models Online Learning mADE 6 mFDE 6 mADE 6 mFDE 6 mADE 6 mFDE 6 mADE 6 mFDE 6

Pretrained ✗ 0.939 2.311 0.636 1.432 1.75 3.35 1.108 2.364

TENT ✓ 1.068 2.514 0.628 1.381 1.077 2.012 0.924 1.969

MEKF ✓ 1.006 2.369 0.615 1.351 1.117 2.14 0.913 1.953

ALPaCA ✓ 1.462 2.573 0.977 2.184 1.495 2.978 1.311 2.578

OL ✓ 1.309 2.484 0.647 1.233 1.123 2.155 1.026 1.957

T4P ✓ 0.776 1.820 0.549 1.171 0.996 1.784 0.774 1.592

RT-LTP (ours) ✓ 0.546 1.246 0.512 1.167 1.034 2.13 0.697 1.514

Fast RT-LTP (ours) ✓ 0.571 1.335 0.513 1.168 1.093 2.303 0.726 1.602

Figure 5. The figure illustrates ground-truth trajectories ( red arrows), our proposed method (RT-LTP) predictions ( blue arrows), and baseline T4P predictions

( green arrows) across multiple driving scenarios. The white lanes represent driveway on the map. Blue boxes represent other actors(other vehicles, bicycles,

pedestrian and motorcycles.) For simplicity, we only depict the best results for multi-modal predictions that closet to the ground-truth trajectories

Table 2. Comparison of short-term trajectory forecasting per-
formance across cross-dataset distribution shifts. Colors in-
dicate the best and second best results respectively.

INTER ->nus INTER ->Lyft nus ->Waymo
Models

mADE 6 mFDE 6 mADE 6 mFDE 6 mADE 6 mFDE 6

T4P 0.537 1.137 0.391 0.824 0.336 0.807

RT-LTP (ours) 0.517 1.103 0.358 0.816 0.265 0.679

Fast RT-LTP (ours) 0.543 1.147 0.544 1.275 0.320 0.774

Table 3. RT-LTP performance under edge-case filtering on the
Waymo dataset with Lyft pretraining (Lyft → Waymo).

Only Edge

Case

Short Term Long Term

mADE6 mFDE6 mADE6 mFDE6

✗ 0.265 0.679 1.356 3.401

✓ 0.266 0.694 1.408 3.526

RT-LTP’s ability to deliver state-of-the-art accuracy under short-
horizon prediction tasks, while Fast RT-LTP provides a practical
speed–accuracy trade-off for latency-sensitive deployments.

Edge Cases To assess the robustness of RT-LTP under high-risk
traffic scenarios, we conduct an evaluation on the Waymo dataset
using a model pretrained on Lyft (i.e., Lyft → Waymo). Edge
cases are isolated using the TrajData [34] distance filter, selecting
scenes where the ego vehicle is within 5 meters of another agent.

Table 4. Impact of different components in our framework on
forecasting performance under the long term nus → Lyft set-
ting. The Predictor column corresponds to the latent predic-
tor, Online indicates the online learning module, and Efficient
denotes our efficiency-oriented optimization strategy.

Modules
mADE6 / mFDE6

Max Optimization
Time (s)

Max Inference
Time (s)Predictor Online Efficient

✓ ✓ 0.939 / 2.311 N/A 0.25
✓ ✓ 0.723 / 1.594 0.17 0.27

✓ ✓ 0.546 / 1.246 0.54 0.29
✓ ✓ ✓ 0.571 / 1.335 0.33 0.24

We follow the standard short-term (0.1s interval) and long-term
(0.5s interval) prediction settings from prior setting. As summa-
rized in Table 3, RT-LTP maintains stable performance in these
challenging scenarios, with only minor increases in error metrics.
This indicates the model’s strong generalization to dense, inter-
active environments and confirms its reliability under distribution
shift and real-world edge conditions.

Ablation Studies
To assess the contributions of each component in our pro-

posed framework, we conduct an extensive ablation study evalu-
ating the impact of the latent predictor, online learning module,
efficiency-driven optimization strategy, the number of predictor
blocks, and multiple update passes.
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Figure 6. The top row illustrates the forecasting error as the optimization stride increases, while the bottom row shows the maximum total runtime (including

both optimization and inference). Our proposed methods maintain consistently low error while ensuring real-time efficiency, staying within the 1-second threshold

(dashed red line).

Figure 7. Ablation Study on the Online Learning Module. The figure

compares trajectory predictions before and after applying the online learning

module. The left panel displays the initial prediction (purple arrow) before

adaptation, while the right panel shows the refined prediction (blue arrow)

after the online learning update.

Modules Table 4 shows the impact of each module on per-
formance. The latent predictor enhances trajectory accuracy by
structuring future motion representations, reducing error by 23%.
The online learning module further improves adaptation to dis-
tribution shifts, refining predictions as shown in Figure 7. The
efficiency module reduces optimization time from 0.54s to 0.33s
without compromising accuracy. These results validate our ap-
proach’s ability to balance computational cost and prediction
quality, ensuring real-time adaptability in high-speed autonomous
scenarios.

Predictor Blocks Table 5 examines the effect of varying the
number of Transformer blocks in the latent predictor. Increas-
ing the number of blocks can possibly improves accuracy up to

Table 5. Ablation study on the latent predictor, showing the
effect of varying the number of Transformer blocks on long-
term trajectory forecasting performance under the nus → Lyft.

Numbers of
Predictor Blocks

mADE6 / mFDE6
Max Optimization

Time (s)
Max Inference

Time (s)
1 0.610 / 1.455 0.39 0.28
2 0.546 / 1.246 0.54 0.27
3 0.647 / 1.533 0.58 0.29
4 0.581 / 1.361 0.61 0.45

a certain extent; however, adding more blocks beyond two leads
to diminishing returns and increased optimization time. Notably,
using two predictor blocks achieves the best trade-off between
accuracy and efficiency, reducing mADE6 from 0.610 to 0.569
while keeping the optimization time within acceptable limits.

Conclusion
In this work, we present RT-LTP, an efficient online learn-

ing framework for real-time trajectory prediction. By align-
ing predicted and ground-truth embeddings in a compact latent
space, RT-LTP enables fast, scalable test-time learning without
full model updates. Experiments show up to 21% accuracy gains
and 54% faster adaptation, demonstrating strong performance un-
der time-sensitive, real-world conditions.
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