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Abstract

Pedestrian trajectory prediction is crucial for many in-
telligent tasks. While existing methods predict future tra-
jectories from fixed-frame historical observations, they are
limited by the observational perspective and the need for
extensive historical information, resulting in prediction de-
lays and inflexible generalization in real-time systems. In
this paper, we propose a novel task called Transferable On-
line Pedestrian Trajectory Prediction (TOTP), which syn-
chronously predicts future trajectories with variable ob-
servations and enables effective task transfer under dif-
ferent observation constraints. To advance TOTP model-
ing, we propose a Temporal-Adaptive Mamba Latent Diffu-
sion (TAMLD) model. It utilizes the Social-Implicit Mamba
Synthesizer to extract motion states with social interac-
tion and refine temporal representations through Temporal-
Aware Distillation. A Trend-Conditional Mamba Decom-
poser generates the motion latent distribution of the fu-
ture motion trends and predicts future motion trajectories
through sampling decomposition. We utilize Motion-Latent
Mamba Diffusion to reconstruct the latent space disturbed
by imbalanced temporal noise. Our method achieves state-
of-the-art results on multiple datasets and tasks, showcas-
ing temporal adaptability and generalization ability.

1. Introduction
Pedestrian trajectory prediction aims to predict the future

spatial positions of movement trajectories with observed

trajectories [37], which is widely applied in autonomous

driving [4, 51], social robots [24], and video surveillance

[46]. Existing pedestrian trajectory prediction tasks can be

broadly categorized into two types: traditional 8-12 proto-

col [1, 12, 28, 53, 55] and momentary prediction [29, 43].

The traditional 8-12 protocol involves extracting 8-frame

observed trajectories to predict 12-frame future trajectories,
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Figure 1. Comparison of three trajectory prediction tasks. Existing

tasks (a) and (b) are constrained by the fixed-frame protocol, with

observation omissions and insufficiencies in the limited perspec-

tive. Our proposed task (c) performs the comprehensive prediction

for all observations in the video.

as shown in Fig. 1 (a). Studies [3, 26, 27, 33, 54] have

achieved significant prediction accuracy in the fixed obser-

vation duration paradigm. However, due to the spatial con-

straints of the observation perspective, pedestrians visible

for only a limited number of frames are not suitable for

traditional prediction. This leads to safety risks that are

selectively overlooked in practical applications. The mo-

mentary prediction reduces prediction costs and uses only

2-frame observed trajectories for future trajectory predic-

tion, as shown in Fig. 1 (b). The simplification of this pro-

cess leads to performance degradation due to the neglect of

long-term information during prediction.

Although these methods have achieved impressive per-

formance, existing tasks struggle to be applied to real-time

systems due to the following three challenges.

• Observation Constraints. Due to view constraints, ne-
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glecting inadequate observations or observed long-term

information leads to prediction delays or inadequacies.

• Evaluation Omissions. The exclusion of future trajecto-

ries with fewer than 12 frames from evaluation results in

low utilization of the annotated data.

• Inflexible Generalization. The fixed observation of mo-

tion information results in ineffective transfer across tasks

with different temporal information.

To address these issues, we propose the Transferable On-

line Pedestrian Trajectory Prediction task (TOTP). The ob-

jective of TOTP is to perform predictions with accessible
observations of different lengths for all pedestrians ex-
hibiting movement trends within videos, as shown in Fig.

1 (c). Meanwhile, it requires efficient transferability across

traditional, momentary, and online tasks, thereby achieving

seamless integration and simultaneous application in both

online and offline prediction systems. With this design, the

task can effectively address the diverse pedestrian predic-

tion problems in complex scenarios, including pedestrians

entering the scene, pedestrians located at the observation

center, and pedestrians who are about to leave the scene si-

multaneously. This makes the task more challenging and of

greater practical significance.

To address the requirements of TOTP, we propose a

Temporal-Adaptive Mamba Latent Diffusion (TAMLD)

framework, which integrates multiscale observation dura-

tions with a Mamba-based motion state space model [10].

This framework is designed to extract motion states from

multi-scale trajectories, mitigate temporal sparsity imbal-

ance, and capture real-time interactions among pedestri-

ans with heterogeneous historical information. Specifically,

we introduce a Social-Implicit Mamba Synthesizer to ex-

tract the real-time motion state reflecting implicit interac-

tions among multiple pedestrians. Additionally, we develop

a Temporal-Aware Distillation module to ensure more ro-

bust and adaptive motion dynamics by effectively reduc-

ing temporal imbalance. The motion state features are then

fed into the proposed Trend-Conditional Mamba Decom-

poser to generate motion latent distributions that reflect fu-

ture motion trends. Finally, a Motion-Latent Mamba Dif-

fusion module is introduced to reconstruct the stable latent

representations, thereby effectively alleviating the impact of

imbalanced temporal noise.

Our approach primarily has three contributions:

• As far as we know, we are the first to propose Transfer-

able Online Pedestrian Trajectory Prediction (TOTP). It

overcomes the constraints of imbalanced temporal infor-

mation and fixed observations in the three challenges.

• We propose Temporal-Adaptive Mamba Latent Diffusion

(TAMLD) for the TOTP task. TAMLD leverages a mo-

tion state space model to extract motion states. It fur-

ther generates motion latent distributions to capture mo-

tion trends and employs a diffusion model to reconstruct

future motion states.

• TAMLD achieves state-of-the-art results on two public

datasets and three pedestrian trajectory prediction tasks.

It effectively enables the proposed TOTP task with tem-

poral adaptability and task transferability.

2. Related Work

2.1. Traditional Pedestrian Trajectory Prediction
Early research employs mathematical models such as Gaus-

sian process regression [17, 50] and the social force model

[13]. Subsequent studies transform trajectory prediction

into a sequential processing task, utilizing Recurrent Neu-

ral Networks [1, 45, 57, 61] to extract deep features. Recent

studies introduced Graph Neural Networks [16, 28, 52] and

Transformer [9, 58, 59] to capture interactions among mul-

tiple individuals, gradually forming the encoder-decoder

structure of the Sequence-to-Sequence paradigm. These ap-

proaches have increased reliance on trajectory information,

making them susceptible to data-driven influences and dif-

ficult to transfer to other trajectory prediction tasks.

Considering the stochastic nature of pedestrian move-

ment, deterministic trajectory prediction struggles to cap-

ture the diversity of motion modes. Therefore, some studies

have introduced Generative Adversarial Network (GANs)

[2, 7, 12, 15, 38] and Conditional Variational Autoencoder

(CVAE) [25, 30, 39, 49, 55, 60] to model future motion as

a stochastic space, and respectively approximate the known

conditional motion distribution through adversarial training

and the Evidence Lower Bound (ELBO). However, a sin-

gle distribution still finds it challenging to represent the am-

biguous complexity of motion. MID [11] sets the stochastic

space as the result of overlaying random noise from mul-

tiple complex factors and combines diffusion [14] with the

Transformer model [47] for multi-step reverse denoising to

reconstruct the distribution of motion trends. Subsequent

studies [3, 27] follow this direction, focusing on the ini-

tialization process of the stochastic space. Different from

existing methods, we employ a motion state space model

to extract the motion state and reconstruct the deep motion

states by denoising them in a high-dimensional space.

2.2. Momentary Pedestrian Trajectory Prediction
The traditional trajectory prediction task is not suitable for

real-time systems. Some studies [23, 44] propose video-

based trajectory prediction to reduce data annotation costs

and enhance the generalization performance. On the other

hand, studies [29, 43] address sudden safety concerns by

simplifying the task to predict trajectories instantly using

only two-frame observed trajectories. BCDiff [21] employs

a bidirectional diffusion model to reconstruct observed in-

formation and future states of instantaneous trajectories.

The prediction of instantaneous pedestrian trajectories fo-

26264



Social-Implicit Mamba Synthesizer (SIMS)

φvφv

φqφq

Cross 
Attention

Initialize

φfφf Motion
SSM

Motion
SSM

φmpφmp
Initialize

Future Motion

φPφPφQφQ

Sample

φzφz

Ego Motion

Trend-Conditional Mamba Decomposer (TCMD) Motion-Latent Mamba Diffusion (MLMD)

φdφd

Next Step

Social Graph

Neighbor Motion

Next Step

Motion
SSM

Variance 
Schedulers

φe

φnφnDenoiseDenoise

φoφo

φdφd
Predicted Motion

Overall Process

φk

φo

SIMSSIMS

SIMSSIMS TCMDTCMD

TCMDTCMD
MLMDMLMD

Trend-Aware 
LSTM

Trend-Aware 
LSTM

Figure 2. Architecture of Temporal-Adaptive Mamba Latent Diffusion. Dashed arrows are implemented during training.

cuses on sparse temporal motion states, yet motion changes

also depend on accumulated long-term information. Our

approach simultaneously analyzes motion state changes un-

der variable-length observations in real-time videos, pos-

sessing scalability and efficient transferability tailored for

imbalanced temporal settings.

2.3. Online Pedestrian Trajectory Prediction
Existing studies [32, 48] implement real-time object track-

ing and validate the effectiveness of the online system. Re-

search [8] predicts vehicle online trajectories, and the ap-

proach focuses on the centralization of the agent rather

than limited observations. LaKD [22] and FLN [56] pro-

pose length-agnostic vehicle trajectory prediction to over-

come the temporal imbalance. SingularTrajectory [3] effec-

tively applies the singular value space to multiple trajectory

prediction tasks, yet it remains constrained by the fixed-

observation protocol. Taking into account the strengths of

these studies and the challenges of existing tasks, we intro-

duce the TOTP task. This task aligns with the distribution of

observations in the videos. Furthermore, our approach em-

phasizes the efficient transferability across multiple tasks,

which includes the scalability towards sparse or ample ob-

servations driven by imbalanced temporal information.

3. Methodology
The primary objective of TOTP is to predict the future mo-

tion trajectories of each pedestrian appearing in the video

as they exhibit motion tendencies with variable observa-

tions. Specifically, we propose Temporal-Adaptive Mamba

Latent Diffusion (TAMLD), and the overall architecture is

shown in Fig. 2. It includes the Social-Implicit Mamba

Synthesizer (SIMS), which extracts motion state features

from the observed trajectory xi = {x1
i , x

2
i , · · · , xtio

i } of

the i-th pedestrian with tio frames (tio ≥ 2, manifesta-

tion of the motion trend). Notably, our approach incor-

porates Temporal-Aware Distillation to rectify feature dis-

parities arising from temporal sparsity. Within the Trend-

Conditional Mamba Decomposer (TCMD), we generate

the motion latent features constrained by future motion

trends and decompose it to predict the future trajectory

yi = {xtio+1
i , x

tio+2
i , · · · , xtio+tif

i } of the next tif frames (if

tif > 12, we predict only 12 frames). And we employ

Motion-Latent Mamba Diffusion (MLMD) for denoising

the imbalanced temporal noise in the motion latent features.

3.1. Social-Implicit Mamba Synthesizer

We propose the motion state space model (Motion SSM)

to retain the temporal information of different-scale trajec-

tories in the motion latent state and regulate preservation

with Mamba [10]. The motion latent state is influenced by

interactions with other pedestrians. Therefore, we divide

the input of the Motion SSM into ego-motion features and

social-interaction features {[oti, sti]|t = 1, 2, · · · , tio}. oti
is obtained through embedding spatial position and motion
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Figure 3. Structure of Temporal-Aware Distillation.

velocity, as shown in Eq. (1).

oti = ϕo([x
t
i, v

t
i ]), v

t
i = xt

i − xt−1
i . (1)

ϕo denotes the function of the ego-motion embedding. Fol-

lowing research [2], we describe the social feature kti as

the Euclidean distance, cosine value, and predicted distance

for the next step between pedestrian i and neighbor mo-

tion [xt
N
, vt

N
] = {[xt

j , v
t
j ]|j ∈ neighbor(i)} at time t. sti is

obtained through cross attention computation [47] between

motion state features ht
i and kti , as shown in Eq. (2).

sti = softmax(ϕq(h
t
i) · ϕk(k

t
i))ϕv([x

t
N
, vt

N
]), (2)

where h0
i is initially set to o0i . ϕq , ϕk and ϕv represent the

embedding functions in the cross attention mechanism.

We inject the fusion features into the motion state space

model to incrementally update the transition of motion la-

tent states, thereby synthesizing social-implicit motion state

features. This process can be represented as Eq. (3).

ht+1
i , Hi = SSM(ϕf ([o

t
i, s

t
i]), Hi), (3)

where ϕf and SSM denote the function of the fusion em-

bedding and the motion state space model. The motion la-

tent state feature Hi is initialized using the embedding of

o0i . The operation of SSM follows research [10].

Temporal-Aware Distillation. When extracting the real-

time motion state from online trajectories, the selective

mechanism can control the retention of motion latent states,

stabilizing them within a certain range as they are itera-

tively updated. Additionally, considering the distinctiveness

in observation trajectory lengths among different pedestri-

ans, we propose Temporal-Aware Distillation to reduce the

temporal information imbalance. Specifically, we randomly

discard the initial tir frames of the i-th pedestrian with long

observed trajectories to approximate the motion latent states

under temporal sparsity observations, as indicated by the

red arrows in Fig. 3. The distillation loss Lt can be de-

scribed by Eq. (4). E denotes the average expectation.

Lt = Ei‖Hi(xi)−Hr
i (x

tio−tir
i , · · · , xtio

i )‖22, (4)

where Hr
i represents the motion latent state features ex-

tracted with temporal dropout. Reducing the sparsity dif-

ference can enhance the temporal adaptability of social-

implicit motion state features for synchronously predicting

trajectories with observations of different scales.

3.2. Trend-Conditional Mamba Decomposer
In order to transition from real-time motion states of ob-

served trajectories to future motion states, we propose a

CVAE-based [41] motion latent generation model. We en-

code the ego-motion features of future motion trajectories

through Trend-Aware LSTM into motion trend features mt
i,

which is shown in Eq. (5). It is utilized as a conditional

constraint for the motion latent distribution.

{mt
i} = TAL({oti}, htio

i ), t = tio + 1, · · · , tio + tif , (5)

where TAL denotes the function of the Trend-Aware

LSTM. The choice of using LSTM for the embedding of

motion trends instead of Mamba is to reduce complexity,

preventing overfitting that may arise from the difficulty of

fitting the motion latent distribution under conditional con-

straints. Subsequently, h
tio
i is transformed into initial motion

state features h
tio+1
i through motion state initial embedding

ϕmp. We utilize ht
i to generate two Gaussian distributions.

The trend-conditional latent distribution Qt
i is employed for

training, while the motion latent distribution P t
i is used for

inference. The process is shown as Eq. (6).

Qt
i = ϕQ([h

t
i,m

t
i]), P

t
i = ϕP (h

t
i)),

Lkl = Ei,t log(
Qt

i(z
t
i |ht

i,m
t
i)

P t
i (z

t
i |ht

i)
), t = tio + 1, · · · , tio + tif ,

(6)

where ϕQ and ϕP represent the motion latent embedding

functions. The motion latent feature zti is sampled from the

distribution Qt
i. We approximate trend-conditional gener-

ation by minimizing the KL divergence loss Lkl computed

based on probability Qt
i(z

t
i |ht

i,m
t
i) and P t

i (z
t
i |ht

i). The pre-

dicted motion velocity v̂ti is derived by decomposing the

fused features of zti and ht
i, and used to predict future mo-

tion trajectories ŷi through the accumulation function
∑

d.

The decomposition process is illustrated in Eq. (7).

v̂ti = ϕd(h
t
i, z

t
i), Ld = Ei‖yi − ŷi‖22, ŷi =

∑
d
v̂ti , (7)

where ϕd and Ld denotes the decoding function and the de-

composed loss, respectively. We re-encode v̂ti through em-

bedding ϕz and inject it into the Motion SSM to selectively

control the preservation of the latent state, enabling the ex-

traction of states to adapt to different temporal scales. The

process is illustrated in Eq. (8).

ht+1
i , Hi = SSM(ϕz(v̂

t
i , z

t
i), Hi), (8)

where SSM follows the same computation as Eq. (3), but

without parameter sharing. The motion state features and

coarse-grained predicted trajectories are obtained with the

iterative loop of motion state synthesis and predicted motion

velocity decomposition.
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3.3. Motion-Latent Mamba Diffusion
Although the motion latent distribution under the super-

vision of the KL divergence loss approximates the trend-

conditional distribution, there still exists some discrepancy

due to the influence of sampling randomness. We model the

motion latent distribution as a result of the motion trend in-

fluenced by imbalanced temporal noise, and introduce the

diffusion model [14] to reconstruct the motion latent space

through forward noise addition and reverse denoising. In-

spired by research [36], we denoise the latent space instead

of the motion velocity. This aims at reducing the impact of

motion variation with changes in the dataset on one hand

and enhancing the dimension of motion latent representa-

tions on the other. Specifically, while freezing the param-

eters of previous modules, Gaussian noise δti is progres-

sively added to zti . The noised motion latent space εk is

constructed as done in research [11, 34], and the backward

stepwise denoising process can be represented as Eq. (9).

εk−1 =
1√

1− βk

(εk− βk√
1− αk

δ̂ti)+
√
βkδz, δz ∈ N (0, 1),

(9)

where βk denotes variance schedulers and αk =∏k
s=1 (1− βs). We employ the Motion SSM to obtain

the predicted Gaussian noise δ̂ti under conditions of motion

state features. It accommodates the learned motion states

ht
i, Hi. This process is illustrated in Eq. (10).

δ̂ti = ϕn(SSM(ϕe(h
t
i, εk), Hi)), (10)

where ϕn and ϕe represent the imbalanced temporal noise

decoding function and the motion latent conditional fusion

function, respectively. Meanwhile, SSM does not share pa-

rameters with the previous models. During inference, the

denoised motion latent feature is used to replace zti in Eq.

(7), and decomposed to obtain fine-grained velocities.

3.4. Training Objective
The training process of our proposed model is divided into

two phases.

Phase 1: Motion State Extraction and Motion Latent
Generation. During this phase, our objective is to extract

effective motion state features, enhance the generation of

motion latent features with trend conditions, and reduce the

differences in temporal sparsity and approximate probabil-

ity distribution. The loss function formulation can be repre-

sented as Eq. (11), where γ1, γ2, γ3 are the hyperparameters

controlling the loss weights.

L = γ1Ld + γ2Lkl + γ3Lt. (11)

Phase 2: Denoising Reconstruction of Motion Latent
Space. While freezing the parameters learned in the previ-

ous phase, our objective is to minimize the prediction loss of

imbalanced temporal noise. Therefore, Lθ = Ei,t‖δti− δ̂ti‖22
is used for supervised training in this phase.

4. Experiments
4.1. Experimental Setup
Dataset. ETH [31]-UCY [20] and Stanford Drone Dataset

(SDD) [35] are two widely used real-world pedestrian

trajectory datasets. ETH-UCY collectively contains over

1500 pedestrians from five scenes (ETH, HOTEL, UNIV,

ZARA1, ZARA2). We follow the leave-one-out evaluation

protocol, where four sub-datasets are used for training, and

the remaining one is used for testing. SDD includes pedes-

trian motion trajectory data from a large number of cam-

pus scenarios from bird’s-eye view perspectives. Due to the

limited field of view in the original video, pedestrians who

have just entered, those with sufficient movement history,

and those about to leave can coexist simultaneously. There-

fore, online trajectory prediction is crucial for real-time ob-

servation systems in these datasets.

Evaluation Metrics. Referring to the widely used Average

Displacement Error (ADE) and Final Displacement Error

(FDE) metrics, we introduce evaluation metrics ADEo and

FDEo for variable-length online pedestrian trajectory pre-

diction. Concurrently, we follow the Best-of-N protocol in

research [12, 55], which involves generating 20 prediction

trajectories simultaneously and evaluating the best result.

ADEo = Ei,t‖yti − ŷti‖2, FDEo = Ei‖yt
i
f

i − ŷ
tif
i ‖2. (12)

Implementation Details. The structure of TAMLD con-

sists of the Mamba [10], CVAE [41], and Diffusion model

[14]. The feature dimension is set to 256, the State feature

dimension for the Motion State Space Model is set to 512,

and the motion latent dimension is set to 32. In the first

phase, the Adam optimizer [18] is utilized with hyperpa-

rameters γ1, γ2, γ3 set to 1, 0.5, 0.5 for training 500 epochs.

The second phase involves training for 200 epochs.

4.2. Quantitative Analysis
We analyze the performance of TOTP in two aspects: online

pedestrian trajectory prediction and task transfer prediction.

Online Pedestrian Trajectory Prediction. We compare

our method with existing state-of-the-art (SOTA) methods

on the online trajectory prediction task, as shown in Ta-

ble 1. The results indicate that TAMLD achieves state-of-

the-art online trajectory prediction results on all datasets.

On the ETH-UCY dataset, our approach has significantly

improved by 44.7% on ADEo and 43.5% on FDEo com-

pared to the latest SOTA method [19]. In comparison to the

RNN-based method [55] and Transformer-based method

[40], TAMLD also shows improvements of 27.6%/22.2%

and 51.2%/53.3% on ADEo/FDEo, which is attributed to

Mamba’s compatibility with controlling motion states of

varying-duration trajectories. On the SDD dataset, our ap-

proach demonstrates a 5.87%/4.51% performance advan-

tage in ADEo/FDEo metrics. Through comparison, it elu-
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Dataset PECNet [25] CausalHTP [5] LB-EBM [30] MemoNet [53] SocialVAE [55] EqMotion [54] TUTR [40] MART [19] TAMLD

ETH 0.94/1.47 0.82/1.32 0.75/1.17 0.58/1.04 0.44/0.70 0.69/1.14 0.63/1.07 0.59/0.93 0.35/0.56

HOTEL 0.55/0.87 0.56/0.97 0.44/0.78 0.29/0.55 0.22/0.28 0.32/0.67 0.26/0.45 0.25/0.41 0.13/0.21

UNIV 0.72/0.96 0.59/1.01 0.55/0.96 0.32/0.71 0.30/0.52 0.45/0.91 0.47/0.86 0.42/0.75 0.24/0.44

ZARA1 0.86/1.14 0.66/1.09 0.64/0.96 0.31/0.59 0.24/0.37 0.40/0.74 0.42/0.71 0.32/0.52 0.16/0.29

ZARA2 0.77/0.94 0.59/0.93 0.55/0.91 0.30/0.57 0.23/0.36 0.38/0.71 0.37/0.66 0.30/0.48 0.15/0.26

AVG 0.77/1.08 0.64/1.06 0.59/0.96 0.36/0.69 0.29/0.45 0.45/0.83 0.43/0.75 0.38/0.62 0.21/0.35

SDD 10.16/16.22 9.14/15.93 8.97/15.90 8.55/12.44 8.37/12.26 8.79/12.95 8.58/12.82 8.35/12.43 7.86/11.87

Table 1. The ADEo/FDEo metric comparison of the online trajectory prediction task on the ETH-UCY (meters) and SDD (pixels) datasets.

The lower the metric, the better the prediction performance. The bold/underlined font represents the best/second-best results.

Dataset Social-GAN [12] PECNet [25] LB-EBM [30] MemoNet [53] GroupNet [52] EqMotion [54] TUTR [40] MART [19] TAMLD

ETH 0.87/1.62 0.54/0.87 0.30/0.52 0.40/0.61 0.46/0.73 0.40/0.61 0.40/0.61 0.35/0.47 0.39/0.58

HOTEL 0.67/1.37 0.18/0.24 0.13/0.20 0.11/0.17 0.15/0.25 0.12/0.18 0.11/0.18 0.14/0.22 0.13/0.18

UNIV 0.76/1.52 0.35/0.60 0.27/0.52 0.24/0.43 0.26/0.49 0.23/0.43 0.23/0.42 0.25/0.45 0.22/0.37

ZARA1 0.35/0.68 0.22/0.39 0.20/0.37 0.18/0.32 0.21/0.39 0.18/0.32 0.18/0.34 0.17/0.29 0.18/0.28

ZARA2 0.42/0.84 0.17/0.30 0.15/0.29 0.14/0.24 0.17/0.33 0.13/0.23 0.13/0.25 0.13/0.22 0.13/0.21

AVG 0.61/1.21 0.29/0.48 0.21/0.38 0.21/0.35 0.25/0.44 0.21/0.35 0.21/0.36 0.21/0.33 0.21/0.32

Table 2. The ADE/FDE metric (meters) comparison of the traditional trajectory prediction task on the ETH-UCY datasets.

cidates that existing methods rely on the similarity of the

trajectory data, while our approach can extract motion state

features from varying-scale online trajectories efficiently.

Traditional Pedestrian Trajectory Prediction. It is worth

noting that TAMLD’s prediction performance on the online

trajectory prediction task closely approaches that of the ex-

isting traditional prediction task. To further validate the

adaptability of our approach in pedestrian trajectory anal-

ysis, we evaluate the prediction performance of the ETH-

UCY dataset on the traditional trajectory prediction task, as

shown in Table 2. Our method demonstrates high scalability

and achieves SOTA results in the traditional prediction task.

Compared to MART [19], our approach demonstrates im-

provements of 7.14%/18.18% and 12.0%/17.8% on HOTEL

and UNIV datasets, which include diverse motion modali-

ties and complex social interactions.

Momentary Pedestrian Trajectory Prediction. We also

conduct momentary trajectory prediction, and the com-

parison result is shown in Table 3. Compared to exist-

ing research that experiences significant performance drops

due to sparse information, our method maintains relatively

stable prediction results. Additionally, TAMLD achieves

an improvement of 4.00%/5.00% compared to the SOTA

method [3]. Even when dealing with sparse temporal infor-

mation, TAMLD still effectively extracts momentary mo-

tion states for accurately predicting future motion trajecto-

ries, which further validates its temporal adaptability.

Task Transfer Prediction. Unlike existing research that fo-

cuses on fixed observation tasks, our approach aims to build

a unified framework that not only adapts to temporal infor-

mation but also synchronously performs multiple trajectory

Online Traditional Momentary
ADEo
FDEo

ADE

FDE

ADE

FDE

Figure 4. Task transfer prediction performance.

prediction tasks. Leveraging the temporal adaptability
of TAMLD, models trained on any task can be directly
transferred to the other two tasks. The average predic-

tion results of models trained on the three tasks and trans-

ferred to the remaining tasks are shown in Fig. 4, where

Mo,Mt,Mm represent models trained under online, tradi-

tional, and momentary task settings. Mt and Mm trained on

traditional and momentary tasks that rely on the similarity

of data can effectively transfer to other tasks, albeit with

some performance reduction. Furthermore, Mo demon-

strates comparable performance transferred to other tasks.

It especially showcases performance in momentary trajec-

tory prediction that closely approximates its performance

under the corresponding momentary prediction. This indi-

rectly elaborates that online pedestrian trajectory prediction
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Dataset PECNet [25] AgentFormer[59] MID [11]
SocialVAE [55]

+BCDiff [21]
STT+DTO [29] MOE-Traj++ [43] SingularTrajecory [3] TAMLD

ETH 0.64/1.04 1.10/2.11 0.63/1.05 0.53/0.91 0.62/1.22 0.64/1.12 0.45/0.67 0.45/0.66

HOTEL 0.28/0.53 0.50/1.02 0.29/0.49 0.17/0.27 0.29/0.56 0.20/0.33 0.18/0.29 0.15/0.23

UNIV 0.28/0.49 0.52/1.10 0.30/0.56 0.24/0.40 0.58/1.14 0.33/0.62 0.24/0.43 0.23/0.41

ZARA1 0.25/0.44 0.56/1.18 0.30/0.56 0.21/0.37 0.45/0.98 0.22/0.42 0.19/0.33 0.20/0.33

ZARA2 0.19/0.34 0.43/0.89 0.22/0.40 0.16/0.26 0.34/0.74 0.17/0.32 0.17/0.28 0.16/0.26

AVG 0.33/0.57 0.62/1.26 0.35/0.61 0.26/0.44 0.46/0.93 0.31/0.56 0.25/0.40 0.24/0.38

Table 3. The ADE/FDE metric (meters) comparison of the momentary trajectory prediction task on the ETH-UCY datasets.

Observed Ground-Truth MLD TUTR MART
Figure 5. Visualization of the predicted trajectory.

can enhance the scalability of our method. These results

indicate the generalization ability of our approach.

4.3. Qualitative Analysis
To highlight the accuracy of our prediction results, the vi-

sualization of predicted trajectories is shown in Fig. 5 and

compared with the results of TUTR [40] and MART [19].

From left to right, we sequentially present three instances

of observed initial, central, and final states. Whether the ob-

served temporal information is sparse or ample in historical

data, our approach consistently yields optimal predicted re-

sults. The motion patterns predicted by the other two meth-

ods exhibit monotonicity under the influence of temporal

imbalance. TAMLD can effectively extract the diversity of

motion patterns and accurately predict future motion trajec-

tories in various scenarios, including straight-line motion,

turns, and sudden changes in direction.

While exhibiting temporal adaptability, our approach

also maintains task scalability. The visualization of pre-

dicted trajectories for three tasks using models trained un-

der three different task settings is shown in Fig. 6. In any

task setting, TAMLD can be effectively applied to other

tasks with precise prediction results. For trajectories with

Observed Ground-Truth Mo Mt Mm

Online Traditional Momentary

Figure 6. Visualization of Task Transfer Prediction.

limited observational data, Mm can extract momentary mo-

tion states. Mt retains long-term information and accurately

predicts complex motion patterns of the pedestrians at the

center of observation. Importantly, Mo exhibits compara-

ble prediction performance in all tasks. In conclusion, the

online trajectory prediction task facilitates effective transfer

across tasks. Our method demonstrates both task scalability

and temporal adaptability.

4.4. Ablation Study

To elucidate the effectiveness of each module proposed by

us in extracting motion states and generating latent mo-

tion, we conduct extensive ablation studies of the online

task on the HOTEL, ZARA1, and ZARA2 datasets. These

datasets incorporate multiple motion patterns, social inter-

actions, and complex temporal information. The results

of the ablation study are shown in Table 4. The removal

modules include social interaction features s, Temporal-

Aware Distillation (TAD), Trend-Aware LSTM (TAL), and

Motion-Latent Mamba Diffusion (MLMD). All proposed

modules are effective, with s being utilized to capture mul-

tiple pedestrian interactions. Although TAD does not no-
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s TAD TAL MLMD HOTEL ZARA1 ZARA2

- - - - 0.17/0.24 0.26/0.37 0.23/0.34

� - - - 0.18/0.25 0.24/0.35 0.22/0.32

- � - - 0.17/0.24 0.24/0.36 0.22/0.33

� � - - 0.17/0.24 0.22/0.34 0.21/0.32

� � � - 0.15/0.23 0.19/0.31 0.18/0.29

� � � � 0.13/0.21 0.16/0.29 0.15/0.26

Table 4. Ablation study results.

Observed Ground-Truth MLD w/o MLMD
Figure 7. Visualization of the ablation study for MLMD.

ticeably improve the predictions, it contributes to the task

transfer efficiency and the temporal adaptability of extracted

motion states. TAL utilizes motion trends to enhance the

continuity of future motion latent generation. MLMD re-

duces the instability in latent sampling caused by unknown

conditions, thus both modules contribute to improving pre-

diction performance.

We also conduct visual comparisons of MLMD, as illus-

trated in Fig. 7. MLMD reduces the imbalanced temporal

noise of the motion latent features and ensures stability. It

can yield more stable results and accurately predict future

motion trajectories even with fewer observations and com-

plex motion variations. The number of denoising steps and

the denoising method impact the reconstruction process of

the motion latent space. Therefore, we conduct an ablation

study of the denoising process, as shown in Table 5. Due to

employing KL divergence loss to approximate the motion

latent distribution constrained by the motion trend condi-

tion, we require fewer denoising steps to achieve effective

reconstruction results. Additionally, DDPM refines denois-

ing details to improve prediction results.

Our model is built upon the Mamba model [10] and

exhibits performance improvements compared to existing

RNN-based and Transformer-based methods. To further

demonstrate the effectiveness of the proposed Motion SSM,

we conduct ablation studies by replacing it with GRU [6]

and Transformer [47]. The comparison results, parame-

ters (M), and FLOPs (G) are shown in Fig. 8. The Best-

of-N protocol requires generating 20 prediction trajecto-

ries simultaneously for evaluation, and Motion SSM still

demonstrates significant performance improvements. GRU

Method Steps HOTEL ZARA1 ZARA2

DDPM

6 0.14/0.22 0.17/0.30 0.15/0.26
10 0.13/0.21 0.16/0.29 0.15/0.26
20 0.14/0.23 0.17/0.30 0.17/0.27

40 0.15/0.24 0.18/0.30 0.18/0.28

DDIM

6 0.15/0.24 0.18/0.29 0.16/0.27

10 0.14/0.22 0.17/0.29 0.16/0.27

20 0.15/0.23 0.17/0.30 0.17/0.27

40 0.15/0.24 0.18/0.31 0.17/0.28

Table 5. Ablation study of DDPM [14] and DDIM [42].

Figure 8. Ablation study comparison of the Mamba model.

has larger errors in prediction results. The Transformer im-

proves the prediction performance but has a large number of

parameters and a slower inference speed. Motion SSM can

accurately predict future motion trajectories with less com-

putational cost. These results demonstrate that the Mamba

model can be effectively applied to online trajectory predic-

tion with imbalanced temporal observations.

5. Conclusion

This paper proposes a novel task, called TOTP, to predict the

real-time trajectory of all pedestrians in videos under dif-

ferent observation constraints and efficient transfer across

multiple tasks. Building upon this, we construct TAMLD,

which utilizes the Mamba model to extract real-time mo-

tion states and generate the motion latent feature under fu-

ture trend conditional constraints. Considering the influence

of imbalanced temporal noise, we integrate the diffusion

model to reconstruct the motion latent space. Our method

achieves SOTA results on multiple tasks and exhibits scala-

bility in both the temporal and task domains.
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