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Abstract

Understanding movements in multi-agent scenarios is a
fundamental problem in intelligent systems. Previous re-
search assumes complete and synchronized observations.
However, real-world partial observation caused by occlu-
sions leads to inevitable model failure, which demands a
unified framework for coexisting trajectory prediction, im-
putation, and recovery. Unlike previous attempts that han-
dled observed and unobserved behaviors in a coupled man-
ner, we explore a decoupled denoising diffusion modeling
paradigm with a unidirectional information valve to sep-
arate the interference from uncertain behaviors. Building
on this, we proposed a Unified Masked Trajectory Diffu-
sion model (UniMTD) for arbitrary levels of missing ob-
servations. We designed a unidirectional attention as a
valve unit to control the direction of information flow be-
tween the observed and masked areas, gradually refining
the missing observations toward a real-world distribution.
We construct it into a unidirectional MoE structure to han-
dle varying proportions of missing observations. A Cached
Diffusion model is further designed to improve generation
quality while reducing computation and time overhead. Our
method has achieved a great leap across human motions
and vehicle traffic. UniMTD efficiently achieves 74% im-
provement in minAD FEsy and reaches SOTA with advan-
tages of 91%, 66%, 69%, and 58% across 4 fidelity metrics
on out-of-boundary, velocity, and trajectory length.

1. Introduction

Understanding multi-agent behavior is a critical foundation
in various domains, including autonomous driving [35], ac-
tion analysis [15, 26, 74], video surveillance [79, 83], and
scene generation [69]. Trajectory modeling, which ana-
lyzes and generates the position sequence of multiple agents
within the same scene, is particularly straightforward and
effective for understanding agents’ behavior.

“Corresponding author

Existing methods have made significant strides in tra-
jectory prediction [4, 59, 72, 76, 86, 87], imputation [46,
84, 85], and recovery[20, 22] across multiple fields, such
as human sports and traffic trajectory. However, existing
approaches cannot handle multiple tasks simultaneously,
leaving a gap between methods and real-world scenarios
where all three tasks coexist, as shown in Fig.1 (a). Re-
cently, increasing attempts have been made to break the
task boundaries. [36, 40, 53, 73] employed multi-task
frameworks to combine trajectory imputation and predic-
tion. [24, 57, 62, 88] distilled complete trajectory knowl-
edge into partially observed models. Lately, [71] first ex-
ploited mask formats as conditional input to unify all three
tasks in a BERT-SSM structure.

Even though significant efforts have been devoted, exist-
ing approaches handled observed and unobserved behaviors
in a coupled manner and encountered challenges in gen-
erating realistic multi-agent trajectories. Their suboptimal
performance is inevitable for 2 reasons. First, they failed
to realize that coupling the accurate representations and the
uncertain ones with significant noise is deviating its latent
space from the real-world behavior distribution. Second,
more than an attached condition, the observation masks are
precise boundaries between accuracy and uncertainty that
need to be explicitly incorporated into the decoupling.

In this work, we reexamine unified trajectory modeling
from coupled to decoupled manner. We introduce UniMTD,
a unified framework for trajectory modeling in a decoupled
denoising diffusion modeling paradigm, as a ‘panacea’ for
arbitrary levels of missing observations in real practice. To
achieve decoupling according to observation masks, a uni-
directional attention as the valve unit is proposed. By con-
trolling one-way information flow between observed and
masked tokens, it can separate the uncertain noise, maintain
the accuracy of the latent space, and consistently project
the masked representations into the preserved space. For
decoding, we consider the pre-completed encoder output as
the deterministic component of the trajectory pattern and di-
rectly reuse it as intermediate parts in the diffusion model
to efficiently improve trajectory generation quality. Main
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Figure 1. (a) Above is a diagram of a traffic accident caused by the blue vehicle’s observation failure of the pedestrian due to the obstruction.
From the perspective of multi-agent trajectory modeling, the blue car is fully observed. The white car/van and brown car require prediction
and imputation. The pedestrian with severe observation missing needs trajectory recovery. Below are real-world cases. In the first row, the
pedestrian crashed due to being blocked. In the second row, the vehicle suddenly entered the view, resulting in an accident. (b) UniMTD
(Ours) at the outermost side represents the minimum errors (averaged normalized error across three human datasets) on all 5 metrics. (c¢)
Diagram of main differences and advantages of our method compared with previous methods during the encoding and decoding processes.

differences and improvements are shown in Fig.1 (c)
Specifically, in the encoder, we propose an unidirectional
attention (UA) as the valve unit. The UA is composed of

a unidirectional masking (UM) and a progressive removal

(PR) process. The UM allows one-way attention from ob-

served to unobserved tokens, forcing the model to focus on

the accurate information and confining the unobserved be-
haviors to learn from them. The PR removes the UM on the
well-learned unobserved behaviors to further project it into
the accurate distribution. The UA is built in a Unidirectional
MoE (UMoE) with a local-global experts (LGE) division
and a complex adaptive router (CAR) for multi-level obser-
vation missing. In the decoder, we design a cached diffusion
model (CDiff) reusing the pre-calculated deterministic co-
ordinates and features to conduct a truncated diffusion pro-
cess, which enables us to improve the quality of trajectory
modeling at an extremely low cost in terms of model size

(< 5%) and time (< 5%) compared to the original DDPM.

We construct our datasets in both multi-agent vehicle
traffic and human behavior scenarios. In both qualitative
and quantitative results, UniMTD significantly surpasses
existing methods in similar tasks across all 5 evaluation

metrics with undamaged efficiency as shown in Fig.1 (b).

It achieves 74% advantage in accuracy and 91%, 66 %,

69% , and 58% advantages across 4 fidelity metrics on out-

of-boundary, velocity, and trajectory length. In summary,

the main contributions of our work are as follows:

e We introduce UniMTD, a novel unified trajectory mod-
eling framework, transforming various trajectory-related
tasks into an observed-unobserved decoupled masked dif-
fusion paradigm.

* We design a unidirectional attention as a valve unit to
decouple accurate and uncertain latent space and further
construct a unidirectional MoE apt for arbitrary levels of

missing observations. A cached diffusion model is also
designed to generate high-quality trajectories with low
time and computation burden.

* We conduct extensive experiments on our framework
across multiple human movement and traffic datasets to
validate our consistent and outstanding performance with
further analysis of our design.

2. Related Works

2.1. Prediction, Imputation and Recovery

Trajectory prediction predicts future behaviors based on
historical observations. In the early studies, kinematics
[38, 42] and filter-based [37, 82] methods were widely used.
Started by Social-LSTM[ 1], neural networks such as RNN,
LSTM, and GRU [8, 9, 11, 51, 67, 81] are designed to han-
dle sequential data and agent interaction in trajectory pre-
diction. With the popularity of generative methods, more
recent studies have adopted generative frameworks such as
GAN [3, 21, 28, 39], VAE [13, 29, 41, 70], and Diffu-
sion models [27, 45, 47, 65] as future trajectory genera-
tors, enabling models to generate more realistic behaviors.
The generative decoders fundamentally rely on a rich rep-
resentation extracted from the encoder, which has led to the
rise of MAE-based pre-training methods such as Traj-mae
[14, 66, 68, 75], which are applied to a wide range of down-
stream tasks through fine-tuning.

Imputation typically serves as a preprocessing method
for slight data missing. Traditional statistical methods
include interpolation [49], regression [6], and EM algo-
rithms [55]. Statistical methods are efficient but struggle
with complex sequences. Deep learning frameworks use
RNNs [7, 77], autoregressive models [5, 16], or genera-
tive techniques such as GAN, VAE, and Diffusion Model
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[19, 48, 52, 78] to generate reconstructed sequences. Exist-
ing research on trajectory imputation in multi-agent scenar-
ios is scarce: NAOMI [46] introduces a non-autoregressive
imputation method, while Graph Imputer [50] utilized bi-
directional features to impute soccer player trajectories.

Trajectory recovery is similar to imputation but differs
in the observation ratio. When less than 20% observations
are left caused by severe data loss or insufficient sampling,
trajectory recovery as a conditional generation task needs to
reconstruct the entire trajectory’s motion pattern based on
sparse information. Current research involves recovering
trajectory data from GPS points [18, 64], but research on
multi-agent scenarios is still blank.

Although promising results have been achieved, the
above methods have trouble generalizing across tasks. To
mitigate cascade errors, the latest research has focused on
trajectory prediction with slightly noised data, [24, 36, 40,
53,57, 62,73, 88], but these efforts are meeting challenges
in generalizing to related tasks and obtaining accurate and
realistic prediction results.

2.2. Mask Modeling

Mask modeling, since its inception in [23], has been exten-
sively applied to pre-training tasks in trajectory prediction
[14, 66, 68, 75] but is still incapable of handling multi-agent
scenes with observation missing. [10] first extended mask
modeling to generative tasks, iteratively predicting masked
tokens, which is naturally adaptable to generation, inpaint-
ing, editing, etc. Various tasks can be considered as mask-
ing strategies within a unified framework.

Compared to the successful vision and language mask
modeling [10, 23, 30, 34], trajectory modeling has higher
mask proportion (> 50%), which limits the learning of the
real distribution [62]. Besides, the random mask makes it
impossible to use the MAE strategy [89] to batch-separate
the noise. Moreover, unlike [10], lacking a powerful
domain-pretrained tokenizer and decoder like VQGAN [25]
or CLIP [54] prevents trajectory modeling in the latent
space, and efficiency burdens are making a large number
of iterative inferences not preferred.

2.3. Diffusion Models

Diffusion models [31] capable of generating high-quality
samples through an iterative denoising process, which have
recently achieved remarkable results in the fields of image
and video generation [32, 63], time series forecast [43, 56],
and remote sensing [12, 32, 44], etc. For trajectory mod-
eling, MID [27] is the first diffusion-based method mod-
eling the ambiguous walkable regions to desired trajecto-
ries. For the main concerns on computational and time cost,
LeapFrog [47] distilled major denoising steps into an ini-
tializer to reduce the time costs in pre-trained MID. IDM
[45] revealed that introducing goal information reduces de-

noising steps.

Above methods require a full-parameter diffusion model
with time and computational redundancies, and CDiff
greatly reduces both of them.

3. UniMTD

3.1. Overall Framework

The overall framework of UniMTD is depicted in Fig.2 (a).
Take incomplete trajectories with arbitrary masks as input,
the unidirectional encoder composed of UMOE and the dif-
fusion generator with CDiff collaborate to generate com-
pleted versions of the input.

3.2. Unidirectional Encoder

The unidirectional encoder is composed of UMOoE blocks,
which include UA, LGE, and CAR.

3.2.1. Twin Structure

The entire encoder is designed in a twin structure E;; and
Ey with shared weights, inspired by [17] to project masked
and unmasked behaviors into the same latent space and pro-
vide an accurate reference f,.o¢ for the progressive removal.
During the training phase, E;; and Ey; encode masked and
complete trajectories to fjg and fy respectively. We aligned
them in the latent space by MSE loss on masked positions.
In the testing phase, only Ej; is used to obtain fn; = fs¢.

3.2.2. Unidirectional Attention

The unidirectional attention (UA) is proposed to preserve
accurate latent space according to the clean observations. It
shoulders 2 tasks: separate the noise from significant obser-
vation missing; project the masked tokens into the accurate
latent space and extract complete spatiotemporal trajectory
features. Thus, unidirectional masking and progressive re-
moval are designed to meet the demands, respectively.

Unidirectional masking (UM) is designed to control
the information transformation to operate only from the ob-
served data to themselves and the missing data, making the
encoding process unidirectional for masked trajectory mod-
eling. By explicitly isolating the observed and the missing
data, we can ensure that even with only highly sparse clean
observations, they are free from noise interference.

Specifically, similar to the causal mask [61], UM sets the
attention weights corresponding to the positions of missing
data to 0, meaning that all tokens can only perform atten-
tion calculations with tokens that have not been masked.
For temporal masking, assuming ith trajectory x; € R7*?2
of length T and the corresponding mask m; € R”, the tem-
poral UM; € RT*T can be obtained as follows:

UM, = [UM!, UM;,..., UM]T,
‘ h =1 1
UMf: 0, where m; el (h
-Inf, where m; =0
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Figure 2. (a) The overall framework of UniMTD, including unidirectional encoder with UMOoE, and diffusion generator with CDiff. (b)
The detailed calculation of UA, including PR (left) and UM (right). (c) The detailed design of UMOoE (left) and CDiff (right).

For social masking, N multi-agent trajectories at timestep ¢
is x* € RY*2 and the corresponding mask m* € R¥, the
social UM, € RY*N can be obtained as same as temporal
masking.

Through the above masking strategy, UM allows the in-
formation exchange among the clean tokens to form an ac-
curate latent space, and the noisy tokens are confined to
gathering information from it.

Progressive Removal (PR) is implemented as a re-
finement process progressively removing the UM mask to
project the masked representations into the preserved latent
space. Although the continuous existence of UM ensures an
accurate latent space, the isolated tokens are not conducive
to the extraction of consistent and complete trajectory fea-
tures. Therefore, when the masked tokens conform to the

accurate latent distribution, the mask on them should be re-
moved. The process is depicted in Fig.2 (b-left).

Applied layer by layer, PR employs a 3-layer LSTM
Score(-) to estimate the confidence p; of the [ layer’s
masked features conforming to the reference accurate latent
features. For each layer, £ masked tokens with the most
confidence are unmasked (m§c from 0 — 1) and used as
a condition for predicting other masked tokens in the next
layer. The /th layer mask can be formulated as:

1(fst(l71)7 ml_l)a

1
ﬁ)’
Score(fst ', frer”)

1, ifp(, , € Topk (pi)
0, otherwise

fstl = Layerl -

p: = softmax(

2)

l _
Mn,t) =
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where fg' is spatiotemporal features of Ith layer, and p;
is the confidence. The Score(-) network can be trained as

follows:
L

1
L=+ ;MSE(LSTM(fStl, D), |[fse) — fret'll2)  3)
The overall calculation of unidirectional attention is de-
picted in Fig.2 (b-right), and can be formulated as follows:

QKT -PR(UM)

UA(Q, K, V) = softmax(
Vi

Voo @)

3.2.3. Unidirectional MoE

The unidirectional MoE (UMOoE) includes local/global ex-
perts (LE/GE) and a complex adaptive router (CAR). De-
tailed structures are shown in Fig.2 (c-left).

As for trajectory, each coordinate lacks specific meaning,
and the behavior is mainly described in a global view. Rout-
ing different experts for each time step leads to inconsistent
features and weak expert specificity. To address this, we
divide LE/GE and use a UA layer as a shared expert LE(-)
activates for all local movement tokens to extract common
knowledge z. and maintains the motion stability. Mean-
while, the unmasked tokens of each agent are pooled into
global features and routed to a group of sparsely activated
experts GEs(-) for specific behavior knowledge zs, empha-
sizing the expert specialization among the unique behav-
iors across multiple agents. We also design a complexity
adaptive router to allocate a dynamic number of experts ke
according to mask ratios to handle the multi-level complex-
ity inherent in arbitrary mask formats. The calculation in
UMOE can be formulated as follows:

ze = LE(f,;, PR(UM)) € RBXN*TxD,
ke = Normalize(1 — PR(UM)) - N,

We = Topk(fmeta7 fst, ke) S RBXNXkea
k

" w 5
Zs = ZW@ - GE,;(pool(fy;)) € RBXNXp’ 5)
i=0
z repeat z ERBXNXTXD7
7 = Z¢ * Zg

3.3. Diffusion Generator

The Diffusion Generator comprises a cached diffusion
model and a tiny CNN decoder.

3.3.1. Cached Diffusion Model

The MAE decoding lacks diversity, and the iterative
paradigm incurs high computational and time costs. Com-
bine the strengths of the two and make up for their weak-
nesses, as shown in Fig.2 (c-right), we propose a cache
mechanism to replace the deeper features and a large num-
ber of preceding inverse diffusion steps using the deter-
ministic feature z € R(ZD*T*4 and coordinate X, €

R(BDXTX2 of the encoder. In this way, we have reduced

the noise estimator f. with 6 attention layers and 200 steps
to only a single layer and 5 steps. The denoising process
can be revised as follows:

X, = CNN(z),
X1 = /A, Xo + /1T —ay(Xo-M+e¢- (1 - M)),

z, = AttentionLayer(X., 1) + z,
€ = f€(X0 M+ Xv-&-l (1 -M),z,),

1 & 1-a
7077(X7+1 - \/ﬁ%) TVl e
(6)

— _ ’)/ . . .
where o, and &, = [],_, o; are parameters at denoising
step 7. € ~ N(0,I) are gaussian noises.

X, -

4. Experiments

4.1. Benchmarks and Setup

Datasets: We applied diverse trajectory datasets to ver-
ify the applicability of UniMTD on various fields, includ-
ing three human motion datasets and one vehicle motion
dataset with three subsets of different difficulty: Basketball-
U [80], Soccer-U" [58], Football-U", and Vehicle-U
(Easy/Ordinary/Hard)” [60] constructed following [73].
The mask strategy is consistent with [71] for comparison.
Evaluation Protocol: We generate a total of £ = 20
candidate trajectories based on the masked trajectory input
and use the minADEy as the accuracy evaluation metric.
Furthermore, four additional metrics to reflect the gener-
ation quality of agent movements’velocity, range, and be-
havior differences are employed to comprehensively assess
the generation quality. (1) minADEyy: Minimum average
displacement error between the generated trajectories and
the ground truth across the 20 generated trajectories, (2)
Out-of-Boundary (OOB): The percentage of generated lo-
cations that fall outside the predefined court boundaries, (3)
Step: The average change in step size across the generated
trajectories, (4) Path-L: The average length of the trajecto-
ries for each agent, (5) Path-D: The maximum difference
in trajectory lengths among all agents. The calculations are
consistent with [71].

4.2. Quantitative Results

Quantitative results are recorded in Tab. 1 on the Basketball-
U, Soccer-U, and the Football-U and Tab.2 on the Vehicle-
U. Across all datasets, compared with mathematical in-
terpolation methods, general deep learning frameworks,
and specialized methods for relevant tasks, our UniMTD

“https://github.com/linouk23/NBA-Player-Movements
“https://github.com/AtomScott/SportsLabKit
“https://github.com/nfl-football-ops/Big-Data-Bowl
“https://github.com/shijieS/OmniMOTDataset
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Table 1. Quantitative results on datasets Basketball-U (in feet), Soccer-U (in pixels), and Football-U (in yards)

Dataset ‘ Basketball-U (In Feet) Soccer-U (In Pixels) Football-U (In Yards)

Method ‘ minADE| OOB| Step Path-L  Path-D ‘ minADE| OOB/J Step Path-L  Path-D ‘ minADE| OOB/J Step Path-L  Path-D
Mean 14.58 0 0.99 5239 73758 417.68 0 432  213.05 8022.51 14.18 0 0.52  25.06 606.07
Medium 14.56 0 098 51.80 743.36 418.06 0 439 21455 8041.98 14.23 0 052 2496  600.22
Linear Fit 13.54 447e-03 0.56 42.86 453.38 398.34 0 0.70 112.34 2047.19 12.66 1.49¢-04 0.17 15.83  207.57
LSTM[33] 7.10 9.02e-04 0.76  58.48  449.58 186.93 4.74e-05 7.50 652.98 4542.78 7.20 2.24e-04 043 3406 228.13
Transformer[61] 6.71 2.38e-03 079 59.34 517.54 170.94 6.59¢-05 6.66 566.14 4269.08 6.84 5.68e-04 042 33.01 202.10
MATI[80] 6.68 1.36e-03 0.88 58.83 483.46 170.46 7.56e-05 645 56244 3953.34 6.36 4.57¢-04 040 3132 186.11
Naomi[46] 6.52 2.02e-03 0.81 69.10 450.66 145.20 8.78e-05 7.47 649.62 4414.99 6.77 7.66e-04 0.67 4274 259.11
INAM[52] 6.53 3.16e-03 0.70 58.54 439.87 134.86 4.04e-05 6.37 547.02 4102.37 5.80 8.30e-04 039 32.10 177.04
SSSD[2] 6.18 1.82e-03 047 46.87 393.12 118.71 4.51e-05 5.11 42598 3252.66 5.08 6.81e-04 0.39 23.10 12242
GC-VRNNJ[73] 5.81 9.28¢-04 037 28.08 23599 105.87 1.29e-05 4.92 50632 3463.26 4.95 7.12e-04 029 3248 149.87
UniTraj[71] 4.71 6.12¢-04 027 3425 240.83 94.59 1.29e-05 452 349.73  2805.79 3.55 1.12¢-04 023  19.26  114.58
Ground Truth \ 0 0 0.17  37.61 269.49 \ 0 0 0.52 11292 951.00 \ 0 0 0.03 12.56  76.68
UniMTD (Ours) \ 1.88 9.61e-06 0.23  35.07 270.50 \ 13.65 0 0.95 124.39 1688.11 \ 0.91 2.84e-05 0.09 1345 107.38

Table 2. Quantitative results on datasets Vehicle-U with Easy, Ordinary, and Hard scenarios (in pixels)

Dataset ‘ Vehicle-U Easy (In Pixels) Vehicle-U Ordinary (In Pixels) Vehicle-U Hard (In Pixels)

Method | mnADE|  OOB|  Step Path-L Path-D | minADE| OOB|  Step Path-L Path-D | minADE| OOB|  Step Path-L  Path-D
Transformer [61] 107.93 5.61e-03 7.12 457.18 5913.21 92.47 4.77e-03  6.79 376.59 5723.45 108.76 1.07e-02  7.04 472.83 5835.42
SSSD [2] 30.99 1.82e-03 0.47 228.30 1611.98 28.90 9.51e-04 0.41 119.57 1829.07 30.65 5.92e-03 0.50 131.65 2160.53
UniTraj [71] 77.65 3.94e-03 242 16528 4036.13 66.05 2.11e-03  4.01 257.17 5350.69 79.39 7.48e-03 4.70 255.12  5204.53
Ground Truth ‘ 0 0 0.06 4330 1574.39 ‘ 0 0 0.04 2851 203048 ‘ 0 0 0.05 28.92 1940.34
UniMTD(Ours) \ 13.12 9.04e-04 0.75 79.15 1726.57 \ 10.62 3.28e-04 0.65 6237 2079.77 \ 15.40 2.97e-03 0.86 75.19 2100.29

achieves the SOTA performance, leading by a large margin
across all 5 metrics.

Specifically, for datasets Basketball-U, Soccer-U, and
Football-U depicting complex human behavior, UniMTD
outperforms the current best-performing UniTraj by aver-
aged 74% and surpasses the Diffusion model-based SSSD
by averaged 80% on the minADEs, metric, indicating a
great leap in accuracy of behavior modeling. For OOB,
Step, Path-L, and Path-D, UniMTD has achieved 91%,
66%, 69%, and 58% averaged advantages across data-
driven methods, indicating that our generated trajectories
align more closely with real motion patterns. For datasets
Vehicle-U, UniMTD achieves SOTA performance, with av-
eraged 56%, 33%, 44%, 15% advantages on minADEy,
OOB, Path-L, Path-D across all three subsets, and the step
metric is the second-best. Different from human sports
in limited scenes, the vehicle dataset exhibits a significant
amount of behaviors entering and leaving the scene, involv-
ing more large-scale, high-dynamic scenarios. This may
lead to an increase in OOB and give advantages to the SSSD
method based on a 200-step diffusion model with strong
abilities to express detailed and local behaviors, such as
step-by-step velocity. Our SOTA performance on the major-
ity of metrics across all datasets demonstrates the model’s
versatility in different scenarios.

Regarding the inference time, for a scenario containing
11 agents, UniTraj requires 0.16s, UniMTD requires 0.18s,
while SSSD, which also uses the diffusion model, requires
more than 10s. This is because our CDiff reduces the num-
ber of denoising steps from 200 to 5 and simplifies the cal-

culation, thus improving the inference efficiency.

4.3. Qualitative Results

In Fig.3, we qualitatively compared the results between
the prediction model, UniTraj, SSSD, UniMTD, and the
UniMTD without CDiff or UA on the Basketball-U dataset.
The results in the seventh column illustrate that our
UniMTD generates behaviors with superior accuracy and
fidelity, especially in the recovery of arc (purple) and cir-
cle (green, blue) trajectories. In the second column, models
trained solely on prediction naturally cannot adapt to impu-
tation and recovery but are unexpectedly not satisfactory on
prediction. This result indicates that the unified modeling
may benefit its subtasks. In the third column, UniTraj can
generate behaviors with misconnection and even failure in
recovery. In the fourth column, SSSD obtains inaccurate
but detailed behavior sequences in prediction and imputa-
tion and also fails in the recovery task. In the fifth column,
the woCDiff model generates averaged results with signifi-
cant connection errors and overly smooth behaviors. In the
sixth column, the woUA model discloses fluctuations and
distortions due to the unseparated uncertain mask noise.
The qualitative evaluation results confirm the significant
superiority of our method in quantitative results and also
demonstrate our correct insights into UA and CDiff designs.

4.4. Model Analysis
4.4.1. Ablation Study

Tab.3 demonstrates the results of our ablation studies con-
ducted on the Basketball-U dataset. The upper part records
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Figure 4. The statistical analysis of the distribution of player and masking ratios across experts 1-3. The typical movement patterns of each

expert are given on the right.

the performance variations when key parameters and model
capacity are modified, while the lower part documents the
performance variations when CDiff, PR, CAR (replaced by
Top2 router), UMoEs (replaced by UA layers), and UM
(UA to full attention) are successively removed.

For the upper part, when the number of experts increases
(N = 16) or decreases (/N. = 4), only the OOB and Path-L.
metrics improve, while all other metrics deteriorate. When
the model capacity is directly increased, the minADE and
step improve, while other metrics deteriorate. From the
overall trend, as the model becomes more complex, both
accuracy and fidelity metrics show the potential for contin-

ued improvement, but this improvement may come at the
cost of deterioration in other metrics.

For the lower part, w/o CDiff indicates that CDiff im-
proved the accuracy with only a cost of <5% size infla-
tion. w/o UMOE indicates that replacing UMoE with UA
layers leads to severe degradations on both accuracy and
fidelity. w/o CAR indicates that CAR can better handle
the multi-level complexity inherent in arbitrary observation
loss than commonly used top-k routing. w/o PR and w/o
UM demonstrate a performance nosedive when observed
and unobserved behaviors are coupled, indicating that UA
contributes to both accuracy and fidelity with almost no ad-
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Table 3. Ablation experiment on Basketball-U

Variants ‘ minADE] OOBJ|  Step Path-L Path-D  Size (M)
UniMTD ‘ 1.88 9.6le-06 0.23 35.07 270.50 37.19
N, =4 2.13 5.40e-06 0.25 36.28 33540 27.71
N, =16 1.90 1.32¢-06 0.24 35.88  202.67 41.93
6UMOEs 1.85 1.18¢-05 0.21 3545 215.08 53.18
w/o CDiff 1.95 1.32e-06 0.26 37.13  245.75 35.86
w/o PR 2.12 1.32e-07 0.27 38.44  203.72 35.54
w/o CAR 222 6.32e-06 0.26 37.18 319.15 35.54
w/o UMoE 2.92 9.21e-07 037 39.70  331.99 17.33
w/o UM 4.44 5.6%-5 044 51.19 398.76 17.33

Table 4. Ablation experiment of CDiff efficiency on Basketball-U

Variants ‘ minADE| OOBJ|  Step Path-L  Path-D  Time (s)
Step=2 1.99 3.68¢-06 025 3731 21641 0.17
Step=5 1.88 9.61e-06 023 35.07 270.50 0.18
Step=15 2.14 6.28¢-05 0.28 37.41  203.65 0.51
Step=50 2.73 2.25¢e-03 033 4246 31955 1.85
Step=100 15.19 6.83e-02 3.22 207.11 5165.04 3.13

Naive DDPM 2.69 3.11e-5 0.28 39.19  304.65 > 10s

ditional learnable parameters.

In the following sections, we further conduct validation
on CDiff, UMoE, and UA according to the original design
insights.

4.4.2. CDiff Efficiency Analysis

Tab.4 records the impact of truncated denoising steps on
trajectory modeling quality and efficiency.

In the top 5 rows, when step> 15, as steps increased,
the inference time surged while the performance decreased.
Suppose the input is too noisy compared to X,. The single
Attention Layer cannot bridge the noisy input and accurate
deeper features, leading to contamination and performance
damage. In the last row, we compared the standard diffu-
sion model in [27], demonstrating improved efficiency and
performance. This is because the X ensures the accuracy
of CDiff modeling, while DDPM directly samples from the
noise, which is prone to generating high-frequency tremors
in highly-dynamic scenes.

4.4.3. UMOoE Specialization Analysis

To validate the specialization in UMOoE, we statistically an-
alyzed the distribution of player and masking ratios corre-
sponding to each expert (experts 1-3 as examples) on the left
of Fig.4 and visualized the specialized movement patterns
of each expert on the right.

Compared across experts, the specialization in mask dis-
tribution is concentrated in several patterns. For instance,
expert 2 specializes in visibility at around 0.1, 0.5, and 0.7.
Experts are different in their preference for players, such as
expert 1 prefers players 1, 8, 9. We also find specialized be-
havior patterns in the samples assigned to each expert, such
as expert 3 processes most trajectories with arc movement
after a sharp turn.

0.50 4 Unmasked Feature Errors
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0.00 -
1 2 3 4 5 6 7 8 9 10
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Masked Feature Errors
1.75 o
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0.75

0.50

0.25

0.00 -

Players

Figure 5. The comparison of the feature errors on masked and
unmasked tokens. Different methods are in different colors.

4.4.4. UA Feature Robustness Analysis

Masked trajectory modeling can be regarded as removing
masked noise to restore the complete trajectory. We com-
pared the denoising capabilities on the features of the en-
coder, that is, the feature robustness to mask noise. Specifi-
cally, we input the complete and masked trajectories succes-
sively and compare the features’ L1 distances. The results
of masked and unmasked tokens are in Fig. 5.

Compared with UniTraj and the woUA version, our
method achieves the least error. The gap between the er-
rors of unmasked tokens is greatly magnified in the distance
of masked tokens prediction, indicating the importance of
maintaining accurate, clean tokens for the overall quality of
features and the effectiveness of the proposed UA.

5. Conclusion

In this work, we propose UniMTD, a novel unified multi-
agent trajectory modeling framework with an observed-
unobserved decoupled masked diffusion paradigm. Essen-
tially, we decouple observed-unobserved behavior to sep-
arate the interference from the uncertain latent space. To
achieve this, we design a unidirectional attention as valve
units to control the information flow between the accurate
and the uncertain latent spaces. We further construct a uni-
directional MoE and a cached diffusion model to handle
the inherent multi-complexity and the efficiency require-
ments in trajectory modeling under arbitrary mask levels.
Through extensive experiments and comprehensive evalu-
ations, UniMTD consistently outperforms existing SOTA
methods across trajectory prediction, completion, and re-
covery tasks with an averaged > 50% advantage on accu-
racy and fidelity. Establishing itself as a SOTA solution with
significant potential for further exploration in the embodied
foundation model.
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