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AdvMT: Adversarial Motion Transformer for

Long-term Human Motion Prediction

Sarmad Idrees1, Seokman Sohn2, and Jongeun Choi1,*

Abstract—Human motion prediction is a crucial capability for
advanced robotic systems that interact with humans. In facilities
with dynamic human-robot collaboration settings, robots must
anticipate human movements to ensure safety, prevent collisions,
and optimize cooperative tasks. Traditionally, motion forecasting
is treated as a sequential modeling problem using historical pose
data, but achieving long-term accuracy and physical realism re-
mains challenging. We present Adversarial Motion Transformer
(AdvMT), a novel approach that integrates a Transformer-based
motion encoder with a temporal continuity discriminator to
address these challenges. The Transformer captures rich spatio-
temporal dependencies across human joints, while adversarial
training with a continuity discriminator enforces smooth, natural
motion trajectories that adhere to biomechanical constraints. Our
training scheme includes a bone-length consistency term and
adversarial loss to reduce common artifacts like pose freezing or
unnatural transitions. In experiments on the Human3.6M motion
dataset, AdvMT achieves state-of-the-art long-horizon prediction
accuracy while also delivering robust short-term predictions.
These improvements strengthen the prediction foundation for
physical AI in manufacturing and human-robot collaboration,
where anticipating human motion is a prerequisite for safe and
efficient robot coordination.

Index Terms—human motion prediction, transformer, adver-
sarial learning, machine learning

I. INTRODUCTION

Human motion prediction lies at the intersection of ar-

tificial intelligence, biomechanics, and robotics, aiming to

forecast the complex, dynamic behaviors of people in real-

world environments. This capability is pivotal for the next

generation of intelligent systems, especially humanoid robots

deployed in manufacturing [1], [2], healthcare [3], and service

domains [4]. In industrial settings, for example, collaborative

robots working alongside humans must anticipate a worker’s

next move to coordinate seamlessly, avoid collisions, and

maintain operational efficiency. Similarly, in healthcare and

assisted living, predictive capabilities allow robotic aides to

respond proactively to patient movements for timely interven-

tion. Across these applications, accurate motion forecasting is
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Where will the human move next?

I have addjusted my path after 
anticipating the future human motion.

Fig. 1. Illustration of human-humanoid robot interaction enabled by human
motion prediction. The humanoid predicts the future motion of a human
approaching on a collision path and adjusts its trajectory accordingly, enabling
safe and efficient collaboration.

a cornerstone of smooth and trustworthy Human-Robot Col-

laboration (HRC). Recent works confirm that human motion

prediction is a core component of such systems. Sampieri et

al. [5] trained pose forecasting models on Human3.6M [6]

and deployed them for collision detection in industrial cobot

environments. Unhelkar et al. [7] integrated motion prediction

into robot planning for collaborative assembly. Together, these

studies validate the pipeline of developing prediction modules

on standard benchmarks and deploying them in manufacturing

HRC. A conceptual illustration of this pipeline is shown in

Fig. 1.

However, predicting human motion is inherently challenging

due to its dependence on numerous variables such as individual

physical characteristics, psychological state, task context, and

environmental constraints [8], [9]. These interwoven factors

make it difficult to build models that generalize well across

tasks and users, especially in dynamic and safety-critical

domains like manufacturing. From a physical AI perspec-

tive, human motion prediction plays a key role in enabling

anticipatory behavior in embodied systems. In collaborative

manufacturing environments, robots must continuously adapt

their actions based on predicted human movements to ensure

safety, efficiency, and smooth interaction [7], [10], [11]. The

ability to generate predictions that are not only temporally

accurate but also physically plausible is essential for enabling

robots to operate safely and effectively in proximity to humans.

Early research on human motion prediction focused on

sequential models such as Recurrent Neural Networks (RNNs)

and their variants, which showed initial promise in mod-

eling short sequences of human poses [12]–[15]. As the

field progressed, researchers explored convolution-based ap-

proaches: Convolutional Neural Networks (CNNs) and graph-

based models like Graph Convolutional Networks (GCNs)

became popular for capturing spatial relationships between hu-

man body joints. These models improved pose representation
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by learning the human skeletal structure connectivity [16]–

[19]. Additionally, generative models were introduced to better

handle the inherent uncertainty in future motions. Approaches

based on Generative Adversarial Networks (GANs) and Varia-

tional Autoencoders (VAEs) began to address issues like unre-

alistic or static predictions. Adversarial training, in particular,

showed effectiveness in reducing implausible outcomes such

as converging to mean poses or the zero-velocity problem,

where the predictor yields frozen poses to minimize error [20]–

[22]. Despite these advances, achieving accurate and natural

long-range motion predictions remains an open problem. Many

models struggle with compounding errors over time, often

violating kinematic constraints (e.g., inconsistent limb lengths)

or producing motion that, while minimizing short-term error,

does not look realistic in a sustained sequence.

In recent years, the introduction of the Transformer net-

work [23] has brought a paradigm shift in sequence modeling,

including human motion prediction. Transformers, with their

self-attention mechanism, excel at capturing dependencies

in sequential data. Prior works have applied Transformers

to human motion data, demonstrating improved ability to

model both the temporal and spatial relationships in pose

sequences [24]–[27]. These approaches significantly improve

short-term human motion predictions. Nonetheless, challenges

remain in leveraging Transformers for long-horizon motion

forecasting. In particular, they often struggle to incorporate

structural priors or capture inherent symmetries in human

motion, typically requiring large-scale datasets or extensive

data augmentation to generalize effectively [28]. As a result,

ensuring physical realism and continuity over long durations

demands additional innovation, since purely data-driven mod-

els can still drift into unnatural motion without appropriate

constraints or feedback.

To address these challenges, we introduce Adversarial Mo-

tion Transformer (AdvMT), a novel architecture (illustrated

in Fig. 2) that closes the gap between accuracy and realism

in long-term human motion prediction. AdvMT combines the

sequence modeling strength of a Transformer-based motion

encoder with the physical plausibility constraints enforced

through adversarial training. The encoder learns rich spatio-

temporal features from past pose sequences, while a temporal

continuity discriminator evaluates the realism of generated

motion, guiding the model to produce human-like trajectories.

A specialized loss function incorporating joint-level error,

bone-length consistency, and adversarial feedback ensures the

predicted poses adhere to human anatomical constraints.

Our autoregressive prediction framework allows past pre-

dicted frames to recursively inform future ones, closely simu-

lating deployment scenarios in real-time robotic systems. This

approach targets the prediction capabilities that manufacturing

environments require, where robots must anticipate human

motion for safety and coordination [10], [11]. Following

the established practice of developing prediction modules on

standard benchmarks before HRC deployment [5], we evaluate

AdvMT on Human3.6M [6]. The model matches or exceeds

existing methods in short-term prediction and substantially

improves long-term forecasts, providing a stronger basis for

integration into collaborative robotic systems.
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Fig. 2. Left: Overview of our proposed AdvMT network to predict future
human motion by observing historical motion. Right: The human body joints
link structure consisting of human body parts: the torso and head, left leg,
right leg, left arm, and right arm.

II. RELATED WORK

A. Long-term human motion prediction

The initial phase of research in the area of human motion

prediction primarily utilized RNNs with encoder-decoder mod-

els [12]–[14], but these models faced challenges in handling

complex human motion dependencies. This led to a shift

towards CNNs, which provided improved extraction of spatial

joint connection information [16], [17], [29]. Later, the explo-

ration of GCNs brought enhanced capabilities in anatomical

relationship modeling [18], [19], [30]. However, much of the

research has concentrated mainly on short-term predictions,

leaving a notable gap in long-term prediction accuracy.

While the field has made advancements in short-term

motion prediction, efforts to address the extended horizon

prediction challenge have been limited. Tang et al. [31] spear-

headed this effort by effectively removing static joints, thereby

focusing on joints in motion to predict reliable long-term

motion. To further advance this field, Xu et al. [32] developed

an attention-based Error Attenuation Network (EAN) with a

focus on reducing error accumulation in future frames.

Furthermore, to leverage other architectures, Zhao et al. [26]

introduced a novel approach by integrating a Transformer

network with the capabilities of GAN for long-term prediction

challenges. Their method includes a bi-directional Transformer

and both frame-level and sequence-level discriminators. While

their model achieved enhanced accuracy for long-term pre-

dictions, this was accompanied by increased computational

demands. In contrast, our approach outperforms this by in-

telligently combining a curated loss function and a temporal

discriminator, resulting in more efficient predictions with a

reduced parameter footprint.

B. Adversarial training

Traditional models in human motion prediction often strug-

gled with ensuring motion smoothness and robustness. This

challenge prompted researchers to investigate generative archi-

tectures and the potential of adversarial training. A significant

development in this area was the AGED architecture [14],
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Fig. 3. Overall AdvMT architecture with dual branches. The motion encoder branch is a Transformer-based network that encodes historical human motion and
generates future pose predictions. The temporal continuity discriminator observes sequences of predicted poses and outputs a realism score. During training,
the discriminator’s feedback guides the encoder to produce smooth, human-like motion transitions. This two-branch adversarial design ensures the predicted
motion is both accurate and physically natural.

which utilized a geometry-aware adversarial learning tech-

nique. This approach not only improved motion cohesiveness

but also introduced a new level of diversity in predictions.

Following this, the Q-DCRN model [33] advanced the use

of adversarial learning by employing a discriminator to refine

motion predictions across various horizons.

The adoption of GANs in human motion prediction rapidly

expanded, with studies [20], [21], [34] exploring their capa-

bilities. Despite their potential, GANs encountered challenges,

especially in achieving Nash equilibrium. In response, refine-

ment modules were integrated, as seen in [35], enhancing the

accuracy of generated poses and minimizing artifacts. Building

on these developments, Lyu et al. [36] took a novel approach

by modeling joint motion through stochastic differential equa-

tions and utilized GANs for simulating path integrals, further

refining the precision of human motion prediction.

C. Transformer network

The advent of the Transformer network marked a significant

paradigm shift in sequence modeling [23], offering a solution

to the limitations inherent in RNNs, especially when dealing

with long sequences. With their attention mechanisms, Trans-

formers excel in focusing on pertinent features, thus efficiently

handling long-term dependencies. In human motion prediction,

several works have applied Transformers with different archi-

tectural strategies. Aksan et al. [24] proposed a spatio-temporal

Transformer that decouples attention into separate spatial and

temporal blocks within each layer, where the spatial block

attends across joints at a single timestep and the temporal

block attends across timesteps for each individual joint. While

this decoupled design captures inter-joint coordination and

per-joint trajectories independently, it relies solely on L2

reconstruction loss with scheduled sampling and includes

no mechanism to enforce physical plausibility or penalize

unrealistic temporal transitions. Chen et al. [37] adopted a

two-stage hybrid approach, combining a temporal Transformer

with a spatial GCN and operating in the Discrete Cosine

Transform (DCT) coefficient space. Although this pipeline

achieves competitive short-term accuracy, its evaluation is

limited to prediction horizons up to 400 ms, and it similarly

lacks adversarial feedback or biomechanical constraints.

In contrast to these approaches, our AdvMT employs an

encoder-only Transformer with standard unified multi-head

self-attention, which jointly captures both spatial and temporal

dependencies within a single attention mechanism without re-

quiring separate spatial modules such as a dedicated attention

block or GCN. Our ablation study confirms that this simplified

encoder-only design outperforms the full encoder-decoder

Transformer for motion prediction. More importantly, AdvMT

introduces two components absent from existing Transformer-

based methods: (1) a temporal continuity discriminator that

provides adversarial feedback to enforce temporally realistic

motion and prevent zero-velocity collapse, and (2) a bone-

length consistency loss that enforces anatomical constraints

across predicted frames. This combination of architectural

simplicity with adversarial training and physical priors is what

enables AdvMT to achieve improved long-term prediction

accuracy.

III. ADVERSARIAL MOTION TRANSFORMER (ADVMT)

The overall architecture of the Adversarial Motion Trans-

former (AdvMT), a system composed of two main branches, is

illustrated in Fig. 3. The motion encoder branch interprets the

input motion history and encodes the local and global human

joint dependencies. The discriminator branch complements

this by refining the predictions from the motion encoder branch

to ensure the generation of realistic and consistent human

motion.

A. Problem formulation

Human motion prediction fundamentally involves forecast-

ing future movements by interpreting past sequences of human

motion data. In a mathematical context, this can be visualized

as a function that processes a series of historical human motion
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TABLE I
COMPARISON FOR SHORT-TERM (≤400 MS) AND LONG-TERM (>400 MS) PREDICTION ON HUMAN3.6M [6] ACROSS FOUR ACTION CATEGORIES. THE

SYMBOLS ∗, †, AND ‡ INDICATE THAT THE CORRESPONDING RESULTS ARE TAKEN FROM [19], [26], AND [38], RESPECTIVELY.

Walking Eating

Time (ms) 160 400 560 720 880 1000 160 400 560 720 880 1000

Res. Sup.∗ [13] 40.9 66.1 71.6 72.5 76.0 79.1 31.5 61.7 74.9 85.9 93.8 98.0
convSeq2Seq∗ [16] 33.5 63.6 72.2 77.2 80.9 82.3 22.4 48.4 61.3 72.8 81.8 87.1
HisRepeat∗ [19] 19.5 39.8 47.4 52.1 55.5 58.1 14.0 36.2 50.0 61.4 70.6 75.7
BiTGAN† [26] – – 49.8 55.0 58.5 60.5 – – 48.5 59.2 68.2 73.0
siMLPe‡ [38] – 39.6 46.8 – – 55.7 – 36.1 49.6 – – 74.5

AdvMT (ours) 23.9 39.9 45.1 49.2 52.0 55.0 18.3 36.1 44.6 51.5 56.5 59.3

Smoking Discussion

Time (ms) 160 400 560 720 880 1000 160 400 560 720 880 1000

Res. Sup.∗ [13] 34.7 65.4 78.1 88.6 96.6 102.1 47.8 91.3 109.5 122.0 128.6 131.8
convSeq2Seq∗ [16] 22.8 48.9 60.0 69.4 77.2 81.7 34.5 77.6 98.1 112.9 123.0 129.3
HisRepeat∗ [19] 14.9 36.4 47.6 56.6 64.4 69.5 23.4 65.4 86.6 102.2 113.2 119.8
BiTGAN† [26] – – 48.4 57.5 65.0 70.0 – – 85.8 101.2 111.6 116.4
siMLPe‡ [38] – 36.3 47.2 – – 69.3 – 64.3 85.7 – – 116.3

AdvMT (ours) 22.8 45.5 56.5 65.5 72.7 77.7 36.0 66.7 80.2 90.9 97.8 101.0

data points X1:T = {x1, x2, . . . , xT } and predicts future

human poses. Each xt = {j1, j2, . . . , jN} in the sequence

represents a single pose at time t, consisting of N distinct

joints. These joints are characterized in a K-dimensional

pose representation, where K = 3 signifies the 3D position

representation in Euclidean space. The model is trained to

predict the poses for the forthcoming L time steps, effectively

forecasting the sequence X̂T+1:T+L based on the observed

historical frames.

B. Motion encoder branch

The motion encoder branch in our model is based on the

Transformer architecture, as described in the foundational

work of Vaswani et al. [23]. Our implementation, however,

deviates from the conventional Transformer framework by ex-

clusively utilizing the encoder component. This specific design

choice is grounded in our findings from extensive ablation

studies, which demonstrate that the encoder alone is sufficient

for capturing the complexities of human motion prediction.

These studies revealed that employing the full Transformer

architecture, including both encoder and decoder, tends to in-

troduce unnecessary complexity without proportional benefits

in this context. As a result, our focused approach with just

the encoder component not only simplifies the model but also

effectively enhances its capability to predict accurate human

movements over extended timeframes.

A schematic of the motion encoder is depicted in Fig. 4.

The process is initiated by transforming the input pose data

into joint embeddings through a linear layer. In line with the

Transformer framework [23], sinusoidal positional encodings

are introduced to these embeddings. This addition is crucial

as it allows the model to effectively process sequences of in-

creased length, enabling a better understanding of the temporal

relationships and positional dynamics within the motion data.

The architecture of our motion encoder comprises L layers

of attention blocks. Each block consists of a multi-head at-

tention mechanism coupled with a position-wise feed-forward

network. This configuration allows the model to concurrently

learn and integrate various local and global dependencies

present in the data. The aggregated representation, forged

through these attention layers, is then projected back into the

space of human poses through another linear layer. In the final

stage of the process, the predicted future human pose is fed

into a discriminator. This step is significant as it constrains

the motion encoder to focus on learning patterns that result in

realistic human motion.

C. Temporal continuity discriminator

Our primary goal in this research is to learn a robust and

plausible representation of long-term human motion. Recog-

nizing the inherent uncertainty in human behavior and actions,

we observe that some models may overlook human body

constraints and fail to predict human-like motion. To incor-

porate temporal continuity and human body constraints, we

include a discriminator branch alongside the motion encoder

branch. Our network is specifically trained to focus on the joint

positions with an emphasis on maintaining natural body-joint

velocities through adversarial learning. The key intuition here

is to concentrate on the temporal differences in joint positions

rather than their absolute values, ensuring a more continuous

and realistic joint movement sequence. The adversarial loss of

temporal continuity discriminator DK is defined as,

LDK
=

T+L
∑

t=T+1

(Ext

[

∥DK(∆xt)∥
2
]

+Ex̂t

[

∥1−DK(∆x̂t)∥
2
])

,

(1)

where xt and x̂t refers to real and predicted motion sequences

respectively, and ∆x is the temporal change in the motion

sequence. Rather than operating on absolute poses, the dis-

criminator is applied to temporal pose differences computed

with a fixed frame offset of 5, such that ∆xt = xt − xt−5.
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This design allows the discriminator to evaluate whether the

generated temporal dynamics resemble those of real human

motion.

The autoregressive training regime empowers the discrimi-

nator to act as a feedback mechanism for the motion encoder

branch, aiding in reducing error accumulation during extended

horizon predictions. This approach significantly enhances mo-

tion prediction by preventing the tendency to predict zero-

velocity motion. The inclusion of the discriminator branch not

only enhances the realism of the generated motion but also

ensures its smoothness over time.

D. Loss function

Studies have shown that using a vanilla Euclidean loss in

human motion prediction often causes models to converge to a

mean pose, a phenomenon highlighted in [9]. To address this

issue, we propose a modified loss function designed to capture

a better representation of motion data. Additionally, previ-

ous research has encountered challenges with zero-velocity

collapse in long-term prediction tasks. This means that for

predictions extending over 400 ms, models often default to

predicting static outputs for future frames, failing to capture

the dynamic nature of human motion. Our modified loss

function aims to mitigate these issues, enhancing the ability

of the model to accurately predict longer sequences of human

movement.

To effectively learn true human motion representation, we

address both spatial and temporal dependencies in the input

motion sequence. The spatial relationship between human

joints within each frame is captured by the self-attention layer

in our motion encoder branch. Simultaneously, we ensure

temporal consistency across frames by integrating it into our

loss function formulation. This approach is vital for accurate

predictions over longer time horizons, embedding a compre-

hensive understanding of both spatial and temporal dynamics

directly into the training regime. Our tailored loss function is

defined as

L(X, X̂) = LMPJPE + λBLbone + λDLDK
, (2)

where X and X̂ are ground truth and predicted poses. The

first term in our loss function corresponds to the Mean Per

Joint Position Error (MPJPE) as proposed in [6]. With t and

n as the frame and joint number respectively, the LMPJPE is

defined as

LMPJPE =
1

N(T + L)

T+L
∑

t=T+1

N
∑

n=1

∥x̂t,n − xt,n∥
2
. (3)

Moreover, the terms Lbone and LDK
represent the bone

length error and the adversarial loss, respectively. Each term

is weighted by its regularization factor, with λB for bone

length error and λD for adversarial loss, ensuring a balanced

contribution of each component to the overall loss function.

Our rationale for incorporating bone length error is based

on the constant nature of bone lengths over time, which

introduces temporal consistency into our motion predictions.

Bone lengths are calculated as the Euclidean distance between

        

Scaled Dot-Product Attention

Concat

Feed-Forward network

Attention block

Multi-head 
attention

x L

Input (motion history)

Future motion

V K Q

Positional 
Encoding

Fig. 4. The detailed architecture of our Transformer-based motion encoder
branch. The local and global dependencies within the human body are
extracted through multiple layers of attention blocks. Each block aims to learn
different aspects of motion dynamics, enabling a comprehensive understanding
of human movement.

connected joint positions in both predicted and ground truth

poses.

However, relying solely on bone length error has a draw-

back. It may lead the motion encoder to minimize this er-

ror without adequately addressing zero-velocity, resulting in

static motion predictions. To counteract this, we introduce the

temporal continuity discriminator loss LDK
, which penalizes

unrealistic human motions. This additional loss encourages

the motion encoder to generate more dynamic, realistic, and

plausible human motion, thus addressing a critical aspect of

motion prediction that bone length error alone cannot resolve.

IV. EXPERIMENTS

A. Dataset

In our experiments, we conducted our model evaluation

using the Human3.6M dataset [6], widely recognized as a

benchmark in the field of human motion prediction. This ex-

tensive database contains over 3.6 million 3D poses, recorded

with 7 actors performing 15 different types of actions. Fol-

lowing prior work [13], [19], [26], [38], we downsample the

motion sequences from 50 fps to 25 fps and remove the global

rotation, global translation, and constant joint dimensions from

each pose representation. In alignment with the training and

evaluation protocol outlined in [13], [19], [26], [38], we used

subjects S1, S6, S7, S8, S9, and S11 for training, and S5 is

designated for evaluation, and report the results for 256 sub-

sequences for each action.
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TABLE II
MEAN PER JOINT POSITION ERROR (MPJPE) FOR LONG-TERM PREDICTION (>400 MS) ON HUMAN3.6M [6] ACROSS REMAINING ACTION

CATEGORIES. THE SYMBOLS ∗, †, AND ‡ INDICATE THAT THE CORRESPONDING RESULTS ARE TAKEN FROM [19], [26], AND [38], RESPECTIVELY.

Directions Greeting Phoning

Time (ms) 560 720 880 1000 560 720 880 1000 560 720 880 1000

Res. Sup.∗ [13] 101.1 114.5 124.5 129.1 126.1 138.8 150.3 153.9 94.0 107.7 119.1 126.4
HisRepeat∗ [19] 73.8 88.1 100.1 106.4 101.9 118.4 132.7 138.8 67.4 82.9 96.5 105.0
BiTGAN† [26] 73.3 87.9 99.7 106.3 101.1 117.8 131.4 136.4 67.3 82.3 94.9 103.2
siMLPe‡ [38] 73.1 – – 106.7 99.8 – – 137.5 66.3 – – 103.3

AdvMT (ours) 79.2 90.1 99.4 103.5 95.1 104.5 114.1 118.5 68.4 79.6 88.5 93.7

Posing Purchases Sitting

Time (ms) 560 720 880 1000 560 720 880 1000 560 720 880 1000

Res. Sup.∗ [13] 140.3 159.8 173.2 183.2 122.1 137.2 148.0 154.0 113.7 130.5 144.4 152.6
HisRepeat∗ [19] 107.5 136.8 161.4 178.2 95.5 110.9 125.0 134.2 76.4 93.1 107.0 116.0
BiTGAN† [26] 107.1 134.6 156.7 171.0 99.0 113.7 127.1 135.1 76.0 92.0 105.4 114.4
siMLPe‡ [38] 103.4 – – 168.7 93.8 – – 132.5 75.4 – – 114.1

AdvMT (ours) 114.1 128.1 138.4 145.2 99.2 112.3 121.8 127.9 87.2 101.8 113.1 121.4

Sitting Down Taking Photo Waiting

Time (ms) 560 720 880 1000 560 720 880 1000 560 720 880 1000

Res. Sup.∗ [13] 138.8 159.0 176.1 187.4 110.6 128.9 143.7 153.9 105.4 117.3 128.1 135.4
HisRepeat∗ [19] 97.0 116.1 132.1 143.5 72.1 90.0 105.5 115.9 74.5 89.0 100.3 108.2
BiTGAN† [26] 96.2 114.5 129.9 141.3 74.2 92.6 107.4 117.7 72.9 87.3 97.7 104.9
siMLPe‡ [38] 95.7 – – 142.4 71.0 – – 112.8 71.6 – – 104.6

AdvMT (ours) 100.5 117.9 132.1 142.2 85.4 100.7 113.4 122.0 83.3 94.8 103.5 109.5

Walking Dog Walking Together Average

Time (ms) 560 720 880 1000 560 720 880 1000 560 720 880 1000

Res. Sup.∗ [13] 128.7 141.1 155.3 164.5 80.2 87.3 92.8 98.2 106.3 119.4 130.0 136.6
HisRepeat∗ [19] 108.2 120.6 135.9 146.9 52.7 57.8 62.0 64.9 77.3 91.8 104.1 112.1
BiTGAN† [26] 105.4 120.4 136.4 148.3 54.3 59.7 64.2 67.3 77.3 91.7 103.6 111.1
siMLPe‡ [38] 105.6 – – 141.2 50.8 – – 61.5 75.7 – – 109.4

AdvMT (ours) 102.5 115.5 127.7 136.8 62.9 71.0 79.0 84.4 80.3 91.6 100.8 106.6

B. Implementation details

The motion encoder in AdvMT is implemented as an

encoder-only Transformer with an autoregressive prediction

strategy. The input 3D joint-position sequence is first pro-

jected into a 256-dimensional latent space through a linear

layer, followed by positional encoding and layer normal-

ization as explained in [23]. The encoder consists of four

stacked Transformer blocks, where each block contains a 4-

head self-attention module with dk = dv = 32, followed

by a position-wise feed-forward network with the input and

output layer size of 256, and inner-layer size of 512 with

ReLU activation. Similar to [23], the residual connections and

layer normalization are applied throughout the network, and a

dropout rate of 0.3 is used. The final hidden representation is

projected back to the pose space through a linear layer, and a

residual skip connection is added between the input and output

pose representation. During prediction, given 50 observed

frames, the model generates future motion autoregressively by

predicting one frame at a time, appending the predicted frame

to the input window, discarding the oldest frame, and repeating

this process until the full future sequence is generated.

The discriminator is implemented as a lightweight 1D

convolutional network composed of two convolutional layers

of size 32x32 with ReLU activations, followed by adaptive

average pooling and per-channel fully connected outputs.

During training, we adopt a least-squares adversarial objective

and optimize the generator and discriminator with alternating

1:1 updates. In this way, the discriminator complements the

reconstruction objective by penalizing temporally implausible

predictions and reducing the tendency toward static or zero-

velocity motion.

The generator is optimized using AdamW with β1 = 0.9,

β2 = 0.999, and weight decay of 0.01, while the discriminator

is optimized using Adam with a fixed learning rate of 1×10−4.

For the motion encoder, we use the standard Transformer [23]

warmup schedule with 10,000 warmup steps. Training is

performed for 30 epochs with a batch size of 32. The loss

weights are set to λB = 0.3 and λD = 0.3.

C. Comparison with other methods

In our study, we focused on training our method for 3D

joint position prediction. We compared its performance with
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Fig. 5. Qualitative results up to 2 seconds future motion prediction for
walking, eating, phoning, and walking together actions from Human3.6M
dataset [6]. For visualization purposes, the predictions are downsampled to 5
frames per second. Ground truth poses are drawn in purple and green, whereas
the future predictions are marked in blue and red colors. Best visualized in
zoomed view.

other state-of-the-art methods trained for the same motion rep-

resentation, as detailed in Tables I and II. The primary metric

used for evaluation is the MPJPE in millimeters, aligning with

the standards used by other methods [19], [26], [38], [39].

We trained the model using an input sequence of 2 seconds

to generate predictions for the next 1 second. However, our

motion encoder branch was trained autoregressively, enabling

it to predict motions extending beyond 1 second.

The results reveal that our proposed method consistently

surpasses the baseline method [13] in both short-term and

long-term predictions. While our performance in short-term

prediction is comparable to the current state-of-the-art, it is

in long-term prediction where our method particularly excels,

outperforming in most of the action tasks evaluated.

The qualitative results further substantiate the efficacy of

our model. As demonstrated in Fig. 5, our model excels in

accurately predicting joint movements while adhering to the

constraints of human body movement. In dynamic sequences

like walking, our model significantly improves leg movement

accuracy compared to the results in [19]. In addition, for ac-

tions like eating and phoning, our model closely approximates

actual hand movements, unlike the static outputs predicted in

the final frames by [19].

Due to its autoregressive prediction approach, our method

successfully avoids predicting zero-velocity motion for long-

term predictions. A prime example is the phoning action,

where our model realistically simulates the action of ending

a call and putting down the phone, as marked with a dashed

box in Fig. 5. It is important to note that while our method

excels in dynamic actions, its performance is slightly reduced

in static actions such as smoking and waiting.

To quantitatively validate the long-horizon prediction ca-

pability, we extend the evaluation to 2 seconds (50 frames).

Table III reports MPJPE for AdvMT and HisRepeat [19] from

1200 ms to 2000 ms across all 15 actions. HisRepeat [19]

predictions were generated using the trained models provided

by the authors. AdvMT maintains lower average error across

the extended horizon on 14 of 15 actions.

V. ABLATION STUDY

A. Architecture

An ablation study was conducted to assess the effectiveness

of our proposed AdvMT architecture. We compared the perfor-

mance of a full Transformer network against our modified ar-

chitecture. Originally intended for sequence-to-sequence tasks,

the full Transformer architecture was found less effective for

human motion prediction compared to our adaptation, which

solely utilizes the encoder layer. This suggests that the decoder

layer might add unnecessary complexity, hindering the ability

to capture human motion dynamics accurately.

Further ablation studies highlighted the critical role of the

discriminator branch in enhancing the realism and temporal

consistency of generated motion. The discriminator branch

functions as a critic, ensuring the predicted motions are not

only realistic but also align with real-world motion patterns. Its

absence leads to the generation of unrealistic or inconsistent

motion sequences, particularly in complex human motions

where accuracy in joint angles and movements is crucial. By

integrating the adversarial training, our model is compelled to

generate more lifelike and consistent motion sequences.

B. Loss function

Regarding the loss function, we found that using only the

bone length error as a loss term with the vanilla MPJPE loss

led the model to predict zero-velocity motion for long-term

predictions. As the model learns to minimize only the bone

length error, leading it to generate static poses. To mitigate this,

incorporating the discriminator loss term helped to penalize

unrealistic human motion predictions and encouraged the

motion encoder to generate more realistic and plausible human

motion. We conducted an ablation study to investigate the

effectiveness of our modified loss function, which includes

a discriminator loss and a bone error loss in addition to the

regular MPJPE loss. We compared the performance of our

model with the modified loss function against a baseline model

that only used the regular MPJPE loss. The results show that

our modified loss function, which includes the MPJPE loss,
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TABLE III
EXTENDED MOTION PREDICTION UNTIL 2 SECONDS ON HUMAN3.6M [6] ACROSS ALL 15 ACTION CATEGORIES. HISREPEAT [19] PREDICTIONS WERE

GENERATED USING THE TRAINED MODELS PROVIDED BY THE AUTHORS. BOLD INDICATES LOWER ERROR.

Walking Eating Smoking Discussion

Time (ms) 1200 1400 1600 1800 2000 1200 1400 1600 1800 2000 1200 1400 1600 1800 2000 1200 1400 1600 1800 2000

HisRepeat [19] 59.1 61.6 66.5 72.2 73.4 82.6 87.9 90.7 93.1 96.1 77.2 84.0 89.4 94.8 101.8 131.3 138.6 144.3 149.0 151.1

AdvMT (ours) 56.3 59.7 65.4 71.0 73.2 63.6 66.6 68.7 70.5 71.4 84.1 89.4 92.2 95.1 99.1 106.3 109.4 114.1 117.7 121.1

Directions Greeting Phoning Posing

Time (ms) 1200 1400 1600 1800 2000 1200 1400 1600 1800 2000 1200 1400 1600 1800 2000 1200 1400 1600 1800 2000

HisRepeat [19] 116.3 121.4 126.7 130.0 132.9 148.2 152.4 153.1 150.2 150.6 118.9 132.4 144.2 153.4 162.3 202.5 220.4 233.3 246.4 254.6

AdvMT (ours) 109.2 112.4 115.1 117.8 119.2 125.8 129.4 129.0 126.9 126.5 101.2 108.0 114.6 119.4 125.1 155.9 163.9 170.4 177.9 183.8

Purchases Sitting Sitting Down Taking Photo

Time (ms) 1200 1400 1600 1800 2000 1200 1400 1600 1800 2000 1200 1400 1600 1800 2000 1200 1400 1600 1800 2000

HisRepeat [19] 145.9 154.0 162.5 166.2 172.2 132.3 147.7 158.5 168.2 178.9 159.9 177.6 191.5 204.3 217.4 133.1 148.5 161.0 172.3 182.3

AdvMT (ours) 134.7 137.0 142.7 146.9 153.6 134.9 146.2 153.3 157.7 162.9 157.6 171.3 181.2 188.8 195.6 134.3 145.8 153.6 161.0 167.9

Waiting Walking Dog Walking Together Average

Time (ms) 1200 1400 1600 1800 2000 1200 1400 1600 1800 2000 1200 1400 1600 1800 2000 1200 1400 1600 1800 2000

HisRepeat [19] 119.5 129.5 138.1 147.8 156.3 158.4 170.2 180.2 189.8 195.7 69.2 72.0 76.7 82.4 85.7 123.6 133.2 141.1 148.0 154.1

AdvMT (ours) 118.8 127.7 134.6 141.4 145.7 145.8 151.6 155.1 162.7 168.5 84.4 92.7 100.1 105.5 109.6 114.8 121.2 126.4 131.0 135.1

TABLE IV
ABLATION STUDY RESULTS ON THE HUMAN3.6M DATASET [6].

Methods
Time (ms)

160 400 560 880 1000

Baseline [23] 44.2 79.7 92.2 118.9 126.6
AdvMT (LMPJPE) 45.8 77.2 88.9 112.9 119.7
AdvMT (LMPJPE +

Lbone + LDK
) 33.2 65.3 80.3 100.8 106.6

bone length error, and a temporal continuity discriminator

loss, is effective in improving the quality of human motion

prediction.

C. Discussion

An analysis of the per-action results in Tables I and II

reveals distinct performance patterns. AdvMT’s improvements

are most pronounced for dynamic actions involving substantial

joint movement in walking, greeting, and walking dog actions,

where the temporal continuity discriminator prevents zero-

velocity convergence. For static actions, such as smoking,

sitting, and waiting, the advantage is reduced because the

ground truth exhibits minimal temporal variation. Nonetheless,

the overall average MPJPE across all actions is the lowest

among all compared methods.

We also observe a trade-off between short-term and long-

term accuracy. At short-term predictions, AdvMT’s error is

comparable to existing methods, whereas at longer horizons,

it consistently achieves the best performance. The adversarial

training objective guides the model to prioritize temporally

coherent trajectories over frame-level positional accuracy, dis-

tributing prediction quality across the full horizon. For human-

robot collaboration, where reliable motion forecasts several

hundred milliseconds ahead are needed for proactive planning,

this trade-off is desirable.

Finally, in multi-part actions such as walking together,

the attention mechanism tends to concentrate on the most

kinematically active body region, i.e., lower body, while

producing less accurate predictions for the upper body. This

is consistent with the per-channel discriminator design, since

it operates on unnormalized temporal differences, joints with

larger displacements produce larger convolutional activations

and stronger gradients to the generator, while joints with

smaller motion receive weaker supervision. Future work could

address this through structure-aware attention, multi-scale dis-

criminators for different body regions, or explicit kinematic

chain constraints.

VI. CONCLUSION

In this work, we introduced AdvMT, a Transformer-based

architecture designed for long-term human motion prediction

with an emphasis on temporal consistency and physical plau-

sibility. By combining a spatially attentive motion encoder

with a tailored loss function and a temporal continuity dis-

criminator, AdvMT effectively mitigates prediction drift and

enforces smooth transitions across frames. Our autoregres-

sive training regime, guided by adversarial feedback, enables

accurate short-term predictions while significantly improving

long-horizon forecasts across diverse action classes. These

advancements are particularly relevant for human-robot col-

laboration in manufacturing environments, where anticipating

human movement is essential for safety and coordination.

AdvMT’s ability to generate biomechanically realistic motion

trajectories can facilitate more seamless and intelligent inter-

action between robots and human workers. Future extensions

may incorporate structure-aware encoders or explicit kinematic

constraints to enhance performance in early prediction inter-

vals and further support generalization to complex real-world

tasks.
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