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Abstract

3D human reaction generation faces three main challenges:
(1) high motion fidelity, (2) real-time inference, and (3)
autoregressive adaptability for online scenarios. EXxisting
methods fail to meet all three simultaneously. We propose
ARMFlow, a MeanFlow-based autoregressive framework
that models temporal dependencies between actor and re-
actor motions. It consists of a causal context encoder and
an MLP-based velocity predictor. We introduce Bootstrap
Contextual Encoding (BSCE) in training, encoding gener-
ated history instead of the ground-truth ones, to alleviate er-
ror accumulation in autoregressive generation. We further
introduce the offline variant ReMFlow, achieving state-of-
the-art performance with the fastest inference among offline
methods. Our ARMFlow addresses key limitations of online
settings by: (1) enhancing semantic alignment via a global
contextual encoder; (2) achieving high accuracy and low
latency in a single-step inference; and (3) reducing accumu-
lated errors through BSCE. Our single-step online genera-
tion surpasses existing online methods on InterHuman and
InterX by about 30% in FID, while matching offline state-
of-the-art performance despite using only partial sequence
conditions. The official implementation is publicly avail-
able at: https://github.com/ZenGeng Chin/armflow _official

1. Introduction

Recent advances in generative modeling have led to remark-
able progress in 3D human motion generation, covering a
wide spectrum of tasks and methodologies. These include
text-guided motion synthesis [4, 11, 13, 34, 38, 41, 49—
51], human—object interaction [6, 9, 20, 32, 47], scene-
conditioned motion generation, and multi-person interac-
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Figure 1. Our method only processes a single inference in each
real-time step for online reaction generation, compared to the
SOTA methods ReGenNet (35-78 ms), and CAMDM (45 ms). The
text description is from the InterX [45] dataset.

tion modeling. Among these, one particularly distinctive
task is human reaction generation, which focuses on pro-
ducing reactive human behaviors in response to other agents
or stimuli. This task holds immediate practical potential in
human-robot interaction, augmented, and virtual realities.

Unlike offline motion generation tasks that rely on pre-
defined conditions and tolerate second-level latency, 3D hu-
man reaction generation demands real-time responsiveness,
where the input condition evolves continuously and unpre-
dictably. In such settings, even minimal computational de-
lays can compromise the system’s reactivity and realism.
This imposes stricter requirements on the generation frame-
work, introducing three key challenges: (1) achieving high
inference efficiency to meet real-time constraints; (2) main-
taining high-fidelity motion quality to ensure natural and
expressive reactions; and (3) capturing long-term contextual
dependencies to preserve semantic consistency and gener-
ate accurate, context-aware motions.

Existing approaches have made attempts to address these
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challenges, yet fundamental limitations remain. To enable
online generation, autoregressive architectures are essen-
tial, as they inherently model temporal dependencies be-
tween past and future motions. Methods such as CAMDM
[3] and HumanX [18] adopt autoregressive diffusion mod-
els, where a fixed-length historical window serves as the
conditioning context for current denoising steps. However,
this design faces two key limitations: (1) the fixed context
window hinders scalability and leads to inevitable informa-
tion loss, causing semantic drift over long sequences; and
(2) although accelerated samplers such as DDIM have been
adopted, they still require multiple denoising steps (typi-
cally >8), which is computationally demanding, especially
under fine-grained temporal resolutions.

To address the aforementioned three challenges and two
key limitations of prior works, we propose ARMFlow, a
scalable autoregressive architecture capable of generating
high-fidelity human reactions in a single-step inference.
Our method is built upon the recently proposed MeanFlow
[8] paradigm, which enables one-step generation as op-
posed to multi-step denoising or iterative integration re-
quired by diffusion [9, 26] or traditional flow-based mod-
els. This is the first work that leverages MeanFlow for
human motion generation, demonstrating the fastest infer-
ence speed while maintaining superior motion realism com-
pared to existing approaches. To overcome the limitations
of fixed-length contextual windows commonly used in prior
autoregressive models, we introduce a causal context en-
coder that encodes the entire motion history with causal
masking. This design prevents the loss of information be-
yond the context window and preserves global temporal se-
mantics, ensuring coherent long-term motion generation.

Furthermore, we observe that training the model with
only clean past motions makes it overly sensitive to noise
during autoregressive generation, as it never learns to han-
dle imperfect or accumulated prediction errors in its his-
torical context. To mitigate this issue, we propose Boot-
strap Context Encoding (BSCE), where the model uses pre-
dicted motion histories—rather than ground-truth ones dur-
ing training to construct the contextual conditions for the
flow velocity predictor. As training progresses, the pre-
dicted motion sequences gradually approximate real tra-
jectories, leading to an adaptive curriculum that naturally
reduces context noise over time. We further increase the
number of bootstrap iterations throughout training, effec-
tively introducing controlled noise and enhancing model ro-
bustness against accumulated prediction errors. This mech-
anism accelerates convergence and improves autoregres-
sive stability. Benefiting from MeanFlow’s single-step in-
ference, BSCE can efficiently generate augmented history
samples without costly iterative denoising, resulting in sig-
nificantly improved training efficiency. Together, these
components form a self-consistent and efficient autoregres-

sive generation framework based on MeanFlow dynamics.
Beyond the online setting, we further design a general of-

fline variant, Reaction MeanFlow (ReMFlow), which serves

as a versatile baseline for offline motion generation. Com-
pared with existing state-of-the-art (SOTA) offline mod-
els, ReMFlow achieves superior generation quality and the
fastest inference speed on both InterHuman and InterX
benchmarks. More importantly, our online model ARM-

Flow not only achieves SOTA performance in real-time set-

tings, notably over 40% on FID, but also performs on par

with, and in some cases surpasses, many offline models that
have access to the entire conditioning sequence simultane-
ously. In summary, our contributions are threefold:

1. We propose ARMFlow, a flexible and scalable method
consisting of a context encoder with an MLP velocity
predictor that captures global semantic alignment in an
autoregressive manner.

2. We extend the MeanFlow paradigm to the domain of 3D
reaction generation, introducing a unified framework for
both online (ARMFlow) and offline (ReMFlow) settings
that achieves single-step, high-fidelity motion synthesis
with real-time performance.

3. We propose a Bootstrap Context Encoding (BSCE)
mechanism that effectively mitigates error accumulation
in autoregressive generation, speeds up the model’s con-
vergence, and enhances inference robustness.

2. Related Works

Reaction Generation: 3D human motion generation is
currently an active area of research, encompassing tasks
such as Text-to-Motion [4, 11, 13, 33, 34, 38, 41, 49, 51],
Human-Object Interaction [6, 9, 20, 32, 42, 47], to Human-
Human Interaction [17, 23, 35, 43] generation. However,
Action-Reaction Generation is still an understudied area.
Tab. [ lists current SOTA models for reaction generation.

Table 1. Current reaction generation models. AR: Autoregression.

Model Online Real-time Long-context AR
InterMask [17] X X v X
InterGen [23] X X v X
MARRS [44] X v v X
CAMDM [3] v v X v
ReGenNet [46] v v X X
HumanX [18] v v X v
Ours v v v v

Chopin et al. [5] first proposed Interformer, a
Transformer-based [40] reaction synthesis model, but due
to the use of traditional autoencoders to predict current ac-
tions, its prediction accuracy is less than ideal. Xu et al.
[46] introduced the first online Transformer-decoder-based
diffusion model, aiming to achieve both efficiency and ac-
curacy in diffusion via DDIM [36]. Although this method
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Figure 2. Overview of the proposed architecture for online and offline reaction generation. The framework consists of a CNN-based
encoder to learn a compact latent space for the actor and the reactor. The ReMFlow is for offline generation based on the DiT architecture,
and ARMFlow is the autoregressive online model consisting of a DiT context encoder and an MLP velocity predictor. A BSCE strategy is
employed during online training progressively to reduce accumulated error in the autoregression.

performs online generation, it inherently lacks autoregres-
sion (AR) (i.e., generating the current action based on previ-
ously generated content), leading to temporal inconsistency.
Ji et al. [18] addressed the autoregressive online generation
issue by conditioning on a fixed window of previous context
to guide the generation of the next timestep’s action. How-
ever, a fixed-window design imposes significant scalability
constraints: it cannot be adapted to finer temporal resolu-
tions, and approaches such as [3] are unable to perform in-
ference from scratch without any prior context. Moreover,
when processing long sequences, the limited receptive field
fails to capture distant dependencies, leading to cumulative
error and a lack of global contextual understanding. R2R
[1] aims to solve this by introducing full-history encoding,
but its 50-step inference limits its efficiency.

Autoregressive generative models have been extensively
explored, particularly for image generation. Some ap-
proaches tokenize continuous representations into discrete
token spaces in an LLM-style manner [2, 39, 48, 49], while
others adopt diffusion-based methods [14, 16, 21, 22] in an
autoregressive fashion. Another line of research employs
autoregressive flow-based architectures [10, 37]. Although
autoregressive models are capable of capturing strong de-
pendencies within data distributions, a core challenge lies
in mitigating error accumulation that naturally occurs dur-
ing sequential inference. T2M-GPT [49] addresses this is-
sue by introducing random token corruption during training,
forcing the model to correct corrupted past contexts. Sub-
sequently, Tian et al. [39] proposed a hierarchical data rep-
resentation to alleviate cumulative errors. However, these
techniques are not directly applicable to conventional au-
toregressive models—especially diffusion-based architec-
tures with fixed contextual windows [14, 16, 21]. To over-

come this limitation, Li et al. [22] proposed a general frame-
work combining an autoregressive context encoder with a
lightweight MLP denoiser, leveraging MAE-style random
masking [15] to reduce error propagation along the au-
toregressive direction. Nevertheless, such random masking
schemes are less suitable for specially ordered or real-time
generation tasks, where temporal consistency is essential.
As a result, enhancing the robustness of real-time autore-
gressive models remains unsolved.

3. Preliminary

MeanFlow [8] is a recently proposed generative paradigm
that aims to produce high-fidelity samples with only a sin-
gle inference step. Unlike traditional Flow Matching (FM)
[24, 27] approaches, which learn the instantaneous velocity
field by estimating the continuous trajectory between data
and noise distributions through numerous integration steps,
MeanFlow instead models the mean velocity over the entire
trajectory. Specifically, instead of computing the instanta-
neous flow v(z,t) at each time step, MeanFlow evaluates
the average transport velocity between any two points 7 and
t in the field. This simplification allows the model to gen-
erate samples by a single-step integration of the mean field
from » = 0 (noise) to ¢ = 1 (data), substantially reducing
inference time while maintaining strong generative quality.
Our method builds upon MeanFlow, enabling efficient re-
action generation with single-step inference. Given an in-
stantaneous velocity field v(z;,, 7), the average velocity be-
tween timesteps r and ¢ is defined as:
t

u(zi,m,t) = —— [ w(zr,7)dr,

t—r J,

6]

which captures the cumulative dynamics over the interval
[r,t] and provides a smooth approximation of trajectory



evolution. Differentiating both sides using the Leibniz rule
yields the training objective:

£(0) = E[ug(z1,7,) — sg(ug)5, 2
U = v(ze, 1) — (t—7) (v(z1, ) Doug + Oyug),  (3)

where sg(-) denotes the stop-gradient operator to stabi-
lize optimization. The Jacobian—vector products (JVPs)
for 0,uy and Oyup are computed via automatic differen-
tiation, avoiding explicit Jacobian construction and reduc-
ing memory overhead while maintaining accurate gradient
signals. Unlike conventional flow-based methods that uni-
formly sample timestep pairs, we adopt a biased sampling
strategy where a proportion of pairs satisfy r = ¢. This allo-
cation strengthens the learning of the instantaneous velocity
v(zt,t), improves convergence, and enhances fidelity for
high-frequency motion components, which are critical for
reactive behaviors. A key advantage of MeanFlow is single-
step inference, eliminating iterative refinement, which dras-
tically reduces inference cost compared to multi-step diffu-
sion or flow-based models, making it suitable for large-scale
generation.

To improve controllability without additional inference
overhead, Geng et al. [8] incorporate classifier-free guid-
ance (CFG) during training rather than post-hoc blending
by constructing a Ground-Truth Field. The modified objec-
tive becomes:

L(0) = ]EHqug(zt,r,t | ) — sg(ulgt)Hz, 4)
U = By — (t — 1) (0, 0ug® + 0ug®),  (5)
Uy = woy + (1 — w)ucgfg(zt,t,t), (6)

where c denotes the conditioning signal, and w > 1 controls
the blend between conditional and unconditional velocity
fields. Training with CFG not only enhances the model’s
robustness and fidelity, but also reduces the extra calcula-
tion in inference for unconditional output.

4. Method

Given a text description text and an actor motion sequence
2, € RTP where T denotes the number of frames and D
the pose dimension, our goal is to synthesize a realistic re-
actor motion z, € R”T"P. The generation can occur in two
modes: sequential (online), where frames are predicted pro-
gressively, or offline, where the entire sequence is generated
in a single pass. To achieve this, we first compress actor and
reactor motions into a shared latent space using the CNN-
VAE described in Section 4.1, which benefits both offline
and online reaction generation. Building on this representa-
tion, we introduce ReMFlow (Section 4.2) for offline gen-
eration and ARMFlow (Section 4.3) for online generation,
both leveraging the MeanFlow framework and a DiT-based
backbone [31]. Finally, we propose the Bootstrap Context

Encoding (BCSE), which is inherently suited for ARMFlow
and mitigates error accumulation during autoregression.

4.1. CNN-VAE for Motion Compression

To improve generation efficiency and robustness, we adopt
a 1D-CNN VAE following T2M-GPT [49] to compress ac-
tor-reactor motion sequences X = {X,, X} into temporal
latent representations {a, b}. This serves to (1) reduce mo-
tion dimensionality for efficient computation and (2) pro-
vide a structured latent space for autoregressive modeling.

Unlike canonicalized actor motion, reactor motion is
highly dynamic and lacks standardization, making discrete
quantization prone to accuracy loss. We therefore use con-
tinuous latent tokens with KL-divergence regularization in-
stead of discrete codes. This embeds motion into a compact
yet expressive latent space, accelerating convergence and
improving reconstruction. The causal 1D-CNN preserves
temporal dependencies, enabling efficient disentanglement
of latent tokens in online generation and enhancing flexibil-
ity in sequential contexts. The VAE objective is:

Lyak = Bq(z |2 [log p(x|2)] — KL(g(z[2)|lp(2)), (D)

where ¢(z|x) is the encoder, p(z|z) the decoder, and p(z)
the Gaussian prior. To ensure high-fidelity reconstruction,
we employ inverse kinematic (IK) loss for joint positions
and velocity loss for motion smoothness.

4.2. ReMFlow for Offline Reaction Generation

We implement ReMFlow for offline generation using a
DiT-based encoder with multimodal conditioning. Text
prompts are encoded via a CLIP text encoder [28] and fused
with timestep embeddings to form a global condition vec-
tor, which is injected into DiT through adaptive layer nor-
malization (AdalLN) to modulate intermediate activations.
Actor tokens a; are concatenated with interpolated reactor
tokens bf, encoded from a CNN-based VAE to capture local
appearance and dynamics of the reactor. These tokens are
aligned along the last dimension, summed with positional
encodings, and processed by DiT to predict average veloci-
ties u = {u; }", over tokenized spatiotemporal patches. To
enable unconditional learning and support CFG, a propor-
tion of text and actor tokens are replaced with null tokens &
during training, which regularizes the model and stabilizes
optimization under varying conditioning strengths.

This design allows ReMFlow to jointly model actor dy-
namics and reactor responses under flexible conditioning
while maintaining computational efficiency. Compared to
iterative diffusion models, our approach achieves significant
speedup and scalability due to single-step inference and
average-velocity prediction, making it practical for large-
scale offline reaction generation tasks without sacrificing fi-
delity or semantic alignment.



4.3. ARMFlow for Online Generation

ARMFlow overcomes the limitations of fixed-window ar-
chitectures by enabling encoding from scratch and retaining
all past information, thereby preserving global semantics.
As illustrated in Fig. 2, the architecture follows the spirit
of MAR [22], comprising a DiT-based context encoder and
a lightweight MLP velocity predictor. The former encodes
historical motion and text semantics and supplies them as
partial conditions to the MLP predictor.

During training, we concatenate actor and reactor history
tokens (a;, b;) along the last dimension and prepend a learn-
able start-of-sequence token (sos) to ensure that inference
remains feasible at £=0. The concatenated sequence is fed
into the DiT backbone, while text conditioning is injected
through normalization layers (via infusion), and a causal
mask is applied to enforce forward-only temporal depen-
dencies for autoregressive learning. The encoded historical
context ¢; is then combined with the upsampled timesteps
(r,t) and used as conditions for an AdaLN-modulated MLP.
At the current step, the interpolated reactor sample bf’t from
the velocity field is passed to the MLP velocity predic-
tor, which outputs the average velocity 4, ;. Unlike offline
generation, the conditioning input here includes not only
the current actor but also the accumulated history; conse-
quently, when performing classifier-free guidance (CFG),
we augment the null token with a null history to match the
online conditioning interface.

At inference time, the start token (sos) is first encoded as
the initial history. A Gaussian noise token ¢; is then paired
with the current actor token a; and fed into the MLP with
(r=0, t=1) to predict the average velocity ;. The current
reactor token is obtained by b; = €3 — u;. The predicted
reactor token is cached together with the corresponding ac-
tor token to update the history, and the process is iterated
autoregressively until actor tokens end.

4.4. Bootstrap Contextual Encoding

Drift over long sequences is an inherent limitation of au-
toregressive models. HumanX [18] addresses this through
a history-rollout training strategy, where the ground-truth
(GT) history condition is gradually replaced by the model’s
generated history. However, this approach has three main
drawbacks. First, to stabilize training, HumanX gradually
subtracts the GT history from the generated ones, slow-
ing the convergence. Second, as the model converges, the
generated history becomes increasingly similar to the GT,
leading to insufficient self-augmentation. Third, HumanX
only replaces the reactor history while keeping the actor un-
changed, which lead to overfitting to the actor’s motion.

To address these limitations, we propose Bootstrap Con-
textual Encoding (BSCE). As detailed in Algorithm 1,
BSCE replaces both actor and reactor histories with gen-
erated samples from the very beginning of training. As

Algorithm 1 Bootstrap Contextual Encoding (BSCE)

1: procedure BSCE(Gy, Y, X, C,St, Kinax, Imax)
2 K<+ 1

3 for iteration = 1 to [,,,x do

4: Sample (z,, xp, ¢) from Y, X, C

5: Initialize context buffer Z «+ {(sos)}
6

7

8

9

({a;}, {b5'}) + TOKENIZE(z,, 71
fori =1to K do
¢; + ENCODECONTEXT(Z, ¢)
Sample (r,t) ~ S, €; ~ N(0,1)

10: ’LALr’t «— Gy (6i7 a;orb;,rt, Cl‘)

11: a; Ol‘bi<—€i—ﬂr7t

12: Append (a;, b;) to Z

13: L; < Loss(ty)

14: end for

15: Update § < 0 — nVy (& >, £i)

16: K + SCHEDULED(iteration, Kmax)
17: end for

18: end procedure

the model progressively aligns its outputs with the GT, the
number of autoregressive iterations is gradually increased
on schedule. This amplified accumulated error introduces
additional noise, which in turn enhances the model’s robust-
ness and generalization. Moreover, since HumanX relies
on a multi-step diffusion model, its rollout is computation-
ally expensive during the training phase. In contrast, our
MeanFlow-based generator performs single-step inference,
providing substantial efficiency gains and further highlight-
ing BSCE’s natural compatibility with MeanFlow.

5. Experiments

Datasets. We evaluate our approach on two widely
adopted benchmarks for text-conditioned human interac-
tion synthesis: InterHuman [23] and InterX [45]. Inter-
Human comprises 7,779 interaction sequences, while In-
terX provides 11,388 sequences, each annotated with 3
textual descriptions. Compared with the other noisy and
small datasets like NTU-120 and CHI3D[7, 25], these two
datasets are of better motion qualities and have solid and
public metrics for evaluations for fair comparisons.

The InterHuman dataset is built upon the AMASS [29]
skeleton, which includes 22 joints with the root joint. Each
joint is represented following the HumanML3D [11] con-
vention as {p,, V4, T'eq }, Where p, € R? denotes global po-
sition, v € R3 global velocity, and rgq € RS the local 6D
rotation. This results in a motion tensor m,, € RN x22x12
accompanied by a binary foot-contact indicator fc € R2.

In contrast, InterX adopts the SMPL-X [30] skeleton,
which has 55 articulated joints covering the body, hands,
and facial regions, along with the root orientation. Each
joint rotation and root orientation is encoded as rgq, while



Table 2. Comparison of online methods on InterHuman and InterX datasets.

Dataset Model FID | R-Prec@1 1 R-Prec@2?1 R-Prec@31 MM Dist| Diversity — MModality T
Ground Truth 0.273+:007 9 452+008 (g G10E009 (701008 3 755+008 7 gqg+.064 -
InterFormer [5] 4.871F049  (0.302F 004 (457E004 () 542005 3845+ 001 7 4goE045 () 954+029
InterHuman CAMDM [3] 4.000%-046 0.335%-005 0.492%-005 0.587%:005 3.828%-001 7 547£-025 1.581%:026
ReGenNet [46] 4176985 (0.355F005 0 508%005 (9 gp0t00%  3.817F00T  7480% 033 (.449% 012
R2R [1] 2.795%062  .431%005  (.591%:004  (.674F 004  3.793+:002  7,693+:028 () 517%013
ARMFlow (Ours) 2.178%%% 0441509  0.605T0%°  0.699190°  3783%:002  7745+:024 (3 369+.008
Ground Truth 0.002%0000.435%005 (6285004 (.736E004 35745013 8947078 -
InterFormer [5] 0.304F009  (0.301F003  .469%003  (571E002  4604F009  g579E V6L ().289%009
InterX  CAMDM [3] 04205011 03125000 0.480F00% 0587008 44685000 g46TECT2 1.460% 027
ReGenNet [46] 0.071F903 (0,402 005 (584004 (9 g90t004  3843+01L 9 11%053  (.738+ 02
R2R [1] 0.063%903  (0.412%005  (.598+005 (. 704*+:004 3 745+011 g 73+E055 1 gygE 010
ARMFlow (Ours) 0.042%°%% 04205  0.606T°% 07111904  3.728%:012  8,939+:07L 1 903+:029

the root translation and rotation are represented by t,. and
r,., respectively, forming m,, € RY*56x6,

Evaluation Metrics. For reaction generation, we mainly
focus on fidelity and semantic correspondence. To com-
prehensively evaluate the performance of our model, we
adopt a suite of feature-space metrics by Liang et al. [23].
To assess the realism and fidelity of generated interactions,
we compute the Fréchet Inception Distance (FID) and be-
tween the feature distributions of generated and ground-
truth motions and their Diversity. To evaluate the semantic
alignment between text prompts and generated motions, we
use R-Precision and Multimodal Distance (MMDist), which
measure the consistency between text input and generated
motions. To assess generative quality beyond accuracy, we
report Multimodality, quantifying the model’s ability to pro-
duce multiple plausible motions for the same text prompts.

Baselines. We divide our evaluation into two parts. For
offline generation, we compare our approach with several
state-of-the-art methods, including In2IN, which first syn-
thesizes actor—reactor motions with an MDM prior and sub-
sequently refines them; ReGenNet, a diffusion model with
a transformer-decoder backbone; InterMask, a discrete au-
toregressive model based on masking; and an extended vari-
ant of MLD that performs diffusion in a latent space. For
online generation, we benchmark against InterFormer, a
conventional transformer-based autoregressive architecture;
the online configuration of ReGenNet; CAMDM, which
adopts a transformer encoder and conditions on a fixed-
length context window; and R2R, an autoregressive diffu-
sion diagram. Notably, these online baselines are not ex-
plicitly designed for real-time synthesis. Although ReGen-
Net can apply causal masking, its decoder architecture only
conditions on the actor’s previous frame and cannot ex-
ploit the reactor’s past states, which often leads to tempo-
ral discontinuities. CAMDM, on the other hand, relies on a
short fixed window of 10 frames, limiting long-range con-
textual modeling and causing pronounced drift in extended

sequences, particularly on InterHuman. Furthermore, these
designs do not support generation from scratch, rendering
inference at t=0 infeasible. In contrast, our method oper-
ates at a finer 4-frame granularity for real-time synthesis,
scales more favorably than CAMDM, and does not depend
on any initial motion. To ensure a fair comparison, we pro-
vide CAMDM with additional support by supplying an ini-
tial motion sequence, which compensates for its inability to
generate from scratch, while keeping its 10-frame context
window as specified by the authors.

Implementation Details. For the CNN encoder, we use
the same architecture for both datasets except for the in-
put dimension. Following T2M-GPT, the encoder has a
hidden size of 256, two residual convolutional downsam-
pling blocks, and three hidden layers per block. The main
model adopts a standard DiT backbone for both ARMFlow
(online) and ReMFlow (offline), with 512 hidden dimen-
sions, 7 transformer layers, and 8 attention heads with skip
connections. The MLP-based velocity predictor in ARM-
Flow is a lightweight 5-layer network, with identical set-
tings across datasets. For MeanFlow, timesteps are sampled
from a logit-normal distribution, with the probability of in-
stantaneous velocity sampling (r = t) set to 0.25. In ReM-
Flow, classifier-free guidance (CFG) is set to w = 1.8 for
InterHuman and w = 2.0 for InterX. For ARMFlow, we use
w = 1.8 on InterHuman and w = 1.2 on InterX. All models
are trained with a batch size of 64. The CNN-VAE is trained
for 2000 epochs on InterHuman and 800 on InterX. ReM-
Flow is trained for 800 and 500 epochs, while ARMFlow
converges faster with 500 and 300 epochs, respectively. All
experiments use the AdamW optimizer with a learning rate
of 1 x 10~* and are conducted on NVIDIA H100 GPUs in
an HPC environment.

5.1. Quantative Results

Online Generation. We first consider the more chal-
lenging online generation setting. Tab. 2 compares our
ARMFlow with existing online models, ReGenNet and



Table 3. Comparison of offline methods on InterHuman and InterX datasets.

Dataset Model FID | R-Prec@11 R-Prec@21 R-Prec@31 MM Dist| Diversity - MDModality 1
Ground Truth 0.273%+:007  (.452+008  (610+009  (.701+008 3 755+008 7 gqg+-064 -
InterGen [23] 0.183%174  (.325F004 () 467E004 () 546F-005  3.859%:001 7 305+.047 1.270%:023
InterEuman in2IN [35] 7.913+%251  (.362+004 (. 504%:008  (589+007 38394002 7 7(g+.040 1.165%:034
MLD* [4] 3.588+076 () 405+:005 () 561E-007 () 649F-006 3 798%002 7 GG3+-040 1.124%:048
ReGenNet* [46] Mi.om 0.362+-005 0.513+-005 0.605%-004 3.815%-001 7 589+-064 1.737+:020
InterMask [17] 3.453%-061 Mrom mtooa 0.701%-005 3.789%-002 7 710%-046 @LOBZ
ReMFlow (Ours) 2.433%012 04521006 ,618+:005 (7081 00° 3.778+:001 771402  ( g5+018
Ground Truth 0.002+000 (9 435%:005 () G2g*-004 () 736+-004 3 574E013 g gq7E0T8 -
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Figure 3. Qualitative comparison with ReGenNet on InterHuman dataset. The problematic interactions are marked with red dashed lines,
including penetrations and semantic misalignment, and the correct ones are marked with green.

CAMDM. On the long-sequence InterHuman dataset, both
baselines fail to achieve satisfactory results. CAMDM is
mainly limited by its short context window, which prevents
encoding the full history and leads to severe temporal drift.
Although ReGenNet leverages the full actor history, it ini-
tializes the reactor input from Gaussian noise at each in-
ference step, preventing adaptive refinement of the reac-
tor representation based on its own history and resulting
in temporally inconsistent actions. In contrast, ARMFlow
significantly outperforms existing methods in both FID and
semantic consistency. Compared with R2R (the second-
best in FID), ARMFlow achieves a 28% relative improve-
ment. Moreover, on the shorter-sequence InterX dataset,
our method also achieves state-of-the-art performance. Re-

GenNet performs relatively well on this dataset, likely be-
cause its short-term attention mechanism is more effec-
tive for shorter sequences. Notably, online generation does
not necessarily degrade performance—in our experiments,
ARMFlow even achieves a lower (better) FID in the on-
line setting than in the offline one, while the offline version,
benefiting from full actor-conditioned information, yields
slightly higher semantic consistency.

Offline Generation. For the offline generation task, we
evaluate the generality of ReMFlow and compare it with
current SOTA methods in Tab. 3. InterMask, based on
discrete random masking, performs well on semantic met-
rics such as R-precision and MM-Distance but yields a sig-
nificantly worse FID. This mainly results from its shared



VQ-VAE encoder, which over-compresses motion features
and degrades reconstruction quality—one reason we avoid
discrete representations. ReGenNet operates directly on
raw data without compression and thus avoids this loss;
however, on the long-sequence InterHuman dataset its self-
attention struggles to capture fine-grained semantics, lead-
ing to weaker semantic consistency despite a strong FID.
MLD lies between these extremes, reflecting a common
trend in motion generation: stronger compression improves
semantic alignment but often reduces reconstruction fi-
delity. InterMask achieves high semantic consistency at
the cost of efficiency, requiring at least 20 inference steps
(0.77 s). In contrast, ReMFlow attains state-of-the-art per-
formance with a single forward pass, greatly improving in-
ference speed while maintaining generation quality. Sim-
ilar trends appear on the InterX dataset, where shorter se-
quences allow ReGenNet to achieve relatively strong se-
mantic alignment.

5.2. Qualitative Comparison

We present online generation results qualitatively on the
InterHuman dataset, which has longer sequences, and the
competition is more challenging. We compare our method
with ReGenNet, and visualize the results in Fig. 3, which
indicate that our approach not only achieves better inter-
person contact quality but also demonstrates stronger se-
mantic alignment with the text prompts.

5.3. Ablation Study

We validate the effectiveness of our proposed designs and
individual modules. First, for the generative approaches, we
kept the same network architecture while replacing the ob-
jective function with Diffusion Models and Rectified Flow,
respectively, and performed task-specific parameter tuning
for them including CFG strength. Experimental results in
Tab. 4 and Tab. 5 show that MeanFlow consistently achieves
the best FID scores and semantic alignment across both on-
line and offline generation tasks, as well as on both datasets.
Moreover, its single-step generation greatly accelerates the
training process when integrated with BSCE, demonstrating
the broad adaptability of MeanFlow to various generation
tasks. Furthermore, we compare BSCE with two alternative
strategies: using ground-truth contextual encoding (GTE)
and progressive rollout. BSCE significantly outperforms
both approaches, confirming the effectiveness and superi-
ority of our proposed method.

6. Conclusion

We presented ARMFlow, the first MeanFlow-based frame-
work for real-time 3D human reaction generation, achieving
single-step inference while maintaining high-fidelity and
context-awareness. Our causal context encoder and Boot-
strap Context Encoding (BSCE) effectively address long-

Table 4. Ablation study for online generation on methods.

Model R-Prec@3 1 FID | MM Dist |  Diversity —
= DDIM 10 0.689%004 3 598%.049 3 g()3+:002 7 691+037
g DDIM50 0.697+005  3.449+062  3.794+002 7 .709%.028
Z DDPM 0.686+004  3757+068  3806+002  7,803%03
§ Rectified Flow 10 0.692+004  2,449+:062  3.796+-001 7 7024028
= ARMFlow (Ours) 0.699%°%5  2.17§%:05  3783+002  7.745+024

DDIM 10 0.692%:004  0.093%:005 3. 8p2*-014 g g7(*-006
» DDIM 50 0.705%004  0,064%001  3.733%018 g gg5+-062
5 DDPM 0A695i'“04 01061.()(]6 3‘7921.()15 8A920i'088
= Rectified Flow 10 0.698%0° 0,059+ 3784011 g g13+.07

ARMFlow (Ours) 07115 0,04270%% 3728012 893907

Table 5. Ablation study for offline generation on methods.

Model R-Prec@3 1 FID | MM Dist | Diversity —
< DDIM 10 0.6775006  3.93150%0 3800002 7,629%02
£ DDIMS50 0.694500%  2,918%068 3 789+003 7 656+040
= DDPM 0.681%:00° 35955051 37978002 7 663+055
£ Rectified Flow 10 0.67850%  2.006%04  3.801%0  7.775%0%
= ReMFlow(Ours) 0708707 2433501 37785000 7.714%0%

DDIM 10 0.699%-005  0.127%:036  3.805%-012 g g04+0%9
» DDIM 50 0.700%00%  0.095%-076  3.749%018 8 849%077
§ DDPM 0.671i'“05 3'595i.051 3.893i'012 8.857i'063
= Rectified Flow 10 0.737%007  0.103%0%  3,645%012  8,941+087

ReMFlow(Ours)  0.743%09  0,058%005  3,570%01%  8,948+068

Table 6. Ablation on the training strategies for online autoregres-
sive diffusion. GTE stands for ground-truth encoding, Rollout is
the strategy used in HumanX[ 18], and BSCE is our strategy.

Model R-Prec@3 1 FID | MM Dist | Diversity —
S Ground Truth 0.701%008 (. 273+007 3 755+.008 7 gqg+.064
E  ARMFlow-GTE 0.602F004  5136+010  3813+002 7 798+033
= ARMFlow-Rollout  0.675%0%5  4161%:0%  3.798%002  7,gp+ 0
E  ARMFlow(Ours)  0.699F0%  2,178%054 37835002 7 745+024

Ground Truth 0.736+:001  0,002%:000  3.574%018 g gq7+.078
% ARMFlow-GTE 0.6305:003  0.548%007 46675020 8. 435+:008
E  ARMFlow-Rollout  0.670%00%  (.192%006 4 321%.013 g 743+.082

ARMFlow(Ours)  0.711%0%%  0,042%003  3728+012 g 939+071

term dependency modeling and autoregressive error accu-
mulation, enabling robust and efficient online generation.
We also introduce ReMFlow as a versatile offline baseline,
demonstrating state-of-the-art performance with unprece-
dented inference speed. Overall, our work establishes a
scalable and practical framework for both online and offline
human motion generation, paving the way for real-world
applications in Human-Robot Interaction, AR, and VR.

Despite these strengths, our method has certain limita-
tions. First, from an engineering perspective, the current
implementation does not provide elastic delay handling for
the autoregressive small window, which may lead to mi-
nor asynchronous behaviors when multiple agents interact.
Second, due to the nature of MeanFlow, it does not sup-
port post-hoc classifier guidance like diffusion-based mod-
els, preventing the use of optimization-based corrections to
further refine generated motions. Addressing these limita-
tions represents promising directions for future work.
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7. Supplementary Introduction

This supplementary document provides additional exper-
iments, visualizations, and detailed descriptions of the
accompanying code and log files. Beyond the analy-
ses included in this PDF, we also provide supplementary
MP4 videos and the complete source code contained in
the armflow/ directory, including training and inference
scripts as well as a comprehensive README.

* supplementary.pdf — Contains this pdf file:

* supplementary.mp4 — Contains all supplementary fig-
ures:

» armflow/ — Contains scripts for reproducing figures and
tables:
— README.md: Readme file for how to run our code.
— others/ : All other necessary files and folders.

* logs/ — training logs for the trained methods.

Due to storage limitations on the submission platform,
we are unable to include the full pre-trained model check-
points. However, all training configurations, scripts, and in-
structions are provided to allow readers to reproduce the re-
sults from scratch. Please refer to the README file for en-
vironment setup, dataset preparation instructions, and train-
ing commands.

The supplementary materials include:

» Additional quantitative and qualitative experiments ex-
tending those presented in the main paper.

* Visualization results for BSCE, model ablations, compar-
ative evaluations, and velocity fields.

* Complete source code for ARMFlow, including model
definitions, training pipelines, dataset loaders, and eval-
uation tools.

* Log files for key experiments to facilitate reproducibility
and verification.

* Demonstration videos showcasing generated motions on
the InterHuman and InterX datasets.

Readers can follow the provided instructions to install
dependencies, prepare the datasets, and train models using
the released implementation.

8. Discussion on Efficiency

With recent advances in VR devices and human pose esti-
mation, real-time interaction with virtual environments has
become increasingly feasible, making low latency a criti-
cal requirement. As summarized in Table 7, our method
achieves the lowest latency, ranging from only 7 to 11 ms
per time step, with just a single inference step. The slight
variation in latency is due to the increasing context size. In
practical grounding applications, we can truncate the con-
text using a maximum window length while still retaining
essential information from the historical context.

It is worth noting that in our experiments, we set the re-
sponse window length to 4 frames for 30 fps scenarios, cor-
responding to approximately 13 ms—an appropriate win-
dow size for VR processing or human pose estimation tasks.
Our method’s latency falls well within this range, ensuring
real-time performance. In contrast, other approaches, such
as CAMDM and ReGenNet, exhibit significantly higher la-
tency, far exceeding the practical requirements for such ap-
plications.

Table 7. Comparison of model latency and number of inference
steps. The 2x means classifier free guidance

Model Latency (ms) Number of Inference Steps
CAMDM 45 2x8
ReGenNet 35-78 2x5
Ours 7-11 1
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9. Discussion on BSCE ing that this improvement persists even though no additional

In this section, we further elaborate on the behavior and ad-
vantages of BSCE. As described previously, we introduce
a fixed repeat epoch number e, during training; for Inter-
Human, it is set to 50, and for the InterX datase,t it is set
to 30. Figure 4 presents the FID curves throughout train-
ing, where BSCE is directly compared against the Rollout
strategy [18] as well as the Ground Truth Encoding (GTE).
For completeness, the full evaluation logs are included in
the supplementary file under logs.

In the following, we provide several observations that
summarize its empirical effects.

Faster convergence. The results in Fig. 4 indicate that
BSCE leads to noticeably faster convergence. Although the
FID is relatively high during the very early iteration, which
is likely due to its more aggressive supervision pattern, it
causes quicker convergence. Once the first stage completes,
BSCE reaches a similar FID level to that of GTE. This
suggests that the learning dynamics under BSCE allow the
model to adjust more rapidly, even if the initial fluctuations
appear larger.

Better fidelity. After the initial warm-up period, the trend
becomes clearer. The model trained with BSCE consis-
tently attains a lower FID compared to the other strate-
gies, implying an improvement in generation fidelity. This
behavior remains stable across epochs beyond the first,
demonstrating that BSCE not only accelerates convergence
but also ultimately guides the model toward a solution that
better aligns with the target data distribution. It is worth not-

architectural modifications are introduced, highlighting that
the benefit primarily comes from the training paradigm it-
self rather than auxiliary model design.

Generalization for other methods. Here, we also apply
our BSCE to the other methods and the results in the Table 8
suggest that the

Table 8. Ablation study for BSCE for online generation.

Model R-Prec@3 1 FID | MM Dist | Diversity —
g CAMDM 0.587+005 4000046 3. 898+:001 7 5474025
£ CAMDM w. BSCE 0.624%:005  3.271+059 3803+ 001 7 6g5+024
Z  ReGenNet 0.600%004  4.176E085 3817001 7 480+-033
8 ReGenNet w. BSCE 0.611%004 3974055 38158001 75634053
= ARMFlow w/o. BSCE ~ 0.695+005 29874050  3796+:001 7 709+.028

ARMFlow (Ours) 0.69900%  2,178%0% 37835002 77454024

CAMDM 0.587+003 (. 420F 011 4 468%:020 g 4674072
» CAMDM w. VAE 0.608500%  0.291F007  4133+018 8 6745070
5 ReGenNet 0.690F004  ,071F003 3,843+ 011 g 11+053
=

0.689i'004 O_OGGi.UUS 3_792i401/1 8_927i.061
0.710%00%  0,045+003 3725010 8 917+.066
07115904 0,0425003 3 708+:012 g 939+-07!

ReGenNet w. VAE
ARMFlow w/o. VAE
ARMFlow (Ours)

10. Ablations on the CNN VAE

In this section, we conduct an ablation study on the CNN-
VAE used in our model as shown in Table 9. First, we com-
pare the performance of our model in the CNN-VAE latent
space against that in the raw data space, and additionally
compare it with the CAMDM and ReGenNet models. It is
important to note that, since ReGenNet does not encode the
historical actions of the reactor, we only augment the actor’s
actions in its experiments.



The results show that on the more challenging InterHu-
man dataset, which has longer average sequence lengths,
CAMDM achieves a larger improvement. In contrast, Re-
GenNet shows less improvement due to its inability to lever-
age the historical context of the reactor. On the InterX
dataset, which has shorter sequences and smaller action am-
plitudes, our method still provides improvement, although
it is less pronounced than on InterHuman. These findings
indicate that our approach is particularly effective for long-
sequence scenarios.

Table 9. Ablation study for CNN VAE in online generation.

Model R-Prec@3 1 FID | MM Dist |  Diversity —
¢ CAMDM 0.587F005  4,000%046 3,898+ 001 754702
é‘ CAMDM w. VAE 0.5927+:004 3.024+:050 3 g14+.001 7.572+:018
Z  ReGenNet 0.600%001  4.176+0%5 35175000 7480033
g ReGenNet w. VAE 0.638+004  3.801+063 38055002 7623%03
= ARMFlow w/o. VAE ~ 0.675%005  2,987+0%0 3 795+.001 7 709+.028

ARMFlow (Ours) 0.699i'005 2.178i'054 3.783i'002 Mi'um

CAMDM 0,5871’003 0'429i.011 4'4681020 8.4G7i‘072
< CAMDM w. VAE 0_6081.003 0A291i.1b07 4A1331A018 8A674i‘075
8 ReGenNet 0.6901-004 () 071£003 3. gq3+.011 g 1+.053
= ReGenNetw. VAE  0.689%0%%  0,066%00° 3.792%014  g.go7+061

ARMFlow w/o. VAE ~ 0.710%004  0,045%:003 37255010 g g17+:066
ARMFlow (Ours) 07115004 0,042+093  3798+012 g 939+07

11. Classifier-Free Guidance

In this section, we show the performance with different
classifier-free guidance strength w in Table 10. And we fi-
nally choose w = 1.8 for InterHuman dataset and w = 1.2
for InterX dataset.

Table 10. CFG for online generation on methods.

Model R-Prec@3 1 FID | MM Dist |  Diversity —

= w=10 06735095  9436+037 3790001 7716402
g w=12 0.692:(:[)()4 2.273:!:.058 3.814:!:,()(]1 7-789i'034
F ow=18 06995005 2178+051 37835002 7 7y5+.024
§ w=24 0.695i‘004 2_518i.063 3.784i‘002 7.758i’(]33
5 w=230 0.669:{;0()4 2.873i'()62 3.792:!:,()(]1 7.738:&’029

w=1.0 0.702%003  0.109F005 3752%:020 g (73+085
w w=12 07115 00425008 37285012 g 9g39+071
§ w= 18 0.709:(:[)()3 0.050:!:.()()3 3.728i'012 8942;{:,082
S w=24  0.704%004 (59003 374901l g gorE.075

w=30 0.698i‘003 0_074j:.()04 3_757i,012 8.949i'078

12. Comparison with CAMDM

In this section, we compare our result with CAMDM on the
InterHuman [23] dataset, which uses a fixed-length window
to encode the previous history. However, this results in in-
formation loss from a long history and a lack of consistency
between windows. In contrast, we encode the whole his-
tory and use the history c; at timestep ¢ to guide the current

generations. We use the same text prompts and action se-
quences and compare their results on the most challenging
dataset InterHuman [23], suggesting that the sliding win-
dow is not stable in generating long-term motions. Espe-
cially in the case of boxing, which requires quick and vivid
response. The corresponding results are shown in Fig. 5.

13. Compare on InterX

In this section, we compare the visualization resutl with Re-
GenNet [46] as shown in Fig. 6. Although the numerical re-
sults are similar on this dataset, we still find that our method
outperforms ReGenNet in terms of visualization. Compared
to ReGenNet, our ARMFlow is more capable of generating
realistic motions, which reduces penetrations and performs
better with semantic alignment and fidelity.

14. Evaluation Metrics

Frechet Inception Distance (FID): To quantify the dis-
crepancy between the distributions of generated and real
motion features, we employ the Frechet Inception Distance:

dF(N(/va 2)7-/\/(;“'/; EI))Q =
= |? + Te(B + 2 - 2VEw), ®)

where p and p’ denote the mean vectors of features ex-
tracted from generated motions and ground truth, respec-
tively, and X, X are the corresponding covariance matri-
ces. Intuitively, FID captures the distance between two mul-
tivariate Gaussian approximations of the feature distribu-
tions. Lower FID values indicate a higher fidelity of gener-
ated samples. For motion sequences with extensive tempo-
ral length, we compute FID on high-level feature represen-
tations extracted via pre-trained action recognition models
[11, 19], rather than on raw motion data. For the InterHu-
man dataset [45], a Transformer encoder is used to extract
the global feature of the HHI sequences, while for the In-
terX dataset.

Diversity: Diversity reflects the variability among gener-
ated motions across different action categories. Specifically,
two subsets of equal size Sy are randomly sampled from the

generated motions, yielding feature sets {f1,...,fs,} and
{f1, ..., f5,}. The diversity metric is defined as
1<
Div = — f; — £/]|% 9)
5; 216 =

An ideal generative model should produce motions exhibit-
ing diversity comparable to that observed in the ground
truth.

Multimodality: While diversity captures inter-class vari-
ance, multimodality measures intra-class variation. For mo-
tions corresponding to C' distinct action types, we randomly
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Figure 5. Comparison between ARMFlow and CAMDM on InterHuman Dataset
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Figure 6. Comparison between ARMFlow and ReGenNet on InterX

select two subsets of size S; for each action ¢, with feature
vectors {f.1,...,fc5,} and {f, ;,...,f 5 }. The multi-
modality score is computed as

c S
1
Multimodality = cS ZZ £ — H2 (10)

c=1i=1

Multimodal Distance (MM-Dist): This metric quantifies
the alignment between generated motion features and their
corresponding text embeddings. Given text T with feature

fr and generated motion M with feature fyg, the multi-
modal distance is defined as

1 n
MMD = | — fri — sl |2, 11
n;HT, | (11)

where n is the number of samples. Text features are ex-
tracted using a pre-trained text encoder [12]. This metric is
also applicable to motions generated conditioned on other
modalities, such as audio or music.



R-Precision: R-Precision, often referred to as motion- Table 12. Physical metrics on InterHuman and InterX dataset
retrieval accuracy, assesses the top-K matching between

. et . Model Contact Success Ratio T Penetration Score |
ner. motions and textual riptions. Following th
generated motions and textual descriptions. Follow g't e — Ground Truth 000 00
procedure of Guo et al. [12], for each generated motion, B gggenNet g.ggg 8.813
. . . . . =) . .

the ground-truth description is combined with 31 randomly ~ ARMFlow (Ours) 0.870 0.036
1 1 1 1 Ground Truth 1.000 0.008

:ampled mtismlzitchec(lj .c(:laptlons. 1CDlstzmces between n:lotlog % Regene 0833 0043
I n ndi X I Iy m n = ) 0.024
eatures and all ca ate text features are computed a E R Flow (Ours) 07a g0

ranked, and accuracy is reported for top 1, 2, and 3 retrieval
positions.

15. Noisy Motion Condition

We evaluate ReGenNet, R2R, and ours with noisy input by
adding the same noise level to the actor conditions (Tab 11).
Due to the double augmentation of BSCE for the actor and
the reactor, our method is more robust to noisy input.

Table 11. Results with noisy input

Model R-Prec@3 1 FID | MM Dist | Diversity —
= Ground Truth 0.701 — 0.699  0.273 — 0.495 3.755 — 3.787  7.948 — 7.989
5 ReGenNet 0.600 — 0.407 4.176 — 15.66 3.817 — 3.898  7.480 — 7.141
= R2R 0.674 — 0.641  2.795 — 6.138  3.793 — 3.812 7.693 — 7.702
= ARMFlow (Ours) 0.699 — 0.664 2.178 — 4.101 3.783 — 3.794 7.745 — 7.788
»  Ground Truth 0.736 — 0.732  0.002 — 0.028  3.574 — 3.605 8.947 — 8.931
5 ReGenNet 0.690 — 0.635 0.071 — 0.740 3.843 — 4.165 9.011 — 8.573
£ R2R 0.704 — 0.662 0.063 — 0.612  3.745 — 4.017 8.873 — 8.629
= ARMFlow (Ours) 0.711 — 0.676 0.042 — 0.467 3.728 — 3.934 8.939 — 8.781

16. User Study

We conducted a user study comparing R2R, ReGenNet,
and our approach on both datasets, dividing them into four
groups: boxing, dancing, cooperation, and daily actions.
We created an anonymous Google Form and invited 25
participants to choose the most realistic motion sequence.
Fig. 7 summarizes the 21 valid responses received. We can
see that motions generated by our method are preferred in
all four action groups. Notably, since daily actions lack of
close contact, therefore, the preference for our methods are
not obvious compared to motions with close contact like
boxing, dancing, and cooperations.

Boxing Dancing Cooperate

B Ours O R2R [0 ReGenNe

Figure 7. User study results.

17. Physical Results

We calculated (1) the contact success ratio for sequences
containing contact, and (2) the penetrated volume per se-
quence (in Liters). Tab. 12 shows that our approach has the
lowest penetration and highest contact ratio.
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