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Figure 1. MaskControl enables a wide range of applications in text-to-motion generation with high quality and precision. (a) Any-Joint
Any-Frame Control: Controls specific joints at designated frames. (b) Body-Part Timeline Control: Generates motion from multiple text
prompts, each corresponding to different body parts. (c) Arbitrary Objective Control: Supports any control function at inference time.

Abstract

Recent advances in motion diffusion models have enabled
spatially controllable text-to-motion generation. How-
ever, these models struggle to achieve high-precision con-
trol while maintaining high-quality motion generation. To
address these challenges, we propose MaskControl, the
first approach to introduce controllability to the genera-
tive masked motion model. Our approach introduces two
key innovations. First, Logits Regularizer implicitly per-
turbs logits at training time to align the distribution of mo-
tion tokens with the controlled joint positions, while reg-
ularizing the categorical token prediction to ensure high-
fidelity generation. Second, Logit Optimization explicitly
optimizes the predicted logits during inference time, di-
rectly reshaping the token distribution that forces the gen-
erated motion to accurately align with the controlled joint
positions. Moreover, we introduce Differentiable Expecta-
tion Sampling (DES) to combat the non-differential distri-
bution sampling process encountered by logits regularizer
and optimization. Extensive experiments demonstrate that
MaskControl outperforms state-of-the-art methods, achiev-
ing superior motion quality (FID decreases by 77%) and
higher control precision (average error 0.91 vs. 1.08).
Additionally, MaskControl enables diverse applications,
including any-joint-any-frame control, body-part timeline

control, and zero-shot objective control. Video visualiza-
tion can be found at https://www.ekkasit.com/
ControlMM-page/

1. Introduction
Text-driven human motion generation has recently gained
significant attention due to the semantic richness and in-
tuitive nature of natural language descriptions. This ap-
proach has broad applications in animation, film, vir-
tual/augmented reality (VR/AR), and robotics. While text
descriptions offer a wealth of semantic guidance for motion
generation, they often fall short in providing precise joint
control over specific human joints, such as the pelvis and
hands. As a result, achieving natural interaction with the
environment and fluid navigation through 3D space remains
a challenge.

To tackle this challenge, a few controllable motion gen-
eration models have been developed recently to synthe-
size realistic human movements that align with both text
prompts and joint control signals [42, 43, 51, 55]. However,
existing solutions face significant difficulties in generating
high-fidelity motion with precise and flexible joint con-
trol. In particular, current models struggle to support both
sparse and dense joint control signals simultaneously. For
instance, some models excel at generating natural human
movements that traverse sparse waypoints [21, 42], while
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others are more effective at synthesizing motions that fol-
low detailed trajectories specifying human positions at each
time point [51]. Recent attempts to support both sparse and
dense joint inputs encounter issues with control precision;
the generated motion often is not aligned well with the con-
trol conditions [55]. Besides unsatisfied joint flexibility and
accuracy, the quality of motion generation in controllable
models remains suboptimal, as evidenced by much worse
FID scores compared to models that rely solely on text in-
puts. Moreover, most current methods utilize motion-space
diffusion models, applying diffusion processes directly to
raw motion sequences. While this design facilitates the in-
corporation of joint control signals, the redundancy in raw
data introduces computational overhead, resulting in slower
motion generation speeds.

Current controllable motion generation methods mostly
rely on diffusion model [7, 21, 55, 55]. However, these
methods exhibit lower control precision and less genera-
tion quality. The current SOTA method, TLControl, [51]
achieves high-precision control through test-time optimiza-
tion with a simple feedforward transformer, but this comes
at the cost of lower generation quality, as shown in Tab. 1.
Moreover, these methods cannot adapt to arbitrary objective
functions at inference time in a zero-shot manner.

To address these challenges, we introduce the first
method that integrates joint control into generative masked
motion models, enabling simultaneous high-fidelity motion
generation and precise control across a broad range of tasks,
as illustrated in Fig. 1. In contrast to diffusion-based ap-
proaches, masked models generate motion sequences by
training a multi-category token classifier and subsequently
sampling from the learned categorical distributions condi-
tioned on input signals, such as text and joint trajectories.
Building upon this insight, we propose MaskControl—a
straightforward yet powerful control mechanism for gener-
ative masked motion models—that implicitly and explicitly
manipulates the logits of the token classifier to align token
distributions closely with input control signals.

Our contributions can be summarized as follows.
• We propose MaskControl, the first approach to introduce

controllability to generative masked motion models.
• We introduce two novel control components of MaskCon-

trol: (1) Logits Regularizer that implicitly perturbs logits
at training time to align the distribution of motion tokens
with the controlled joint positions. (2) Logits Optimiza-
tion explicitly optimizes the predicted logits during in-
ference time, directly reshaping the token distribution to
minimize the residual errors between the generated mo-
tion and the target joint position. Moreover, we propose
Differentiable Expectation Sampling (DES) to overcome
the challenge of non-differentiable probabilistic token se-
lection in logits regularization and optimization.

• We show that Logits Optimization can be generalized to

solve unseen control tasks in a zero-shot manner.
• We conduct extensive qualitative and quantitative eval-

uations on multiple tasks, demonstrating that our ap-
proach outperforms current SOTA in both motion gener-
ation quality and control precision while supporting mul-
tiple applications i.e. any-joint-any-frame control, body
part timeline control, and zero-shot objective control.

Table 1. Comparison of text-conditioned motion generation with
joint control signals. Our MaskControl SOTA achieves perfor-
mance by leveraging Masked Motion Model, demonstrating high-
precision control (low Average Error) while maintaining high gen-
eration quality (low FID). Previous SOTA methods utilize diffu-
sion in motion space, latent space, or simple feed-forward models.
‘✓’ indicates the ability to control motion using zero-shot objec-
tive functions, while ‘✗’ denotes the lack of this capability. ‘-’
signifies control limited to the pelvis.

Method FID ↓ Average
Error (cm) ↓ Base Model Zero-shot

Objective

GMD [21] 0.576 14.39 Motion Diffusion -
OmniControl [55] 0.218 3.38 Motion Diffusion ✗
MotionLCM [7] 0.531 18.97 Latent Diffusion ✗
TLControl [51] 0.271 1.08 Feed Forward ✗
Ours 0.061 0.98 Masked Model ✓

2. Related Work
Text-driven Motion Generation. Early methods for text-
to-motion generation primarily focus on aligning the la-
tent distributions of motion and language, typically by em-
ploying loss functions such as Kullback-Leibler (KL) diver-
gence and contrastive losses. Representative works in this
domain include Language2Pose [1], TEMOS [37], T2M
[15], MotionCLIP [47], and DropTriple [56]. However, the
inherent discrepancy between the distribution of text and
motion often results in suboptimal generation quality when
using these latent space alignment techniques.

Recently, diffusion models have become a widespread
choice for text-to-motion generation, operating directly in
the motion space [23, 48, 60], VAE latent space [5], or quan-
tized space [24, 31]. In these works, the model gradually
denoises the whole motion sequence to generate the out-
put in the reverse diffusion process. Another line of work
explores the token-based models in the human motion do-
main, for example, autoregressive GPTs [14, 20, 58, 61]
and masked motion modeling [16, 39, 40]. These methods
learn to generate discrete motion token sequences that are
obtained from a pretrained motion VQVAE [12, 53]. While
GPT models usually predict the next token from history to-
kens, masked motion models utilize the bidirectional con-
text to decode the masked motion tokens. By predicting
multiple tokens at once, the masked modeling methods can
generate motion sequences in as few as 10 steps, achieving
state-of-the-art performance on generation quality and effi-
ciency. Despite the performance gains of masked motion

9956



models, supporting spatial controllability in these models
remains unexploited. This paper is the first work that pro-
poses controllable masked motion model to simultaneously
achieve high-quality motion generation with high-precision
spatial control.

Controllable Motion Synthesis. In addition to text
prompts, synthesizing motion based on other control signals
has also been a topic of interest. Example control modali-
ties include music [26, 27, 29, 44, 45, 49], interacting ob-
ject [2, 9, 25, 28], tracking sensors [11], scene [17, 52]
programmable motion [30], style [62], goal-reaching task
[10], and multi-track timeline control [38]. [32, 33, 35, 36,
46, 54, 57] incorporate physics into motion generation. To
control the trajectory, PriorMDM [43] finetunes MDM to
enable control over the locations of end effectors. Cond-
MDI [6] generates motion in-betweening from arbitrarily
placed dense or sparse keyframes. GMD [21] and Trace
and Pace [42] incorporates spatial control into the diffusion
process by guiding the root joint location. OmniControl
[55] extends the control framework to any joint, while Mo-
tionLCM [7] applies this control in the latent space, both
leveraging ControlNet [59]. DNO [22] introduces an op-
timization process on the diffusion noise to generate mo-
tion that minimizes a differentiable objective function. Re-
cent approaches [18, 51] model each body part separately to
achieve fine-grained control but are limited to dense trajec-
tory objectives. The existing frameworks for controllable
motion generation predominantly rely on diffusion mod-
els; however, these models typically suffer from low-quality
motion generation.

3. MaskControl
The objective of MaskControl is to enable controllable text-
to-motion generation based on a masked motion model that
generates high-precision and high-quality motion. In par-
ticular, given a text prompt and an additional joint control
signal, our goal is to generate a physically plausible hu-
man motion sequence that closely aligns with the textual
descriptions, while following the joint control conditions,
i.e., (x, y, z) positions of each human joint at each frame in
the motion sequence. Towards this goal, in Sec. 3.1, we first
introduce the background of conditional motion synthesis
based on the generative masked motion model. We then de-
scribe two key components of MaskControl, including Log-
its Regularizer in Sec. 3.2 and inference-time Logits Opti-
mization in Sec. 3.3. The first component aims to learn the
categorical distribution of motion tokens, conditioned on
joint control signals during training time. The second com-
ponent aims to improve control precision by optimally mod-
ifying learned motion distribution via Logits Optimization
during inference time. Lastly, we introduce Differentiable
Expectation Sampling to overcome non-differentiability of
categorical sampling during Logits Regularizer and Opti-

mization.

3.1. Preliminary: Masked Motion Model
Generative masked motion models [16, 39, 40] gener-
ally consist of two stages: Motion Tokenizer and Text-
conditioned Masked Transformer. The objective of the
Motion Tokenizer is to learn a discrete representation of
motion by quantizing the encoder’s output embedding z
into a codebook C. For a given motion sequence P =
[p1, p2, ..., pF ], where each frame p represents a 3D pose,
Motion Tokenizer outputs a discrete motion tokens X =
[x1, x2, ..., xL]. Specifically, the encoder compressesP into
a latent embedding z ∈ Rt×d with a downsampling rate
of F/L. The embedding z is quantized into codes c ∈ C
from the codebook C = {ck}Kk=1, which contains K codes.
The nearest code is selected by minimizing the Euclidean
distance between z and the codebook entries, computed as
ẑ = argminj ∥z− cj∥22. The vector quantization loss LV Q

is defined as:

LV Q = ∥ sg(z)− cj∥22 + β∥z− sg(cj)∥22, (1)

where sg(·) is the stop-gradient operator and β is a hyper-
parameter for commitment loss.

During the second stage, the quantized motion token se-
quence X = [x1, x2, ..., xL] is updated with [MASK] to-
kens to form the corrupted motion sequence XM. This
corrupted sequence along with text embedding W are fed
into a text-conditioned masked transformer parameterized
by θ to reconstruct input motion token sequence with re-
construction probability equal to pθ

(
xi | XM,W

)
, which

is obtained by the motion token classifier. The objective
is to minimize the negative log-likelihood of the predicted
masked tokens conditioned on text:

Lmask = − E
X∈D

 ∑
∀i∈[1,L]

log p (xi | XM,W )

 . (2)

During inference, the transformer masks out the tokens
with the least confidence and re-samples these tokens ac-
cording to their respective distributions pθ

(
xi | XM,W

)
in

the subsequent step. The number of masked tokens nM is
controlled by a masking schedule, a decaying function of
the step t. Early steps use a large masking ratio due to high
uncertainty, and as the process continues, the ratio decreases
as more context is available from previous predictions.

3.2. Logits Regularizer
MaskControl aims to generate a human motion sequence
based on the text prompt W and joint control signals S.
Towards this goal, we introduce Logits Regularizer to con-
ditioned masked transformer, which aims to learn the mo-
tion token distribution jointly conditioned both on W and S.
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Figure 2. Overall architecture of MaskControl. (a) Motion Tokenizer transforms the motion sequence into discrete motion tokens. (b)
Differentiable Expectation Sampling (DES) is a differentiable sampling from logits enabling differentiable conversion between discrete
tokens in codebook space and transformer token space. (c) Training: Logits Regularizer ensures high-quality motion by generating
embedding closely aligns with joint control signals during an unmasking process. (d) Inference: Logits Optimization guides logits during
the unmasking process at inference time based on the objective function.

Logits Regularizer implicitly alters the output logits of pre-
trained text-to-motion model, thus changing the distribution
of motion tokens, toward joint control positions.

Model Architecture. Diffusion ControlNet has shown
its excellence in adding additional control signals to pre-
trained image diffusion model [59]. We demonstrate for
the first time that similar design principle can be applied
to introduce controllability to generative masked models
[3, 4, 8, 50]. Our architecture consists of a pre-trained
text-conditioned masked motion model and a Logits Reg-
ularizer. The pre-trained model provides a strong motion
prior based on text prompts, while the Logits Regularizer
introduces additional joint control signals. Specifically, the
Logits Regularizer is a trainable replica of the pre-trained
masked motion model, as shown in Fig 2. Each Transformer
layer in the original model is paired with a corresponding
layer in the trainable copy, connected via a zero-initialized
linear layer. This initialization ensures that the layers have
no effect at the start of training. Unlike the original masked
motion model, the Logits Regularizer incorporates two con-
ditions: the text prompt W from the pre-trained CLIP model
[41] and the joint control signals S. The text prompt W
influences the motion tokens through attention, while the
joint control signal S is directly added to the motion token

sequence via a projection layer.
Joint Control Signal. The conditioned masked trans-
former is trained to learn the conditional distribution
pθ

(
xk | X,XM,W, S

)
by reconstructing the masked mo-

tion tokens XM, conditioned on the unmasked tokens X ,
text prompt W, and joint control signals S. The joint con-
trol condition is a sequence of joint control signals S =
[s1, s2, ..., sF ] with si ∈ Rj×3. Each control signal si spec-
ifies the targeted 3D coordinates of the joints to be con-
trolled, among the total j joints, while joints that are not
controlled are zeroed out. Since the semantics of the gener-
ated motion are primarily influenced by the textual descrip-
tion, to guarantee the controllability of joint control signals,
we extract the joint control signals from the generated mo-
tion sequence and directly optimize the consistency loss be-
tween input control signals and those extracted from the
output. Note that zero-valued in 3D joint coordinates can
be ambiguous. Please refer to Sec. A.11 for more details.
Motion Consistency Loss evaluates the alignment between
the generated motion and the input joint control signals s:

Ls(ec, s) =

∑
n

∑
j σnj ⊙ ∥snj −R(D(ec))∥∑

n

∑
j σnj

, (3)

where σnj is a binary value indicating whether the joint
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control signals s contains a control value at frame n for
joint j. The motion tokenizer decoder D(·) converts mo-
tion embedding into relative position in local coordinate
system and R(·) further transforms the joint’s local posi-
tions to global absolute locations. The global location of
the pelvis at a specific frame can be calculated from the cu-
mulative aggregation of rotations and translations from all
previous frames. The locations of the other joints can also
be computed by the aggregation of the relative positions of
the other joints to the pelvis position.
Logits Consistency Loss extends the objective function of
masked motion model in Eq. 2 by applying negative log-
likelihood to all positions, including unmasked ones, condi-
tioned on both the text W and joint control signals S.

Llogits = −
∑

∀i∈[1,L]

log p (xi | XM,W, S) . (4)

The final loss is the weighted combination Logits Consis-
tency Loss and Motion Consistency Loss:

L = αLlogits + (1− α)Ls(ec, s). (5)

3.3. Logits Optimization
The goal of inference-time Logits Optimization is to en-
hance control precision by further reducing the discrepancy
between the generated motion and the desired control ob-
jectives. This approach does not require pretraining on spe-
cific tasks, allowing the model to handle arbitrary objective
functions during inference, enabling new control tasks in a
zero-shot manner.
The core idea behind Logits Optimization is to update the
learned logits through gradient-guided optimization during
inference, perturbing the motion token distribution. Opti-
mizing logits makes optimization during unmasking pro-
cess possible since the process requires conversion between
transformer token for unmask sampling and codebook em-
bedding for motion reconstruction, as shown in Fig. 2. The
optimization process is initialized with the logits obtained
from conditioned masked transformer with Logits Regular-
izer, and these logits are iteratively updated to minimize the
motion consistency loss Ls.

l+ = argmin
l

(Ls(ec, s)) . (6)

At each iteration m, the logits lm are updated using the fol-
lowing gradient-based approach:

lm+1 = lm − η∇lmLs(lm, s), (7)

where η controls the magnitude of the updates to the log-
its, while Ls(lm, s) represents the gradient of the objective
function w.r.t. the logits lm. This refinement process con-
tinues over I iterations. Similarly, in the last unmask step,

optimizing embeddings from the codebook space directly is
possible. We can directly optimize the embedding:

em+1 = em − η∇emLs(em, s), (8)

where e represents the embedding in the codebook space.
For zero-shot objective control, loss function Ls can be re-
placed with any arbitrary objective function.

3.4. Differentiable Expectation Sampling (DES)
Differentiable Sampling. Both logits regularizer and opti-
mization update the logits by computing the gradient of the
disparity between spatial-temporal control signals and gen-
erated motion sequence defined in eq. 3. This requires sam-
pling motion tokens according to the categorical token dis-
tribution during training/optimization time, which is inher-
ently non-differentiable. To address this, we apply Straight-
Through Gumbel-Softmax Estimator [19], a reparameteriza-
tion trick that allows differentiable sampling from a categor-
ical distribution, i.e.,

pθ
(
xk | XM,W, S

)
=

exp ((ℓk + gk)/τ)∑K
j=1 exp (ℓj + gj/τ)

, (9)

where l is logits, τ refers to temperature, and g repre-
sents Gumbel noise with g1, . . . , gK being independent and
identically distributed (i.i.d.) samples from a Gumbel(0, 1)
distribution. The Gumbel(0, 1) distribution can be sam-
pled via inverse transform sampling by first drawing u ∼
Uniform(0, 1) and then computing g = − log(− log(u)).
Token Expectation. Masked models reconstruct an em-
bedding from the reconstruction probability pθ(xk | ·) by
querying the discrete token embedding using the index with
the highest probability, argmaxk pθ(xk | ·). However,
argmax is non-differentiable, and cannot be controlled by
perturbation from a control signal. To address this, we re-
lax the quantization constraint by utilizing the weighted av-
erage of the codebooks (or transformer tokens) w.r.t. the
reconstruction probability pθ(xk | ·) to approximate con-
tinuous tokens. This can be expressed as the expectation of
the reconstructed embedding Xrecon:

E[Xrecon] =

K∑
k=1

pθ
(
xk | XM,W, S

)
· ck. (10)

4. Applications
Any-Joints-Any-Frame Control. To control specific joints
at particular frames, the joint control signal can be directly
applied to the desired joint and frame in the global position,
as the loss function during training is specifically designed
for this task.
Body-Part Timeline Control. MaskControl supports mo-
tion generation conditioned on multiple joints, enabling
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(a) GMD (b) OmniControl (C) Ours
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Figure 3. Visualization comparisons to state-of-the-art methods for any-joint any-frame control. The plots on the top display the top view
of pelvis control (root trajectory), while the bottom plot shows the side view of the right wrist. Red represents the control signal, and Blue
represents the generated joint motion.

Text: a man slowly leaps forward, turns around and leaps again and then
repeats the forward leap.

(b) Ours(a) ProgMoGen

Violate Constraint No Turn Around

Figure 4. Visualization comparisons to state-of-the-art methods
for zero-shot objective control. Objective: constrain a human to
walk inside a square area.

control over body parts. To handle multiple prompts corre-
sponding to various body parts and timelines, MaskControl
processes each prompt sequentially. Initially, it generates
motion without any body part control, then iteratively re-
fines the motion by incorporating prompts conditioned on
the specified body parts and timeline constraints from the
prior generation. Since MaskControl allows joint control
signals to target any joint and frame, partial body or tempo-
ral frame control is applicable within this framework. The
detail of this process is described in A.12.
Zero-shot Objective Control. In many human motion
generation tasks, motion generation requires adaptation to
dynamic constraints at inference time, such as human-
scene interaction, human-object interaction, or human self-
contact. Logits Optimization allows optimization with ar-
bitrary loss functions that take joints and frames as inputs,
enabling zero-shot adaptation at inference time. However,
direct optimization to satisfy arbitrary objective functions
can often lead to unrealistic motion. To mitigate this, Logits
Optimization perturbs the logits during the unmasking pro-
cess, allowing the masked transformer to re-predict them.
By doing so, it ensures that the generated motion remains
close to the learned distribution while still achieving the de-
sired control.

5. Experiment
Datasets. We conduct comprehensive experiments on the
HumanML3D dataset [15] HumanML3D covers a wide va-

riety motions. It includes 14,616 motion sequences ac-
companied by 44,970 text descriptions. The textual data
contains 5,371 unique words. The motion sequences are
sourced from AMASS [34] and HumanAct12 [13].
Evaluation. We follow the evaluation protocol from Om-
niControl [55] which combines evaluation of quality from
HumanML3D[15] and trajectory error from GMD [21].

5.1. Quantitative Comparison to State-of-the-art
GMD [21] only addresses the pelvis location on the ground
plane (xz coordinates). To ensure a fair comparison, we
follow OmniControl [55] and compare GMD in managing
the full 3D position of the pelvis (xyz coordinates). The
first section of Tab. 2 resents results for models trained on
the pelvis alone to ensure a fair comparison with previous
state-of-the-art methods on the HumanML3D [15] dataset.
→ means closer to real data is better. Our model demon-
strates significant improvements across all evaluation met-
rics. When compare to TLControl, the FID score notably
decreased from 0.271 to 0.061, the R-Precision increased
from 0.779 to 0.809, indicating superior generation quality.
In terms of joint control accuracy, both Trajectory Error and
Location Error dropped to zero, while the average error de-
creased to 0.91 cm, indicating highly precise joint control.
Furthermore, our model outperforms existing methods in
both Diversity and Foot Skating Ratio metrics. In the sec-
ond section, Train on All Joints, we follow the evaluation
from OmniControl [55], as our model supports control of
any joint, not just the root (pelvis). We train the model to
control multiple joints, specifically the pelvis, left foot, right
foot, head, left wrist, and right wrist. Our model constantly
outperform SOTA in all metrics.

5.2. Qualitative Comparison to State-of-the-art
Any-joint-Any-Frame. We visualize the generated motion
using GMD [21], MotionLCM [7] and OmniControl [55] in
Fig. 3. The motion is generated based on the prompt “a per-
son walks forward and waves his hands,” with the pelvis and
right wrist controlled in a zigzag pattern. Since GMD can
only control the pelvis, we apply control only to the pelvis
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Table 2. Comparison of text-condition motion generation with joint control signal on the HumanML3D. The first section, “Train on Pelvis
Only,” evaluates our model that was trained solely on the pelvis. The last section, “Train on All Joints”, is trained on all joints and reports
the average evaluation for each joint. → indicates the closer to the real value, the better.

Method Joint R-Precision
Top-3 ↑ FID ↓ Diversity→ Foot Skating

Ratio ↓
Trajectory Error
(>50 cm) (% ) ↓

Location Error
(>50 cm) (% ) ↓

Average Error
(cm) ↓

Real - 0.797 0.002 9.503 - 0.00 0.00 0.00
Train on Pelvis Only

MDM 0.602 0.698 9.197 0.1019 40.22 30.76 59.59
PriorMDM 0.583 0.475 9.156 0.0897 34.57 21.32 44.17
GMD 0.665 0.576 9.206 0.1009 9.31 3.21 14.39
OmniControl (on pelvis) Pelvis 0.687 0.218 9.422 0.0547 3.87 0.96 3.38
MotionLCM 0.752 0.531 9.253 - 18.87 7.69 18.97
TLControl 0.779 0.271 9.569 - 0.00 0.00 1.08
Ours (on pelvis) 0.809 0.061 (-77%) 9.496 0.0547 0.00 0.00 0.98

Train on All Random Joints
OmniControl 0.693 0.310 9.502 0.0608 6.17 1.07 4.04
TLControl Average 0.782 0.256 9.719 - 0.00 0.00 1.11
Ours 0.805 0.083 (-68%) 9.395 0.0545 0.00 0.00 0.72

for GMD. However, it fails to follow the zigzag pattern,
tending instead to move in a straight line. OmniControl re-
ceives control signals for both the pelvis and right wrist.
Yet, it not only fails to follow the root trajectory (pelvis) but
also does not adhere to the zigzag pattern for the right wrist.
In contrast, our MaskControl demonstrates realistic motion
with precise joint control for both the pelvis and the right
wrist, accurately following the intended zigzag pattern.
Zero-shot Objective Control. Fig. 4 shows the visualiza-
tion results with the unseen objective function, ‘Constrain a
human to walk inside a square area,’ compared to ProgMo-
Gen [30]. ProgMoGen not only violates the constraint but
also generates motion unrelated to the text, as it lacks any
‘turns around’ motion.

5.3. Body Part Editing
Table 3. Quantitative result of upper body editing task on Hu-
manML3D dataset.

Method R-precision ↑ FID
↓

MM-Dist
↓

Diversity
→Top1 Top2 Top3

MDM [48] 0.298 0.462 0.571 4.827 4.598 7.010
OmniControl [55] 0.374 0.550 0.656 1.213 5.228 9.258
MMM [40] 0.500 0.694 0.798 0.103 2.972 9.254
MotionLCM [7] 0.512 0.685 0.798 0.311 2.948 9.736
Ours 0.517 0.708 0.804 0.074 2.945 9.380

With joint signal controls, our model is capable of condi-
tioning on multiple joints, which can be treated as distinct
body parts, while generating the remaining body parts based
on text input. In Tab. 3 We quantitatively compare our ap-
proach to existing methods designed for this task, includ-
ing MDM [48] and MMM [40]. Additionally, we com-
pare it with OmniControl [55] and MotionLCM [7], which
also supports joint signal control. However, our evalua-
tion demonstrates that OmniControl performs poorly in this
task. Following the evaluation protocol from [40], we con-
dition the lower body parts on ground truth for all frames
and generate the upper body based on text descriptions us-

ing the HumanML3D dataset [15]. Our model is evaluated
without retraining, using the same model as in the Train on
All Joints setup, ensuring a fair comparison with OmniCon-
trol, which is trained on a subset of joints. Specifically, we
condition only on the pelvis, left foot, and right foot as the
lower body signals.
The results show that MDM struggles significantly when
conditioned on multiple joints, with the FID score increas-
ing to 4.827. Although OmniControl supports multiple joint
control, our experiments reveal that it also suffers under
these conditions, with its FID score rising to 1.213. This
is consistent with the Cross-Joint evaluation in Tab. 7,
which evaluate on multiple joint combination, where Omni-
Control’s FID score deteriorates considerably. MMM per-
forms well in this task but requires retraining with sepa-
rate codebooks for upper and lower body parts. In contrast,
our model outperforms all other methods across all metrics
without any retraining. When comparing to the ‘Train on
Pelvis Only’ setup in Tab. 2, our model achieves similar
FID and R-Precision scores, highlighting its robustness in
handling multiple joint control signals.

5.4. Zero-shot Objective Control
We evaluate three zero-shot objective control tasks using
three Human-Scene Interaction evaluations from ProgMo-
Gen [30], a programmable motion control model, i.e. ‘Head
Height Constraint’, ‘Avoiding Barrier’, and ‘Walking Inside
a Square’. MDM [48] and MoMask [16] serve as baselines
without any control mechanisms. Since ProgMoGen builds
on MDM as its base model. Similarly MoMask is shown as
a baseline for the unconstrained Mask Motion Model. Tab.
4 shows that our MaskControl outperform ProgMoGen in
all metrics. Max Acc. represents the maximum accelera-
tion of joints which indicates the amount of joint jittering.
Constraint Error measures how much the head height ex-
ceeds the specified constraint. Unsucc. Rate represents the
rate of motion sequences that violate the height constraint.
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Table 4. Comparison of zero-shot objective control. Three Human-Scene Interaction objectives are adopted from the programmable motion
model (ProgMoGen [30]). Both ProgMoGen and MaskControl are able to control motion during inference by arbitrary loss functions, while
MDM and MoMask serve as uncontrollable baseline models.

Task HSI-1: Head Height Constraint

Method Foot Skate ↓ Max Acc. ↓ Constraint Error ↓ Unsucc. Rate ↓ FID ↓ Diversity→ R-prec. (Top3) ↑
MDM [48] (Unconstrained) 0.086 0.097 0.118 0.718 0.545 9.656 0.610
MoMask [16] (Unconstrained) 0.067 0.072 0.092 0.601 0.354 9.505 0.683

ProgMoGen [30] 0.075 0.094 0.012 0.088 0.556 9.611 0.597
Ours 0.066 0.074 0.000 0.000 0.246 9.393 0.695

Task HSI-2: Avoiding Barrier Task HSI-3: Walking Inside a Square

Method Foot Skate ↓ Max Acceleration ↓ Constraint Error ↓ Foot Skate ↓ Max Acceleration ↓ Constraint Error ↓
MDM [48] (Unconstrained) 0.096 0.126 0.454 0.096 0.126 0.301
MoMask [16] (Unconstrained) 0.072 0.117 0.464 0.072 0.117 0.270

ProgMoGen [30] 0.189 0.150 0.097 0.125 0.093 0.012
Ours 0.146 0.126 0.000 0.092 0.078 0.000

6. Ablation Study

6.1. Component Analysis

Table 5. Ablation results of components analysis and different
densities of joint control signal.

Method R-Prec.
Top-3 ↑ FID ↓ Foot

Skat. ↓
Traj.
Err. ↓

Loc.
Err. ↓

Avg.
Err. ↓

Component Analysis
No Control 0.807 0.095 0.0527 50.66 35.11 63.18
w/o Logits Regularizer 0.795 0.142 0.0577 0.32 0.02 2.18
w/o Logits Optimization 0.802 0.128 0.0594 39.14 24.00 40.41
Full model 0.809 0.061 0.0547 0.00 0.00 0.98

Density of Spatial Control Signal
Density: 1 0.804 0.077 0.0551 0.00 0.00 0.10
Density: 2 0.806 0.087 0.0553 0.00 0.00 0.34
Density: 5 0.811 0.078 0.0553 0.00 0.00 0.98
Density: 25% 0.812 0.055 0.0536 0.01 0.00 1.68
Density: 100% 0.814 0.054 0.0543 0.02 0.00 1.64

To understand how each component impact the quality and
joint control error. We conduct an ablation study on each
component in sec. Component Analysis of Tab. 5, using
same evaluation as Tab. 2. Without any control, No Con-
trol, the model achieves the highest diversity and the lowest
Foot Skating Ratio, indicating strong realism in the gen-
erated motion. The FID score is also on par. However,
all spatial errors are poor due to the absence of joint con-
trol components in the model. Without the Logits Reg-
ularizer, the average error remains relatively low, but the
FID score is the worst, highlighting the importance of the
Logits Regularizer for generation quality. Without Log-
its Optimization, the average error significantly worsens,
although the FID remains acceptable, suggesting that the
Logits Regularizer helps maintain generation quality. In the
Full model, both the Logits Regularizer and Logits Opti-
mization complement each other, improving both genera-
tion quality (FID) and control accuracy (Average Error).

6.2. Density of Joint Control Signal

In second part of table 5, we provide a detailed analysis of
MaskControl’s performance across five different joint con-
trol density levels, where the model is trained for pelvis
control using the HumanML3D dataset. The values 1, 2,
and 5 refer to controlling the motion using exactly 1, 2, or
5 frames. The values 25% and 100% indicate the percent-
age of the total ground-truth motion length for each sample,
which can range from 40 to 196 frames depending on the
sample. The results show that increasing the joint control
improves the quality: the FID score decreases from 0.077
with 1-frame control to 0.054 with full 196-frame (100%)
control. Similarly, R-Precision improves from 0.804 at 1-
frame density to 0.814 at 196-frame (100%) density. How-
ever, the Average Error shows the opposite trend—more
joint control leads to higher error, as the model is required
to target more specific points.

7. Conclusion

MaskControl is the first model to introduce controllabil-
ity to the generative masked motion model, enabling pre-
cise control while maintaining high-quality motion gener-
ation, consistently outperforming diffusion-based control-
lable frameworks. MaskControl introduces Differentiable
Expectation Sampling (DES) to relax the quantization con-
straint, enabling two key innovations: Logits Regularizer
uses random masking and reconstruction to ensure that the
generated motions are of high fidelity, while also reducing
inconsistencies between the input control signals and the
motions produced. Inference-Time Logit Optimization fine-
tunes the predicted motion distribution during the unmask-
ing process to the input control signals, enhancing preci-
sion and making MaskControl adaptable for unseen tasks.
MaskControl has a wide range of applications, includ-
ing any-joint-any-frame control, body-part timeline control,
and zero-shot objective control.
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