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Abstract. Existing human motion diffusion methods provide strong
motion generation quality [35], and recent style transfer models can inject
target style cues [11,33], but fine-grained continuous control of style in-
tensity remains underexplored. In production, style intensity is subjective
across artists and directors, so the practical requirement is not a universal
absolute unit (e.g., globally correct “2×”), but a reliable monotonic con-
trol axis. We propose Motion Style Slider, a motion-to-motion style
transfer framework for endpoint-supervised continuous control. Given a
content motion and a style motion, we construct a style direction in a
learned motion-style embedding space and condition diffusion genera-
tion with a scalar intensity α. The training objective combines diffusion
denoising with latent intensity regularization to encourage smooth and
monotonic style scaling without requiring intermediate-intensity ground-
truth motions. Our framework is compatible with pretrained motion dif-
fusion backbones and supports heterogeneous style datasets, including
the multi-actor style motion dataset [20]. To test out-of-range usabil-
ity, we additionally introduce a small real-capture over-reaction exten-
sion and evaluate large-α behavior against these unseen targets. Ex-
periments measure controllability, interpolation/extrapolation behavior,
content preservation, and motion realism, with ablations on direction
construction and loss design.

Keywords: Motion Style Transfer · Human Motion Diffusion · Contin-
uous Style Control

1 Introduction

Generating expressive human motion with controllable style is a central goal for
animation, virtual characters, and interactive content creation. Recent motion
diffusion models have substantially improved realism and diversity [9, 10, 35,
43], while motion style transfer methods have shown strong adaptation from
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Fig. 1: Motion Style Slider overview. Given a content motion and a target style
endpoint, our model produces a continuous family of motions controlled by intensity
α, from neutral-style behavior (α = 0) to stylized behavior (α = 1) and extrapolated
over-reaction (α > 1).

reference examples [11, 33, 41]. However, most existing pipelines still treat style
control as a discrete problem (e.g., happy, sad) or as weak latent interpolation
without explicit intensity supervision. As a result, fine-grained style strength
control remains unreliable, and extrapolation beyond seen style strength is rarely
validated with real motion targets.

In real game-animation workflows, this appears as iterative direction from
directors and animation leads: “more like this”, “a bit less”, “push it further”.
Importantly, style intensity is not absolute across users: one person’s “2×” may
be another’s “1.5×”. This makes relative controllability the key requirement: as
the slider increases, style should change in a predictable order, with smooth
transitions and moderate extrapolation headroom beyond observed endpoints.

To address this gap, this paper focuses on continuous style intensity con-
trol for human motion diffusion. We seek a practical setting where only endpoint
supervision is available: a neutral-content motion and a fully stylized motion
with the same underlying content. Intermediate-intensity motions are generally
unavailable in existing datasets, yet these intermediate states are exactly what
users need for controllable generation. This creates a key learning challenge:
how to produce smooth, monotonic, and extrapolatable style variation without
intermediate ground-truth.
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As shown in Figure 1, our central idea is to model style change as a direc-
tion in a learned style embedding space and to use an explicit scalar intensity
variable α for conditioning. Concretely, we compute a style direction from end-
point motions and construct a continuous conditioning code by moving along
this direction. The diffusion model receives explicit content-motion conditioning
together with style-intensity conditioning, and is trained with denoising loss plus
latent intensity regularization. This design makes style intensity control explicit
and testable while preserving input content structure.

In this work, we implement this idea on top of an off-the-shelf motion diffusion
framework, with style representations derived from motion-language alignment
models. Our training and evaluation cover multiple style datasets, enabling anal-
ysis across heterogeneous style taxonomies and capture conditions. To directly
test out-of-range behavior, we additionally collect a small over-reaction extension
with stronger-than-endpoint captures, used as unseen high-strength targets.

Compared with prior motion style transfer pipelines that emphasize one-
shot transfer quality, our goal is reliable relative control. We therefore center
evaluation on: (i) style monotonicity with respect to α, (ii) interpolation and
modest out-of-range behavior, (iii) content preservation, and (iv) motion realism.

In summary, our main contributions are:

– We formulate diffusion-based motion-to-motion style transfer as an endpoint-
supervised continuous control problem, where style intensity is explicitly
parameterized by a scalar slider α and interpreted as a relative control co-
ordinate.

– We propose a style-direction conditioning and latent regularization scheme
that enables smooth and monotonic style scaling without requiring intermediate-
intensity ground-truth motions.

– We provide a multi-dataset evaluation protocol, including a new real-capture
over-reaction split for out-of-range analysis, and report ablations that isolate
the effects of direction design and loss terms.

2 Related Work

2.1 Text-to-Motion Generation

Text-to-motion (T2M) generation has progressed from sequence modeling and
motion tokenization to diffusion-based synthesis. Early works introduce motion
tokenization and reciprocal text–motion generation frameworks such as TM2T
and T2M [9, 10]. Building on discrete motion tokens, subsequent works explore
language–motion large models including MotionGPT, T2M-GPT, MotionGPT-
2, and unified large motion models [17,37,42,45], which treat human motion as
a language-like sequence for autoregressive generation. Other extensions further
explore masked motion modeling, retrieval augmentation, efficient sequence mod-
eling, keyframe control, or expressive whole-body generation [2, 7, 8, 25,44,46].

More recently, diffusion-based approaches significantly improved motion real-
ism and diversity. Representative methods include MotionDiffuse [43], MDM [35],
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retrieval-augmented and prior-based variants [32,44], and latent diffusion frame-
works such as MLD [33]. These models learn strong motion priors from large
text–motion datasets and enable high-quality motion synthesis conditioned on
textual descriptions; recent controllable variants further incorporate spatial con-
straints or real-time control [4, 19,40].

Despite these advances, most T2M systems primarily control action seman-
tics (e.g., “walk” or “jump”) rather than the intensity or strength of style. Con-
sequently, they provide limited mechanisms for calibrated stylistic variation.

2.2 Motion Style Transfer

Motion style transfer (MST) aims to modify the stylistic characteristics of a
motion sequence while preserving its underlying content. Styles may correspond
to emotional expressions, performer-specific traits, or character-driven motion
patterns, enabling expressive virtual characters and animation systems.

Style transfer was first popularized in the image domain [3, 6, 15, 18, 22],
where neural networks disentangle content and style representations and recom-
bine them to synthesize stylized outputs. These ideas later inspired motion-
based approaches [1,5,12,13,27,38]. Early methods relied on optimization-based
frameworks that iteratively adjusted motion features to match target style statis-
tics [12], while subsequent learning-based models improved efficiency and scala-
bility [5, 12].

Later work explored more flexible stylization strategies, including label-free
or weakly supervised style learning [16, 38], cross-content style transfer [21, 24],
spatial–temporal modeling and stochastic style generation [27], kinematic con-
straints for physically plausible motion [36], and real-time stylization frameworks
for interactive applications [26].

More recently, diffusion-based generative models have significantly improved
stylization fidelity and motion realism. Diffusion-based MST methods [14,30,47]
leverage strong generative priors to synthesize high-quality stylized motions,
while domain-specific approaches such as dance stylization further extend these
ideas to specialized motion domains [31]. Latent diffusion frameworks further
enable flexible motion–style combinations using multi-condition representations,
including MCM-LDM [33] and StyleMotif [11].

Despite these advances, most existing methods treat style as a categorical
condition or perform transfer toward a single target style instance. As a result,
stylization strength is typically evaluated at a fixed operating point, and contin-
uous or calibrated control of style intensity remains largely unexplored.

2.3 Motion Representation Learning and Style Conditioning

Learning structured motion representations is crucial for controllable motion
generation and stylization. Recent work has explored cross-modal representa-
tion learning between motion and language to obtain semantically meaningful
embedding spaces.
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Fig. 2: Method pipeline. Given endpoint motions, we compute a style direction
in latent space, sample an intensity value, build a style condition token, and train a
diffusion denoiser with endpoint-aware supervision and latent intensity regularization.

MotionCLIP [34] aligns motion representations with CLIP features to enable
text-driven motion editing and retrieval. Similarly, TMR [29], building on text–
motion representation learning such as TEMOS [28], learns retrieval-oriented
text–motion embeddings that capture semantic relationships between motions
and language descriptions. Such embedding spaces provide a natural basis for
defining semantic directions or conditioning signals for controllable motion gen-
eration. We use a TMR-based motion encoder because it provides a frozen,
motion-level semantic space with stable retrieval behavior across different ac-
tions and styles. Our contribution is not to introduce a new representation model;
instead, we use this representation to define endpoint style directions, train a
controllable diffusion adaptor, and evaluate whether generated motions move
predictably along the intended direction.

Another line of work studies actor-specific or persona-oriented motion genera-
tion. Persona-based models aim to capture performer-specific motion characteris-
tics and enable personalized motion synthesis [20]. Datasets such as PerMo high-
light the importance of modeling stylistic variation across actors and performing
styles. Our work is complementary to these approaches. Rather than focusing
solely on personalized motion generation, we study the problem of continuous
style intensity scaling. To evaluate this property, we conduct experiments
across multiple style datasets [20, 23, 39] and further introduce a real-capture
“over-reaction” split to evaluate extrapolation beyond observed style endpoints.
This setup emphasizes that controllable stylization should be assessed as a con-
tinuous and extrapolatable property rather than a single-point style transfer
result.

3 Method

3.1 Problem Formulation

As illustrated in Figure 2, we study motion style control under an endpoint-
supervised setting. Let mc ∈ RT×D denote a neutral or content motion, and ms ∈
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RT×D denote its stylized endpoint corresponding to the same content instance.
Training data provides only such endpoint pairs (mc,ms), while intermediate-
intensity motions are typically unavailable.

Our goal is to learn a model that generates motion m̂α for a continuous
intensity parameter α ≥ 0 such that

m̂α=0 ≈ mc,

m̂α=1 ≈ ms,
(1)

where m̂α changes style smoothly and monotonically with α. Importantly, α
represents a relative control coordinate rather than an absolute style scale. This
design reflects practical animation workflows, where style strength is adjusted
incrementally rather than specified by a fixed universal unit. To implement this
control mechanism, we build on a pretrained MDM diffusion model [35] and in-
troduce conditioning and training strategies that enable continuous style mod-
ulation while preserving the underlying motion content.

3.2 Style Direction in Latent Space

To represent style variation in a structured manner, we operate in a learned
motion embedding space. Let Es(·) denote a frozen style encoder (a TMR-based
head [29] in our implementation) that maps a motion sequence to a normalized
embedding:

z = Es(m), z ∈ Rd, ∥z∥2 = 1. (2)

Working in this latent space allows style manipulation to occur along semanti-
cally meaningful directions rather than directly modifying raw joint coordinates.
The normalization stabilizes direction scale across different motions, so the scalar
α controls movement along the style direction rather than being dominated by
embedding magnitude.

For each training pair, we compute the embeddings of the content and stylized
endpoints:

zc = Es(mc), zs = Es(ms). (3)

These two points define a local style axis associated with the pair. We esti-
mate a style direction ds using one of three strategies:

dinstance = zs − zc, dprototype = µs − µc, (4)

ds =


dinstance, instance mode,
dprototype, prototype mode,
(1− β)dprototype + βdinstance, hybrid mode.

(5)

Here µs and µc denote style and content/neutral prototypes computed from
the training data, and β ∈ [0, 1] balances global and instance-specific style di-
rections.
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3.3 Condition Construction

To preserve motion content during stylization, we explicitly provide a content-
motion condition to the diffusion model. Let Ec(·) denote a frozen motion en-
coder that extracts a content representation:

hc = Ec(mc), hc ∈ Rdc . (6)

In our implementation, Ec corresponds to the TMR motion encoder with
masked mean pooling over motion tokens (excluding the CLS token). We project
this representation into a diffusion conditioning token:

ccontent = Pc(hc) ∈ R1×d, (7)

where Pc is a learnable projection module. The encoder Ec remains frozen
to maintain stable semantics, while Pc and lightweight MDM adaptor layers are
trained to inject content and style conditions into the pretrained denoiser.

Given an intensity value α, we construct the style condition by moving along
the style direction:

zα = zc + αds. (8)

This equation implements the style slider : increasing α moves the embed-
ding along the style axis, continuously strengthening the stylization relative to
the content anchor zc. In implementation variants, we optionally normalize the
condition vector or direction for numerical stability. The resulting vector is pro-
jected into a style conditioning token cstyle. Both content and style tokens are
then provided to the MDM denoiser:

x̂0
θ(xt, t | ccontent, cstyle, ctext). (9)

Text conditioning ctext is optional and disabled in our default configuration.
During training, we sample the intensity value α using an endpoint-aware

scheme:

α =


0, with probability p0,

1, with probability p1,

u, u ∼ U(0, αmax), otherwise.
(10)

This sampling strategy increases the frequency of endpoint supervision while
still exposing the model to intermediate intensity values, improving the reliability
of the slider behavior.

3.4 Training Objective

For each sampled α, we define the diffusion target motion as

m⋆
α =

{
mc, α = 0,

ms, α > 0.
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The standard diffusion denoising objective is then

Ldiff = Em⋆
α,t,ϵ

[∥∥x0 − x̂0
θ(xt, t, ccontent, cstyle, ctext)

∥∥2
2

]
. (11)

To maintain strong endpoint fidelity, we apply different weights to endpoint
and mid-range samples: endpoints use weight 1, while intermediate samples
are down-weighted by wmid. Because no real midpoint motions are available,
intermediate-α samples are not treated as hard motion-space midpoint targets;
instead, the diffusion loss preserves endpoint realism while the latent losses below
shape the generated style trajectory.

While the diffusion loss ensures motion realism and endpoint reconstruction,
it does not explicitly enforce consistent behavior along the style axis. We there-
fore introduce two additional regularization terms.

First, we encourage linear scaling of style strength with respect to α. Using
the endpoint direction ∆ = zs − zc, we define a style projection function

g(m) =

〈
Es(m)− zc,

∆

∥∆∥2

〉
. (12)

For generated motion m̂α, the linearity constraint becomes

Llin = (g(m̂α)− αg(ms))
2
. (13)

Second, we enforce monotonicity along the style axis. Given two sampled
intensities α2 > α, we penalize violations of increasing style strength:

Lmono = max(0, γ − (g(m̂α2
)− g(m̂α))) . (14)

Here γ ≥ 0 is a margin encouraging separation between different intensity
levels. This loss discourages cases where larger α unexpectedly produces weaker
stylization.

The final objective combines these components:

L = Ldiff + λlinLlin + λmonoLmono. (15)

In practice, Llin and Lmono are applied to non-endpoint sampled α values,
including extrapolation samples when α > 1. Together, Ldiff maintains motion
realism, while the additional regularizers shape the controllability of the style
slider.

3.5 Training and Inference

Training uses endpoint pairs with sampled α values and chosen direction modes
(instance, prototype, or hybrid). Model parameters are optimized with AdamW
starting from pretrained MDM weights. In our main configuration, we use adaptor-
only finetuning with motion-conditioned content input and the text branch dis-
abled.
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Table 1: Dataset summary. Statistics from current canonical splits and our over-
reaction extrapolation pairs used in this paper.

Dataset #Styles #Contents #Clips Protocol Use

PerMo 33 10 13,220 main + ablation
Bandai-Namco 14 1 175 main
Xia 7 5 572 main
Ours (over-reaction) 2 5 188 extrapolation-only

At inference time, given a pair (mc,ms) and a user-selected intensity α, we
compute the corresponding style direction, construct the conditioning token,
and sample motions from the diffusion model. The output duration follows the
content motion mask; sequences are padded or truncated only for batching, and
evaluation is performed on the valid frames. By sweeping α from 0 to values
above 1, the system produces both interpolation and extrapolation trajectories
along the learned style axis.

4 Experiments

4.1 Datasets

We evaluate on three benchmark style-motion datasets: PerMo [20], Bandai-
Namco [23], and Xia [39] (Table 1). All data are converted to the same feature
representation as proposed in [9], and endpoint pairs (mc,ms) are built where
mc is neutral/content and ms is stylized.

For extrapolation, we build a game-industry-oriented motion set captured
with professional actors, following a protocol and style-definition process similar
to Bandai-Namco. During capture, actors are explicitly instructed to perform
over-reactions to simulate intensified style motions. We use this set as matched
triplets (mc,ms,ms2), where ms2 is a stronger real capture of the same content-
style identity. These clips are test-only and excluded from training. We retar-
get raw captures to the same skeleton/feature space and keep only endpoint-
consistent valid triplets after quality-control filtering.

Throughout the experiment, we use canonical train/val/test splits and eval-
uate on test pairs only.

4.2 Implementation Details

All methods are evaluated with the same canonical pair protocol and the same
intensity set α ∈ {0, 0.5, 1.0, 1.5, 2.0} (or ablation-specific subsets). Unified met-
rics are computed with a shared evaluator using a frozen TMR style encoder
head as the feature space.

For our method, default main settings are: instance direction (ds = dinstance),
adaptor-only finetuning, pooled motion-content conditioning, and text branch
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disabled. Prototype construction details are provided in the supplementary ma-
terial.

Baselines are evaluated on the same pair splits and alphas, using their own
trained checkpoints and the same post-hoc evaluator. This keeps the metric
extractor and prototype construction identical across methods.

4.3 Baselines and Variants

We compare against DeepMotionEditing (Aberman et al.) [1] and MCM-LDM [33].
Because these methods expose different controls, we harmonize inputs to end-
point pairs and evaluate with the same pair list, alphas, and feature-space met-
rics. In particular, MCM-LDM is a strong latent-diffusion style-transfer base-
line, but it does not explicitly optimize an endpoint-anchored style direction or
a scalar intensity-control objective. This distinction is central to our evaluation:
we compare not only endpoint transfer quality, but also whether a method re-
sponds predictably as α changes. Additional evaluation on the PerMo dataset
with MoST [21], SMooDi [47], MotionCLIP [34], and the HumanML3D T2M
evaluator [9] are provided in the supplementary material.

For ablation analysis, we evaluate:

– Direction mode: prototype/instance/hybrid,
– Objective components: with/without Llin and Lmono.

4.4 Metrics

We evaluate:

– Content preservation: Content Recognition Accuracy (CRA), using near-
est prototype in content embedding space.

– Style fidelity: Style Recognition Accuracy (SRA), using nearest prototype
in style embedding space.

– Motion realism: Fréchet Motion Distance (FMD) between generated and
target embedding distributions.

– Control quality: style linearity error and monotonicity violation from g(m̂α)
trajectories.

– Extrapolation: ExtraErr against held-out over-reaction motion ms2 at high
alpha.

Controllability metrics. For each sample, we evaluate α ∈ {0, 0.5, 1.0, 1.5, 2.0}
and compute style-strength trajectory g(m̂α). We report:

Mono =
1

K − 1

K−1∑
k=1

I
[
g(m̂αk+1

) ≥ g(m̂αk
)
]
, (16)

MonoViol =
1

K − 1

K−1∑
k=1

max
(
0, g(m̂αk

)− g(m̂αk+1
)
)
, (17)
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Table 2: Main quantitative results. FMD/CRA/SRA/MonoViol/LinErr are aver-
aged over PerMo/Bandai-Namco/Xia; ExtraErr is evaluated on the over-reaction set.

Method FMD ↓ CRA ↑ SRA ↑ MonoViol ↓ LinErr ↓ ExtraErr ↓

DeepMotionEditing [1] 0.588 0.290 0.060 0.25 0.326 1.196
MCM-LDM [33] 0.381 0.808 0.265 0.11 0.358 1.174
Ours 0.457 0.606 0.295 0.05 0.280 1.109

LinErr =
1

K

K∑
k=1

|g(m̂αk
)− αkg(ms)| . (18)

In tables, we report monotonicity violation (MonoViol), i.e., averaged positive
decreases in g across consecutive alphas.

Extrapolation metric. At high intensity, we compare m̂2.0 with held-out ms2

in the same embedding space:

ExtraErr = ∥ϕ(m̂2.0)− ϕ(ms2)∥2 , (19)

where ϕ(·) is the frozen TMR style feature extractor.

Standard transfer metrics. Following prior style-transfer evaluations [33], we
report FMD, CRA, and SRA for compatibility with existing baselines.

4.5 Main Quantitative Results

Table 2 shows the global comparison. Our method gives the best control-related
behavior: highest SRA (0.295), lowest MonoViol (0.05), lowest LinErr (0.280),
and lowest ExtraErr (1.109). MCM-LDM remains strong on FMD and CRA,
indicating a realism/content advantage under the current setting, while our
method better preserves intensity ordering and style-strength controllability.

Table 3 shows the per-dataset behavior on the three main style datasets. On
PerMo, our SRA and monotonicity are stronger than MCM-LDM (SRA: 0.140
vs. 0.080; MonoViol: 0.03 vs. 0.22). On Bandai-Namco and Xia, our method
keeps lower LinErr; MonoViol is lower on Bandai-Namco and slightly higher on
Xia, indicating that controllability gains vary with dataset style geometry.

4.6 Extrapolation to 2× Style Targets

We evaluate out-of-range behavior on our over-reaction captures by compar-
ing generated m̂2.0 against real ms2 motions. This isolates whether the model
genuinely learns a style-intensity axis beyond trained endpoints. On the over-
reaction dataset, ExtraErr is 1.109 (ours), 1.196 (DeepMotionEditing), and 1.174
(MCM-LDM), indicating that ours is closest to the real stronger-style targets.
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Table 3: Per-dataset results. Each cell is Ours/MCM-LDM.

Dataset FMD ↓ CRA ↑ SRA ↑ MonoViol ↓ LinErr ↓

PerMo 0.531 / 0.474 0.700 / 0.880 0.140 / 0.080 0.03 / 0.22 0.421 / 0.464
Bandai-Namco 0.143 / 0.237 0.714 / 1.000 0.714 / 0.429 0.01 / 0.06 0.259 / 0.368
Xia 0.279 / 0.346 0.108 / 0.351 0.405 / 0.216 0.07 / 0.05 0.261 / 0.407

Table 4: Ablation study (PerMo). Effect of direction mode and loss terms.

Variant Llin Lmono Direction FMD ↓ CRA ↑ SRA ↑ MonoViol ↓ LinErr ↓

Ours Yes Yes instance 0.531 0.70 0.14 0.03 0.421
Dir=proto Yes Yes proto 0.584 0.60 0.06 0.04 0.513
Dir=hybrid (β = 0.3) Yes Yes hybrid 0.588 0.70 0.12 0.03 0.509
w/o Llin No Yes instance 0.605 0.54 0.06 0.03 0.422
w/o Lmono Yes No instance 0.545 0.56 0.04 0.03 0.434

4.7 Ablation Studies

Table 4 shows the effect of direction mode and loss terms on PerMo. The instance
direction gives the best FMD, SRA, and LinErr in this setting, while the hybrid
direction remains competitive on CRA and MonoViol. Removing either regu-
larizer weakens controllability: without Llin, FMD/CRA/SRA degrade; without
Lmono, CRA/SRA also drop.

4.8 Qualitative Results

Figure 3 provides side-by-side visualizations at matched camera/view settings.
We observe that our method produces clearer intensity separation while preserv-
ing motion identity, especially in difficult cases with different motion amplitudes
(e.g., kick vs. hop). This visual trend is consistent with the higher SRA and
lower LinErr/MonoViol in Tables 2 and 3.

Figure 4 illustrates a broader use case beyond the strict paired evaluation
setting. We do not claim fully general text- or arbitrary-reference style transfer
as the main benchmark objective; rather, this example shows that the reference-
based slider can produce meaningful cross-content behavior, supporting its prac-
tical use as an animation editing control.

4.9 User Study

We conducted a Likert-scale user study with 11 university participants and no
monetary compensation. The study focused on PerMo and compared our method
with MCM-LDM using 12 questionnaire sections (6 motion cases × 2 methods).
Each section showed one triplet generated from the same content–style pair at
α ∈ {0.5, 1.0, 1.5}. The three videos were anonymized as A/B/C. The A/B/C-to-
α assignment was randomized per section, and participants were not told which
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Fig. 3: Qualitative comparison. Columns show style reference, content reference,
and generated results from our method and baselines under a unified camera and
rendering configuration.

method generated each triplet. Participants answered seven questions: styliza-
tion strength for A/B/C, naturalness for A/B/C, and one overall question on
whether the style-intensity differences were distinguishable. All ratings used a
7-point Likert scale, where larger values indicate stronger style, higher natural-
ness, or clearer distinguishability. For analysis, A/B/C were remapped to true
low/mid/high α. Detailed user study protocols can be found in the supplemen-
tary material.

Table 5 summarizes results on matched sections (n = 6). Our method shows
consistently higher stylization scores at all intensity levels (low: 3.92 vs. 3.56,
mid: 4.61 vs. 3.59, high: 5.18 vs. 3.46) and much higher distinguishability (4.92
vs. 2.36). Naturalness is comparable between methods (ours: 4.64/4.83/4.53,
MCM-LDM: 4.74/4.71/4.71 for low/mid/high). For perceived monotonic control,
we count a motion case as a pass when the mean participant ratings satisfy
style_low < style_mid < style_high after remapping the shuffled A/B/C videos
to their true alpha order. As the result, ours achieves a higher pass rate (0.50
vs. 0.00).
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Fig. 4: Cross-content stylization example. Although our quantitative benchmark
uses endpoint-paired motions to keep evaluation clean, the learned style direction can
also be applied qualitatively across different content motions. Here, a neutral hop is
edited using an angry kick reference; negative and large positive α values modulate the
output along this reference direction while retaining the hopping content.

Table 5: User study summary (6 matched motion cases, 11 participants).
Scores are 1–7 Likert means of low/mid/high (L/M/H) intensity per section.

Method Distinguish ↑ Stylization (L/M/H) ↑ Naturalness (L/M/H) ↑

Ours 4.92 3.92 / 4.61 / 5.18 4.64 / 4.83 / 4.53
MCM-LDM 2.36 3.56 / 3.59 / 3.46 4.74 / 4.71 / 4.71

Paired sign tests show the same trend but limited statistical significance due
to small sample size: ∆style_high = +1.73 (p = 0.2188), ∆distinguishability
= +2.56 (p = 0.0625), and monotonic-pass improvement = +0.50 (p = 0.2500).

5 Discussion

Our results should be interpreted with the task definition in mind: the goal is
not only to produce one stylized sample, but to provide a predictable editing
axis for style strength. For this setting, SRA, LinErr, MonoViol, and ExtraErr
are direct measures of whether the slider follows the requested style direction
and intensity ordering. CRA and FMD remain important supporting metrics for
content preservation and motion realism, but they do not by themselves measure
whether the user can reliably ask for “less”, “more”, or extrapolated style.

This distinction is important in practical animation workflows. Artists fre-
quently adjust style strength iteratively, and a method that generates plausible
individual samples but responds inconsistently to the control value is difficult to
use as an editing interface. Our results therefore support the central hypothe-
sis that style intensity should be treated as a relative control coordinate rather
than a fixed global scale. The cross-content result in Figure 4 further suggests
that the same reference-based control signal can be useful beyond exactly paired
motions, while our quantitative evaluation keeps the endpoint-paired setting to
ensure clean, reproducible measurement.
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The over-reaction benchmark is useful beyond headline scores. It separates
interpolation quality from true out-of-range behavior by evaluating against real
stronger-style targets ms2 . In this setting, methods can have similar in-range
style recognition but different extrapolation error and monotonic behavior, in-
dicating that endpoint supervision alone is insufficient unless the conditioning
geometry is well constrained. The lower ExtraErr of our method suggests that
learning a consistent style direction not only improves interpolation but also
helps maintain a meaningful trajectory when extrapolating beyond the observed
endpoints.

Limitations. First, controllability depends on the quality of endpoint pairs
and the style embedding calibration used by both training regularizers and
evaluation. Noisy or weakly matched pairs reduce direction quality. Second,
large-α generation may still produce motion artifacts for rare styles or sparse
actors. A possible remedy is to add kinematic or physical constraints (e.g., foot-
contact consistency and motion smoothness penalties) and curriculum training
that gradually increases the sampled αmax. Third, our quantitative benchmark
focuses on reference-based endpoint control; extending the slider to unseen-style
or text-guided control is an important direction for future work.

6 Conclusion

We presented Motion Style Slider, an endpoint-supervised framework for contin-
uous style-intensity control in motion diffusion. The core design combines latent
style-direction conditioning with a scalar control parameter and explicit regu-
larization for linearity and monotonicity, enabling controllable interpolation and
extrapolation without intermediate-intensity supervision.

Across the PerMo, Bandai-Namco, and Xia motion dataset, our method im-
proves control-oriented behavior (style fidelity and slider consistency) while re-
maining competitive on realism/content metrics. We further introduced an over-
reaction extrapolation benchmark that evaluates against real stronger-style mo-
tions, and used it to measure out-of-range performance directly rather than only
in-range transfer quality.

Overall, these results support the view that practical motion stylization needs
a reliable relative control axis rather than a single fixed style strength. Future
work includes stronger biomechanical constraints for high-α stability, improved
cross-dataset style alignment, and larger user studies.
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