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Abstract. Sign language generation (SLG) translates spoken-language
text into pose sequences that convey its meaning. Recently, flow-based
models with optimal transport (OT) have become a strong SLG base-
line by handling the one-to-many nature of text-to-sign. While classifier-
free guidance (CFG) could be applied to further strengthen the seman-
tic alignment theoretically, its training involves conditional and uncon-
ditional training, which may contradict the pose-space OT, thus re-
ducing the generation quality. Under the condition dropout, one noise
sample can be paired with target motions exhibiting incompatible mo-
tion dynamics, interfering with the semantic guidance when the text
condition is present. To address this issue, we propose Spectral Op-
timal Transport (SOT), which augments the pose-space cost with a
spectral feature distance, reweighting the coupling toward the temporal-
frequency structure of the target motions, thereby improving the perfor-
mance when using CFG. The quantitative and qualitative experiments
demonstrate the effectiveness of the proposed method. The code is avail-
able at https://github.com/foxrei-n/SignFlow.

Keywords: Sign language generation · Conditional flow matching · Classifier-
free guidance · Motion dynamics modeling

1 Introduction

Sign languages (SLs) are full-fledged natural languages used by Deaf and Hard-
of-Hearing (DHH) communities [50]. They are expressed in the visual–manual
modality through coordinated manual and non-manual elements [33]. Sign lan-
guage generation (SLG) aims to generate sign pose sequences conditioned on
spoken-language text, where a central goal is semantic alignment, meaning the
generated motion should convey the intended meaning. Prior work has im-
proved SLG by enhancing motion realism [3], reducing prediction drift in long
sequences [17], handling information density [49], and incorporating expressive
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“Chair” “Sit”
(a) Repetition vs. single motion

“Airplane” “Fly”
(b) Small vs. large path extent

Fig. 1: Minimal pairs illustrating the phonological role of motion dynamics in sign
language. The images are sourced from WLASL [21].

factors such as emotions [29]. Recently, SignFlow [18] emerged as a strong flow-
based SLG model that better handles the one-to-many nature of SLG via con-
ditional flow matching and minibatch optimal transport (CFM-OT). However,
because the same text can correspond to multiple valid realizations, the text
alone does not uniquely determine the pose sequence at inference. To improve
adherence to the input text, we use the standard classifier-free guidance (CFG)
procedure [13]. Empirically, we confirm that CFG improves semantic alignment;
however, improved semantic alignment does not necessarily guarantee that the
generated motion realizes the motion dynamics required for linguistically mean-
ingful signing. Generally, we view such motion dynamics as part of aligned se-
mantic realization. SLs exhibit a structured phonology [8, 37] where signs are
composed of sublexical features such as handshape, location, movement, and
orientation [8], and meaning can depend critically on how motion evolves over
time (e.g., repetition vs. single movement, fast vs. slow articulation) [5]. Figure 1
illustrates minimal contrasts where the main difference is motion dynamics: chair
vs. sit, differs by repeated vs. single movement, and airplane vs. fly differs by
repeated small motions vs. a larger single motion. These cues are not merely
stylistic; suppressing them can yield visually plausible but linguistically incor-
rect signs [15]. Importantly for SLG, such dynamics also vary across signers and
contexts, so even identical text can correspond to multiple valid realizations with
distinct motion dynamics.

In SignFlow, minibatch OT computes a permutation that pairs prior noise
samples with target motion sequences, shaping the supervision for the learned
vector field [18]. CFM-OT [44] uses a Euclidean pose-space coupling cost that is
largely insensitive to motion dynamics. This becomes problematic under CFG-
style condition dropout, where the same network is trained on both unmasked
(text-conditioned) and masked (unconditioned) examples. Conceptually, unmasked
updates are driven by a conditional motion distribution that is relatively con-
centrated for a given sentence, while masked updates are driven by a broader
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marginal motion distribution that mixes diverse dynamics across the dataset.
This mismatch makes the masked and unmasked training signals less compat-
ible, which can limit the effectiveness of guidance at inference when the two
branches are combined.

We therefore propose Spectral Optimal Transport (SOT), a frequency-aware
OT coupling that augments the assignment cost with a spectral distance com-
puted from temporal DCT (Discrete Cosine Transform) features, making the
assignment sensitive to the temporal-frequency structure of the target motions.
Prior work has modeled motion dynamics (trajectories) with DCT bases [1], and
later motion prediction methods used frequency-space formulations, often to pro-
mote smoothness [26, 43]. In SLG, however, preserving motion dynamics (e.g.,
repetition and path extent) is important for faithful realizations, and these dy-
namics may vary across valid sequences for the same text. Rather than compar-
ing motion dynamics between the two operands, a prior sample has none; SOT
reweights the metric under which noise and targets are coupled: mismatches in
higher temporal-frequency components contribute more to the assignment cost,
so targets that differ in motion dynamics become more distinguishable during
coupling. This reduces masked–unmasked inconsistency under CFG training and
amplifies the gains from guidance.

This paper makes the following contributions:

– We empirically demonstrated that classifier-free guidance (CFG) improves
semantic alignment for flow-based text-to-sign language generation.

– We proposed Spectral Optimal Transport (SOT), a simple frequency-aware
extension of minibatch OT that reweights the coupling cost toward temporal-
frequency structure, so that the assignment becomes sensitive to the motion
dynamics of the targets.

– We showed that SOT reduces masked-unmasked mismatch and amplifies the
gains from CFG.

2 Related Work

2.1 Sign Language Generation

A large number of SLG works rely on glosses5 as an intermediate representa-
tion, following a text→gloss→pose (or video) pipeline [14,36,40,41,45–47,51,55].
While glosses can simplify learning by providing a discrete gloss-token interface,
they require costly expert annotation and introduce an intermediate bottle-
neck that may discard linguistically relevant variation beyond the label sequence
[27]. These constraints have motivated gloss-free approaches that map spoken-
language text more directly to sign pose sequences. Early work in this direction
explored transformer-based continuous sign language production [17,34,35]. Be-
yond spoken-language text, Ham2Pose maps HamNoSys sign notation to pose
5 A gloss is a label representing an isolated sign, often used as an intermediate symbolic

representation.
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sequences, demonstrating that structured linguistic inputs can be animated
directly into continuous signing motion [2]. More recent works tried to im-
prove sentence-level semantic faithfulness via learned motion representations
and decoding strategies, including discrete pose codebooks with vector quan-
tization [15], non-autoregressive generation with iterative latent refinement [19],
diffusion-based generation in learned latent spaces [3,10,11], and flow-matching-
based generation [18]. Overall, these works reduce dependency on gloss anno-
tations and improve sentence-level semantic alignment. However, most methods
focus on matching joint configurations and do not explicitly model temporal dy-
namics, such as repetition or path extent, which can hinder the capture of the
diversity of valid realizations in SLG.

2.2 Guidance and Coupling in Conditional Generation

Classifier-free guidance (CFG) is widely used to strengthen conditioning in gen-
erative models. Popularized in diffusion models, CFG combines unconditional
and conditional predictions during sampling with a guidance scale that increases
adherence to the conditioning signal while typically reducing diversity at high
scales [13]. It has since been adopted broadly in conditional generation, including
text-to-image and text-to-motion synthesis, because it often improves semantic
alignment without modifying the underlying model architecture [30–32,42]. More
recently, guidance mechanisms have also been studied for flow-based generative
models. Zheng et al. [52] introduced guided flows, framing guidance as an ex-
plicit mechanism to steer continuous-time dynamics for both generation and
downstream decision-making. Fan et al. [9] revisited CFG in the flow-matching
setting and proposed variants tailored to flow models, highlighting that guidance
behavior in flows can differ from diffusion. Complementarily, Feng et al. [12]
provided a systematic treatment of guidance in flow matching, unifying multiple
guidance formulations and clarifying their connections and trade-offs. Despite
its effectiveness, CFG primarily strengthens conditional adherence at inference,
and its success depends on learning compatible unconditional and conditional
fields under condition dropout. In OT-trained flow matching, the training signal
is shaped by minibatch couplings; recent work has shown that naive couplings
in conditional settings can induce train–test mismatch when the coupling cost
ignores structure relevant to the condition [7]. Our work connects these threads
by studying CFG in CFM-OT for SLG and introducing a coupling strategy that
incorporates temporal spectral structure to improve the compatibility of condi-
tional and unconditional training signals.

Motivation: Dynamics-aware couplings under CFG training. CFG training al-
ternates between unconditional (masked) and conditional (unmasked) updates,
which emphasize different motion distributions (p(x) vs. p(x | c)) [13]. With
pose-only OT costs, minibatch couplings can mix samples with incompatible
dynamics, especially in masked updates, leading to inconsistent pairings across
the two training modes. We therefore propose Spectral Optimal Transport
(SOT), which augments the OT cost with frequency-domain motion features so
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Algorithm 1 Minibatch OT Coupling (Euclidean)

Require: Source distribution p0, targets X1 = {x j
1 }Bj=1, conditions Y = {y j}Bj=1

Ensure: Coupled pairs (X0,X
′
1,Y

′)
1: Sample X0 = {x i

0}Bi=1 ∼ p0
2: Compute Mpose(i, j) = ∥vec(x i

0)− vec(x j
1 )∥22

3: Solve assignment π ← argminπ

∑B
i=1Mpose(i, π(i)) ▷ Hungarian

4: Permute: X′
1 = {xπ(i)

1 }Bi=1, Y′ = {y π(i)}Bi=1

5: return X0,X
′
1,Y

′

Algorithm 2 Spectral OT Coupling (SOT, Ours)

Require: Targets X1 = {x j
1 }Bj=1, conditions Y = {y j}Bj=1

Require: Source distribution p0, spectral ratio ρ, descriptor ψ(·)
Ensure: Coupled pairs (X0,X

′
1,Y

′)
1: Sample X0 = {x i

0}Bi=1 ∼ p0
2: Compute Mpose(i, j) = ∥vec(x i

0)− vec(x j
1 )∥22

3: Compute Mspec(i, j) = ∥ψ(x i
0)− ψ(x j

1 )∥22
4: Set λspec ← ρ · E[Mpose]

E[Mspec] + ϵ
5: Combine M(i, j)←Mpose(i, j) + λspecMspec(i, j)
6: Solve assignment π ← argminπ

∑B
i=1M(i, π(i)) ▷ Hungarian

7: Permute: X′
1 = {xπ(i)

1 }Bi=1, Y′ = {y π(i)}Bi=1

8: return X0,X
′
1,Y

′

that couplings respect both pose similarity and temporal dynamics, improving
CFG-based generation.

3 Method

3.1 Preliminaries

Conditional flow matching. Flow Matching (FM) and its conditional variant
(CFM) learn a time-dependent vector field by regressing to a target velocity
along a chosen probability path [24]. Let x1 ∈ Rd denote a target SL motion se-
quence (e.g., a T -frame pose sequence flattened into a d-dimensional vector), and
let y be the text condition. We denote by x(t) ∈ Rd an intermediate point along
a chosen probability path that transports samples from a simple source distribu-
tion to the data distribution, and by vθ(t,x | y) ∈ Rd a neural, time-dependent
conditional velocity field parameterized by θ. We draw an initial sample x0 ∼ p0
from a simple source distribution (p0 = N (0, I)), and generate samples by solv-
ing the conditional ODE

dx(t)

dt
= vθ

(
t,x(t) | y

)
, x(0) = x0. (1)
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Minibatch optimal transport (OT) coupling. To obtain straight probability paths,
a minibatch of noise samples is coupled with a minibatch of data samples using
OT, replacing random pairing with a cost-minimizing permutation [44]. Given
noise X0 = {x i

0}Bi=1 and data X1 = {x j
1 }Bj=1, OT computes a permutation

P ∈ PB that minimizes a pairwise cost, typically Euclidean distance in pose
space. After coupling, each paired (x0,x1) defines the linear path

xt = ϕt(x0,x1) =
(
1− (1− σmin)t

)
x0 + tx1, (2)

with the corresponding ideal (time-invariant) velocity

uOT
t (xt | x0,x1) = x1 − (1− σmin)x0. (3)

CFM then regresses vθ

(
t,xt | y

)
to uOT

t along these OT-coupled paths.

Classifier-free guidance (CFG) for flow matching. We adopt a CFG [13] condi-
tion dropout scheme to train a single model that supports both conditional and
unconditional vector fields. Let b ∼ Bernoulli(puncond) and define the dropped
condition

ỹ =

{
y, b = 0,

∅, b = 1,
(4)

where ∅ denotes the null condition. Under the OT-coupled linear path xt =
ϕt(x0,x1), we optimize

L(θ) = Et, b, (x1,y)∼q,x0∼p0

[∥∥vθ

(
t,xt | ỹ

)
− uOT

t

(
xt | x0,x1

)∥∥2
2

]
. (5)

At inference time, guidance combines unconditional and conditional predic-
tions as

ṽθ(t,x | y) = vθ(t,x | ∅) + ω
(
vθ(t,x | y)− vθ(t,x | ∅)

)
. (6)

where ω ≥ 0 is the guidance scale (typically ω > 1 for stronger conditioning),
and we integrate the ODE from t = 0 to t = 1 using ṽθ.

3.2 Spectral Optimal Transport Coupling

We introduce Spectral Optimal Transport (SOT), a frequency-aware mini-
batch OT coupling used during CFM-OT training. SOT modifies the minibatch
assignment cost by combining a standard pose-space distance with a tempo-
ral spectral distance, so that the coupling accounts for the targets’ temporal-
frequency structure in addition to pose similarity.

Procedure. Alg. 2 summarizes SOT. For each minibatch (X1,Y) = {(x j
1 ,y

j)}Bj=1 ∼
q(x1,y), we (i) sample prior noise X0 = {x i

0}Bi=1 ∼ p0, (ii) compute a pose-space
cost matrix Mpose, (iii) compute a temporal spectral descriptor ψ(·) for both X0

and X1 to obtain a spectral cost matrix Mspec, (iv) scale the spectral term via
ratio normalization, and (v) solve a minimum-cost assignment with Hungarian
matching [20] to obtain the coupling permutation. The resulting paired samples
are then used to construct the CFM-OT training paths and target velocities
(Sec. 3.1).
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Temporal DCT descriptor. We instantiate ψ(x) with a temporal DCT because
it provides a compact, global summary of periodicity and smoothness in motion
trajectories, is efficient and hyperparameter-free, and has been widely used in
human motion modeling [1, 22, 25, 26, 48]. Given a pose sequence x ∈ RT×D, we
compute a DCT-II along time for each feature dimension d:

Ψk,d(x) =
√
wk

T−1∑
t=0

xt,d cos
( π
T

(
t+ 1

2

)
k
)
, k = 0, . . . , T − 1, (7)

where wk = 1+(β−1) k/(T−1) is a frequency-dependent gain increasing linearly
from 1 at k = 0 to β at k = T −1 (β = 3 in our experiments), and we form ψ(x)
by concatenating coefficients Ψk,d(x) across k and d. The gain places more weight
on faster-varying temporal components, which would otherwise contribute little
to the coupling cost since motion energy concentrates at low frequencies.

Spectral OT cost. Using ψ(·), SOT defines the pose and spectral costs

Mpose(i, j) =
∥∥∥vec(x i

0)− vec(x j
1 )
∥∥∥2
2
, (8)

Mspec(i, j) =
∥∥∥ψ(x i

0)− ψ(x j
1 )
∥∥∥2
2
, (9)

and couples minibatches using the combined cost

M(i, j) =Mpose(i, j) + λspecMspec(i, j). (10)

What the spectral term does to the coupling. Instead of comparing the motion
dynamics of noise, which is a prior sample, with those of a target, SOT reweights
the metric under which the two are coupled: since a minimum-cost assignment
is invariant to row- and column-constant terms of the quadratic cost in Eq. (10),
the coupling is determined entirely by the frequency-weighted correlation be-
tween the DCT coefficients of x0 and x1, with the weight of frequency k set
by the gain wk. Under a pose-only cost, all temporal frequencies are weighted
equally, so, because sign-motion energy concentrates at low frequencies, the as-
signment is decided almost entirely by the slow, gross trajectory. The gain wk

raises the share contributed by the components that carry repetition and articu-
lation speed, making targets that differ in motion dynamics more distinguishable
during coupling. The motion dynamics thus enter on the target side throughout:
since x0 ∼ N (0, I) is isotropic and ψ is linear, ψ(x0) acts as a dynamics-neutral
probe. In practice, the spectral term is a small perturbation of the pose cost that
mainly biases how near-tied assignments are resolved toward pairings consistent
with the targets’ temporal-frequency structure, which also yields more stable
minibatch couplings.

Ratio-normalized spectral weighting. BecauseMpose andMspec can differ in scale,
we set

λspec = ρ · E[Mpose]

E[Mspec] + ϵ
, (11)



8 N. Khan et al.

Table 1: Quantitative results DTW-based pose metrics (PA-JPE and JPE) [54].
BLEU-4 (B-4) represents a semantic metric. Since pretrained checkpoints are not pub-
licly released for the evaluator and some baselines, we train the required models from
scratch.

Method
CSL-Daily Phoenix-2014T

PA-JPE↓ JPE↓ B-T↑ PA-JPE↓ JPE↓ B-T↑

Body Hand Body Hand B-4 Body Hand Body Hand B-4

Prog. Trans. [34] 15.98 12.91 16.30 32.63 1.97 13.67 11.95 15.01 31.77 2.03
Text2Mesh [38] 13.47 12.10 13.76 30.37 – 13.48 12.06 14.04 31.64 –
T2S-GPT [49] 11.94 5.93 12.32 15.43 – 10.38 6.47 11.65 19.09 –
S-MotionGPT [16] 10.81 3.78 11.58 11.31 – 9.45 3.41 10.42 9.08 –
SOKE [54] 6.24 1.71 7.38 9.68 6.22 4.77 1.38 6.04 7.72 6.92
SignFlow [18] 4.49 1.03 7.45 4.51 6.84 4.47 1.00 4.78 6.52 8.91

Ours 4.42 1.01 6.87 4.43 9.09 4.32 0.97 4.76 6.06 9.78

where E[·] denotes the minibatch mean, ρ controls the target relative contribution
of the spectral term, and ϵ is a small constant for numerical stability.

Coupling and usage. We solve the minimum-cost assignment under M (Eq. 10)
using Hungarian matching (Alg. 2) to obtain a coupling permutation. The paired
(x0,x1) are then used to construct the CFM-OT training path and target ve-
locity (Sec. 3.1).

4 Experiments

We conduct experiments on two widely used SLG benchmark datasets: CSL-
Daily [53] and Phoenix-2014T [6]. CSL-Daily is a large-scale Chinese Sign Lan-
guage dataset of daily conversations with paired spoken-language sentences and
sign videos (about 20K samples). Phoenix-2014T is a German Sign Language
benchmark of weather forecast news (about 8K samples). For all experiments,
we represent signing as SMPL-X pose sequences. We use SMPL-X motion fea-
tures from the curated preprocessing released by [54], using 6D rotations and 10
SMPL-X shape parameters.

Following [54], we evaluate generated sign pose sequences by first align-
ing each generated sequence to its ground-truth counterpart using Dynamic
Time Warping (DTW) [4]. We report DTW-aligned joint position errors under
both Procrustes alignment (PA-JPE) and the original joint coordinates (JPE),
which quantify sequence-level distances between generated motions and ground
truth [2]. Following prior SLG work [3], we evaluate semantic alignment using
Back-Translation (BT): a separate sign-to-text model translates each generated
pose sequence back into spoken-language text, and we compute ROUGE-L [23]
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你的决定说明你的分析很正确。
(Your decision proves that your analysis was correct.

公交站台太远了，我们还是打车回家吧。
(The bus stop is too far, let's take a taxi home.)
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(a) CSL-Daily examples.

am donnerstag vor allem in der nordwesthälfte hier und da sturmböen
(On Thursday, especially in the northwestern half of the country, there 

will be occasional gusts of wind.)

aber erst muss noch mit regenfällen und gewittern gerechnet werden die 
besonders im süden und osten unwetterartig sein können

(But first, rain and thunderstorms are expected, which could be severe, 
especially in the south and east.
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(b) Phoenix-2014T examples.

Fig. 2: Qualitative comparison. We show representative examples from CSL-Daily
and Phoenix-2014T.

and BLEU-n [28] between the reconstructed and reference texts. We train the
sign-to-text model of [39] as our BT evaluator; training details are provided in
the supplementary material.

Implementation details. We build on the CFM-OT baseline [18]. Across all ex-
periments, we keep the architecture, text encoder, training schedule, and opti-
mization settings fixed as mentioned in [18]. For OT coupling, we assume uni-
form marginals and compute the minimum-cost bipartite assignment using the
Hungarian algorithm [20]. For SOT, we set the pose-space term weight to 1
and compute the temporal DCT descriptor by controlling the ratio-normalized
spectral strength via ρ with ϵ = 10−8 (Eq. 11). We use ρ = 2 × 10−2, and we
additionally report an ablation over different ρ values in Sec. 5.3. For CFG, we
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(a) Histogram of coupling flip-rate across mini-
batches.

10 5 10 4 10 3 10 2 10 1 100

5

6

7

8

9

BL
EU

-4

(b) Ablation on the SOT spectral strength ρ.

Fig. 3: Coupling disagreement and spectral-strength ablation. (on CSL-
Daily) Left: Flip-rate is the fraction of rows whose dominant matched partner differs
between pose-only OT coupling Ppose and SOT coupling Psot; aggregated over N=300
minibatches uniformly subsampled during training at ρ = 2 × 10−2. Right: BLEU-4
as a function of ρ; performance peaks at ρ = 2× 10−2. See the supplementary material
for details on the flip-rate computation.

train with condition dropout by dropping the text condition with probability
puncond = 0.1, and apply guidance at inference with scale ω = 4.

5 Results

5.1 Quantitative Results

Table 1 compares our method with prior approaches on CSL-Daily and Phoenix-
2014T. Pose accuracy is measured with the DTW-based metrics of SOKE [54],
and BLEU-4 (B-4) is computed with a back-translation evaluator trained by
us, so that all methods are scored under the same semantic evaluation. Our
method obtains the best results on every metric across both datasets. The margin
over the strongest baseline, SignFlow [18], is modest on the pose metrics (e.g.,
PA-JPE Body 4.49→4.42 on CSL-Daily and 4.47→4.32 on Phoenix-2014T) but
substantial on the semantic one: BLEU-4 improves from 6.84 to 9.09 on CSL-
Daily (+2.25) and from 8.91 to 9.78 on Phoenix-2014T (+0.87). This distribution
of gains matches the design of our coupling strategy, which targets semantic
alignment under guidance rather than raw joint accuracy: SOT preserves the
pose fidelity of the CFM-OT baseline while clearly strengthening sentence-level
semantic fidelity.

5.2 Qualitative Results

Figure 2 presents qualitative comparisons on the CSL-Daily and Phoenix-2014T
test sets, respectively, showing ground-truth (GT) signer frames alongside avatar
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Table 2: Back-translation results on CSL-Daily and Phoenix-2014T (stan-
dard split). Guided denotes classifier-free guided sampling at inference, while Un-
guided uses the same trained model without guidance (ω = 0). GT (upper bound)
reports back-translation scores when the evaluator is fed ground-truth motions. Best
and second-best results within each dataset/sampling block (excluding GT) are in bold
and underlined, respectively.

Method ROUGE-L BLEU-1 BLEU-2 BLEU-3 BLEU-4

CSL-Daily Unguided sampling

GT (upper bound) 33.50 31.82 20.34 13.48 9.27
CFM-OT [18] 26.37 26.39 15.41 9.90 6.84
CFM-SOT 26.55 25.60 15.05 9.57 6.47
CFM-OT + CFG 25.63 25.20 14.45 9.11 6.21
CFM-SOT + CFG 26.79 26.09 15.30 9.97 6.89

CSL-Daily Guided sampling

CFM-OT + CFG 30.46 28.89 18.09 12.10 8.44
CFM-SOT + CFG 31.38 29.48 18.75 12.78 9.09

Phoenix-2014T Unguided sampling

GT (upper bound) 26.55 26.88 18.06 13.43 10.75
CFM-OT [18] 23.43 23.99 15.48 11.30 8.91
CFM-SOT 23.18 23.51 15.39 11.40 9.07
CFM-OT + CFG 22.15 23.22 15.01 11.06 8.80
CFM-SOT + CFG 22.37 22.57 14.15 10.28 8.13

Phoenix-2014T Guided sampling

CFM-OT + CFG 23.26 23.44 15.50 11.40 8.97
CFM-SOT + CFG 24.60 24.83 16.40 12.25 9.78

renderings generated by SignFlow (CFM-OT) and our method. Across both
datasets, our generations often show clearer signing dynamics: we observe clearer
articulation changes over time and more distinct motion patterns in segments
where the input sentence implies specific temporal structure (e.g., repetition
and path extent). In addition, our results often produce hand configurations and
spatial placements that appear closer to the GT realization, whereas SignFlow
tends to yield smoother, more generic trajectories that can blur such dynamics-
sensitive variations. These examples complement the quantitative gains and sug-
gest that incorporating dynamics-aware coupling improves the consistency of
conditional generation under guidance.
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Table 3: Where to apply SOT under CFG-style masking (CSL-Daily, unguided
sampling with ω = 0). We apply SOT only to the masked or unmasked coupling step
(masking rate 10%) and compare against unguided baselines.

Coupling configuration BLEU-4

CFM-OT + CFG (unguided) 6.21
SOT on masked (10%) + OT on unmasked 6.68
SOT on unmasked + OT on masked (10%) 6.35
CFM-SOT + CFG (unguided) 6.89

5.3 Ablation Study

Effect of guidance. Table 2 reports back-translation performance, which we
use throughout this section as a proxy for sentence-level semantic fidelity.

Guidance helps at inference. Applying CFG at inference improves semantic
alignment on both datasets. On CSL-Daily, BLEU-4 rises from 6.84 for unguided
CFM-OT to 8.44 for CFM-OT+CFG with guided sampling, and ROUGE-L from
26.37 to 30.46. Phoenix-2014T follows the same pattern with a smaller margin:
guided sampling lifts CFM-OT+CFG from 8.80 to 8.97 BLEU-4 and from 22.15
to 23.26 ROUGE-L. Whatever the coupling, guidance makes the generated se-
quences adhere more closely to the input text.

Condition dropout hurts training under Euclidean coupling. Guidance at infer-
ence, however, requires condition dropout at training time, and this dropout
has a cost. To measure it, we evaluate dropout-trained models with guidance
switched off (ω = 0). On CSL-Daily, CFM-OT+CFG evaluated this way falls
below the plain CFM-OT baseline (BLEU-4 6.21 vs. 6.84; ROUGE-L 25.63 vs.
26.37): sharing parameters between masked and unmasked updates degrades
the model when the coupling is purely pose-based. Replacing the Euclidean
coupling with SOT recovers the loss, and CFM-SOT+CFG reaches 6.89 BLEU-
4 and 26.79 ROUGE-L without guidance, ahead of both the degraded CFM-
OT+CFG and the original baseline. This is what we would expect if SOT re-
duces dynamics-inconsistent pairings in masked updates, making the masked
and unmasked training signals more compatible.

SOT and guidance compound. The two effects combine at inference. With guided
sampling, CFM-SOT+CFG gives the best results on both datasets: on CSL-
Daily it adds +0.65 BLEU-4 (8.44 → 9.09) and +0.92 ROUGE-L (30.46 →
31.38) over CFM-OT+CFG, and on Phoenix-2014T the margin is larger still,
+0.81 BLEU-4 (8.97 → 9.78) and +1.34 ROUGE-L (23.26 → 24.60). Coupling by
temporal spectral structure thus supplies supervision that guidance can exploit
at inference, beyond what either mechanism achieves alone.
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Dataset dependence under unguided sampling. Phoenix-2014T exhibits a dif-
ferent unguided pattern than CSL-Daily. SOT alone slightly improves BLEU-4
over CFM-OT (8.91 → 9.07), while condition-dropout training without guided
inference can reduce performance (e.g., CFM-OT+CFG: 8.80; CFM-SOT+CFG:
8.13). We conjecture that the impact of masking and coupling depends on
dataset-specific conditional variability, but the consistent improvements under
guided inference across both datasets align with our main claim.

Sensitivity to spectral strength ρ. We ablate the spectral strength ρ, which con-
trols the relative contribution of the DCT-based temporal descriptor in the SOT
assignment cost via the ratio-normalized weight in Eq. (11). Intuitively, ρ acts
as a knob that determines how strongly the spectral distance influences the OT
assignment relative to the pose-space distance: larger ρ yields couplings that
prioritize spectral similarity more heavily, while smaller ρ makes SOT closer to
standard Euclidean OT. Figure 3b shows BLEU-4 on CSL-Daily as ρ varies.
We observe a clear optimum at ρ = 2× 10−2. When ρ is increased beyond this
range (e.g., ρ ≥ 10−1), performance degrades, suggesting that over-weighting the
spectral term can dominate the coupling and produce assignments that are less
compatible with conditional generation. Conversely, when ρ is too small (e.g.,
10−5), the spectral term becomes weak, and the gain diminishes.

Evidence that SOT primarily benefits masked-branch coupling. To
probe which branch benefits most from SOT under CFG-style condition dropout,
we apply SOT only when computing the OT assignment for either the masked
(unconditional) or unmasked (conditional) branch, while using Euclidean OT for
the other branch. We evaluate with unguided sampling (ω = 0) to isolate training
effects from guided inference. Table 3 shows that applying SOT to the masked
branch yields a larger improvement over the Euclidean baseline than applying
it to the unmasked branch (BLEU-4 6.68 vs. 6.35, compared to 6.21 for CFM-
OT+CFG). This suggests that coupling errors in masked updates contribute sub-
stantially to the degradation observed under shared-parameter dropout training,
and that SOT mitigates this by producing more dynamics-consistent assign-
ments. Applying SOT to both branches (CFM-SOT+CFG) achieves the best
result (6.89), indicating that both branches benefit, with the masked branch
being the dominant contributor in this setting.

Coupling evidence. To verify that the spectral term in SOT meaningfully
affects minibatch OT matchings, we measure coupling disagreement between
pose-only OT and SOT. Concretely, for the same minibatches we compute (i)
an OT coupling using only the pose cost and (ii) an OT coupling using the full
SOT cost, and quantify their difference using two complementary indicators: (1)
the normalized ℓ1 distance between the resulting transport plans, and (2) a flip-
rate measuring how often the dominant matched partner changes. As expected,
when ρ = 0 (pose OT), both metrics are 0. At our selected operating setting
ρ = 2×10−2, we observe a consistent non-zero coupling shift, indicating that SOT
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Table 4: Coupling disagreement induced by SOT (on CSL-Daily). Flip-rate
measures how often the dominant matched partner changes between Ppose and Psot

(row-wise argmax transported mass). ∆plan is the mean absolute difference between
the two OT plans, normalized by B2. Reported as mean±std over N=300 logged
minibatches uniformly subsampled across training at ρ = 2× 10−2.

ρ Flip-rate (%) ↑ ∆plan (×10−5) ↑

0 (pose OT) 0.00± 0.00 0.00± 0.00
2× 10−2 7.70± 6.70 3.77± 3.27

alters minibatch pairings and therefore changes the OT-based supervision signal
used in conditional flow matching. Figure 3a shows the distribution of flip-rate
across N=300 minibatches uniformly subsampled during training: while some
minibatches exhibit zero flips, the histogram contains substantial non-zero mass
and a long tail, confirming that SOT can meaningfully modify OT matchings
across training. Finally, Figure 3b ablates the spectral strength ρ and reveals
a clear optimum at ρ = 2 × 10−2, consistent with the above evidence that
moderate spectral weighting produces beneficial coupling changes. We observe
consistent trends on Phoenix-2014T; corresponding ablations are reported in the
supplementary material.

6 Conclusion

We studied flow-based text-to-sign language generation under a one-to-many
setting and investigated how classifier-free guidance (CFG) and minibatch op-
timal transport (OT) coupling interact during training and sampling. While
CFG substantially improves semantic alignment, we hypothesized that standard
Euclidean OT coupling can produce dynamics-inconsistent assignments under
condition dropout, reducing the compatibility between the conditional and un-
conditional signals that guidance combines at inference. To address this, we
proposed Spectral Optimal Transport (SOT). Across experiments, SOT consis-
tently amplifies the gains of CFG and yields the best quantitative and qualitative
results. As future work, we plan to extend the pose-only setting by incorporating
facial expressions, which are essential for fully expressive sign language but were
outside the scope of this study, which focused on body and hand motion.
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