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Figure 1: Long-horizon co-speech motion generation (52 s) from the same speech and speaker, with
the GT style keeping both hands raised near the chest. (a) Short-Seed Truncation matches the style
initially but monotonically drifts: hands gradually drop. (b) Long-Context Token Attention retains
full history but struggles to maintain a consistent style, matching or deviating regardless of temporal
distance. (c) PASPA (ours) preserves the raised-hands style throughout, closely matching the GT.

Abstract

Co-speech motion generation remains challenging over long horizons due to the
need for temporal coherence and consistent style. Existing methods typically gener-
ate long motions segment by segment, either conditioning on a short seed of recent
frames, which gradually drifts, or retaining ever-longer explicit histories, which are
costly to maintain and hard to learn from limited data. We trace these limitations
to a key asymmetry between past and present: past motion carries slowly varying
style that should be compactly summarized, whereas the current segment exhibits
fast-changing local dynamics that require fine-grained modeling. This asymmetry
motivates a simple Past-As-State, Present-as-Attention principle for long-horizon
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co-speech motion generation. Following this principle, we propose PASPA, which
summarizes past history with an inter-block persistent state and models the current
segment with intra-block bidirectional self-attention. We instantiate PASPA within
a blockwise flow matching framework, with multi-block supervision for effective
training over variable histories, prefill-decode state caching for efficient rollout, and
hybrid classifier-free guidance for enhanced history and speech conditioning. Ex-
tensive public-benchmark experiments show that PASPA achieves state-of-the-art
FGD performance and preserves motion style across long-sequence generation.

1 Introduction

Humans naturally accompany speech with expressive body movements that convey emphasis, emotion,
and communicative intent beyond words alone [S3]. Co-speech motion generation aims to synthesize
realistic full-body motions that are temporally aligned and semantically consistent with speech [56]. It
is crucial to applications like digital humans [99]], virtual assistants [87]], and animated characters [24].

Early co-speech motion generation often relies on direct speech-to-motion mapping [86]], but the
inherent one-to-many nature of speech-to-motion correspondence has made generative modeling
increasingly important [38]. Accordingly, diffusion models [27] and flow matching [42} [50]], the
prevailing generative paradigms, have been widely adopted in this ﬁeldE] While they improve short-
horizon realism and controllability [48 |92], long-horizon co-speech motion generation remains
challenging, as it requires preserving temporal coherence [75] and speaker style [1] (see Fig.[I).

For long-horizon generation, most methods proceed segment by segment, making inter-block history
propagation the central challenge. A common strategy is to use only a seed (i.e., the previous
segment’s last few frames; Fig. [Zp) [45] 89, [92]] as condition. With such limited history, temporal
coherence and style gradually drift over time (see Fig. E}a) [75]. Recent streaming methods exploit
longer histories [l [75 [77], but retain contexts like frames or tokens (see Fig.[2b). Maintaining such
explicit histories incurs growing memory and compute costs as horizons extend, especially with
attention-based backbones [74]. More critically, learning to exploit ever longer explicit histories is
difficult given the limited data in co-speech motion generation [45], often leading to unstable style
preservation (see Fig. [Ip). These observations raise a fundamental question: is there a more effective
way to represent and propagate the past than explicitly attending to raw historical sequences?

We answer this affirmatively: the past and present play distinct roles in motion generation and should
be represented accordingly. Past history primarily carries slowly varying stylistic traits (e.g., gesture
amplitude and spatial preference) [[1} 3], which should be compactly summarized rather than stored
verbatim. By contrast, local motion dynamics are fast-changing, making full-resolution modeling of
the current block more suitable for capturing fine-grained motion details. This asymmetry motivates
a simple Past-As-State, Present-as-Attention principle: the past should be compressed as a persistent
state that is carried across segments, while the present should be modeled with full attention for
expressive generation (see Fig.[2t). Guided by this principle, we propose PASPA, which achieves
temporally coherent and style-consistent long-horizon co-speech motion generation (see Fig. [Tk).

In PASPA, past history and the current block are handled by two complementary mechanisms. For
past history, we design a block-level recurrent state mechanism built upon Gated DeltaNet [83],[84]],
which progressively summarizes preceding blocks into a persistent state and provides a selective-
retention, temporal-decay inductive bias for slowly evolving motion style. For the current block, we
use blockwise self-attention [60} [74] to enable full bidirectional interaction for fine-grained modeling.
We integrate them into a hybrid PASPA module, which forms the core component of our model.

We build PASPA on a semi-autoregressive blockwise flow matching (BFM) framework inspired by
recent block diffusion paradigms [6} 95], and develop tailored training and inference protocols. For
training, we apply distinct noise levels to multiple blocks and supervise their denoising in parallel,
yielding dense multi-block supervision and exposing each block to states summarizing variable-length
histories. For inference, PASPA separates state prefilling from iterative decoding and reuses cached
historical states for efficient rollout. To improve generation quality, we introduce a hybrid classifier-
free guidance [26] that augments audio-conditioned guidance with history-drop guidance [66]],
enabling explicit control over historical dependence while preserving speech alignment.

2We use diffusion and flow matching interchangeably in this paper due to their mathematical equivalence [4] 43].
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Figure 2: History propagation in co-speech motion generation. (a) Short-Seed Truncation keeps only

recent frames. (b) Long-Context Token Attention retains history as tokens for global attention. (c)
PASPA compresses history into a persistent state and applies full attention within the current block.
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Bidirectional Attention

Our main technical contributions are: (1) We identify a key asymmetry in the roles of past and present
in co-speech motion generation, and formulate a simple past-as-state, present-as-attention principle
for long-horizon modeling. (2) Following this principle, we propose PASPA, a persistent-state method
built on blockwise flow matching, whose core module couples inter-block persistent state modeling
with intra-block attention. (3) We develop tailored training and inference schemes, including multi-
block supervision, prefill-decode decoupling with state caching, and hybrid classifier-free guidance.

2 Related Work

Co-Speech Motion Generation. The task synthesizes speech-aligned body movements. Its one-
to-many nature motivates generative paradigms such as diffusion models (DMs) [27,167]] and VQ-
VAE-based generation [73] for realism and diversity [2} 3, 24} 93| 198]]. Further enhancements for
semantic controllability include hierarchical designs and language-based guidance [9} 141} 149,59, 91]].
VQ-VAE-based methods [45, 51} 185,189, 190] generate motions through learned codebooks, but often
suffer from limited diversity due to discrete code constraints. DM-based methods [5, [111 13} 54} 92]
better support diverse motion synthesis and have become a dominant paradigm in this field.

Diffusion Models and Flow Matching. DMs [27] and Flow Matching (FM) [42,[50] have achieved
strong results in image generation [14} [17]. Advances include novel architectures [20, 58], [78]],
conditional guidance [26}132}137], and accelerated sampling [50, 65]. They also extend to sequential
domains (e.g., video) via autoregressive (AR) factorization for variable-length rollout [6} 10} 162]]. Rep-
resentative approaches include Block Diffusion [6,95], which combines intra-block denoising with
inter-block autoregression, and Diffusion Forcing [10], which assigns independent per-token noise
levels to bridge next-token prediction [[61] and full-sequence diffusion. Related advances mitigate
exposure bias [29], enable real-time generation [47], and support flexible history conditioning [66].
This AR diffusion paradigm has also been adapted to motion generation [8 25, [77} 96].

Long-Context Sequence Modeling. Attention [74]] dominates long-context modeling but scales
quadratically with sequence length [[70] and lacks inductive biases for data-limited regimes [18]].
Alternatives like state space models [[16}[22]] and linear attention [34, 82,183 replace pairwise attention
with linear recurrent state updates, improving efficiency and introducing stronger temporal inductive
bias. Specifically, Gated DeltaNet (GDN) [84] is highly relevant to us, as its gating and delta-rule
updates yield a temporal-decay bias that we leverage to model continuous motion dynamics. Such
long-context designs have also been adopted in motion generation (e.g., Motion Mamba [94]).

3 Methodology

3.1 Preliminary

Co-Speech Motion Generation. This task synthesizes motion & € R7*¢ and facial expression
e € RT*C from a speech waveform a € R”=. Following the SMPL-X [52,57] parameterization, the



motion sequence x consists of J = 55 joint rotations and a 3D global translation. The joint rotations
are converted from axis-angle to the 6D representation (rot6d) [97]], yielding C' = 6J + 3 = 333.
Following FLAME [40]], the expression e is represented by C, = 100 FLAME coefficients. For
long-horizon generation, co-speech motion is commonly generated segment by segment [45] 189, 92].
Accordingly, the motion and expression sequences are partitioned into N blocks of length K, denoted

byxz=[z!,...,zV]ande = [e!,...,e"], where 2" € RE*C and " € REX* - denote the n-th
motion and expression blocks, respectively. The waveform is segmented analogously into N blocks
of length K, (i.e., a = [a',...,a’]), where a” € R« denotes the n-th speech segment.

Flow Matching. Our method builds on FM [42,|50], a prevailing generative paradigm. It constructs
a probability path by linearly interpolating between clean motion ¢ and noise z, governed by time ¢:

=1 —t)xo+tz, z~N(0I), te]l0,1], (1)
where N denotes the Gaussian distribution. Typically, FM learns the path velocity and samples by
solving the corresponding probability flow ordinary differential equation [42] 50] of this path.

3.2 Past-as-State, Present-as-Attention Module

In segment-by-segment motion generation [45,[92],
past history and the current block serve different roles.
Empirically, style cues remain correlated over long 081
timescales, whereas local motion dynamics decay
rapidly (see Fig.[3). Motivated by this asymmetry,
PASPA (see Fig. |4) decouples their processing: an
inter-block persistent state compactly summarizes
past history, while an intra-block bidirectional atten-
tion models the current block via dense interaction. 001
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Why Persistent State for the Past? Past history
carries stable style and long-range tendencies. Such
information is abstract and sparse: its effective con-
tent lies in a few persistent components, and token-
level attention would waste capacity on transient
fluctuations. Thus, the past should be selectively
condensed into a persistent state, not indiscrimi-
nately preserved. We achieve this via Gated DeltaNet
(GDN) [184]], whose gating [|82] and delta-rule [63}[76]] updates suppress fluctuations and accumulate
informative trends, yielding a strong inductive bias for history propagation in our data-limited setting.

Figure 3: Autocorrelation r(7) on BEAT2, av-
eraged across speakers with 95% confidence
intervals (shaded). Style features remain cor-
related beyond 100 frames, whereas local fea-
tures decay rapidly. Inset: raw windowed
pose statistics. See Sec. [E]for more details.

Blockwise Gated DeltaNet (BGDN). GDN is token-recurrent, but our generation proceeds block
by block. We thus propose a blockwise GDN (BGDN, Fig.[h), driven by a tailored Block-Causal
GDN kernel. Inside the BGDN module (Fig.[d](a.1)), we take the noisy current block as input and the
encoded clean history as the context. Following GDN, we derive queries g; € R% from the input,
with keys k; € R%, values v; € R%, and gates ;, 3; € (0, 1) from the context, omitting GDN’s
temporal mixing to prevent cross-block leakage. Within the kernel, these variables update a persistent
state §; € R% 9k and yield outputs o € R% . o are then projected to produce final outputs.

Inside the kernel (Fig.[d](a.2)), we retain GDN’s standard state update to accumulate histories:
Si=8i—1(o; (I —Bikik])) + Bivik], 2)
where «; adaptively decays irrelevant fluctuations, and /3; governs the delta-rule update for selective
information injection. However, applying GDN’s dynamic read mechanism to blockwise generation
would cause intra-block future leakage. We therefore restrict reads to the frozen block-initial state:
GDN: o; = S;q;, ~ BGDN:o; = Sj,q; V(n—1)K <i<nk, 3)
where S [Tn] (0 < r < K) denotes the state after processing the r-th token of block n. Instead of
reading the continuously updated state S;, all queries within block n exclusively read from the
block-start state S?n] (also the previous block’s final state .S [Ifl_l]). This formulation mathematically
guarantees that each block only conditions on strict past history, ensuring the blockwise causality.
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Figure 4: Network architecture of PASPA. (a) BGDN propagates history through a persistent state
S ([Jn] via a block-causal GDN kernel. (b) BMHSA captures local dynamics via efficient block-diagonal
bidirectional attention. The overall network (bottom) sequentially applies BGDN and BMHSA.

Efficient Implementation. GDN admits an efficient chunkwise parallel form [80, |84]] (detailed
in Sec. [B). Since we leave the state update of GDN unchanged, its parallel computation requires
no modification. The read, however, must be adapted to enforce block-causality. Specifically, the
computational chunk size is fixed to the generation block size K, and all tokens in block n exclusively

share the block-start state S([)n] (i.e., the previous block’s final state S {;71]). This yields:

T
OFF™ = Quy (sh) B4, Quemth, s = SE emi @)

This reduction to a dense matrix multiplication makes the read highly amenable to Tensor Core
acceleration, for which we implement a custom Triton [72] kernel based on FLA [80].

3.2.2 Intra-Block Bidirectional Attention.

Why Bidirectional Attention for the Present? The current block carries fast-changing dynamics,
such as velocities and fine-grained articulations, which demand dense modeling of local motion details.
Correspondingly, BGDN shares a common block-start state, leaving token-to-token interactions
within the current block unmodeled. We assign this role to a dedicated bidirectional self-attention
module [74] rather than a causal one: although frames within a block follow a micro-level temporal
order, each token still benefits from both preceding and subsequent local context within the segment.

Blockwise Multi-Head Self-Attention (BMHSA). Applying bidirectional self-attention [74] across
the entire sequence naively would break the block-level semi-autoregression. We therefore propose
BMHSA, which permits bidirectional interaction within each block while strictly forbidding any
cross-block interaction. Given an input sequence X € RNXXd the output is computed as follows:

_ QK" | L bk _ JO [i/K]=[j/K]
O = Softmax Vd +B VWo, Bij = —oo otherwise ’ ©)

where i,j € {1,..., NK} are token indexes, B ¢ {0, —co }VEXNEK g the block-diagonal mask
(see Fig. [db). We compute the query, key, and value matrices Q, K,V € RNf*das Q = XW g,
K = XWg,and V = X Wy, respectively, with rotary position embedding (RoPE) [68] applied to
Q and K. Here, W, W, Wy, Wo € R4*4 are projection matrices, with W used for output
projection. The formulation above is single-head, with the multi-head extension following [[74].



Efficient Implementation. Rather than materializing B, we reshape X from RVK*d to RN xKxd
and apply standard bidirectional attention, treating the block index as batch (see Fig.[db). This yields
the same output as Eq. (5) while reducing the complexity from O((N K)?2d) to O(N K?2d).

3.2.3 Network Architecture.

We instantiate our PASPA layer following the DiT design [58] (see Fig.[d)) with two modifications.
Structurally, we replace the self-attention sublayer with two sequential sublayers: BGDN and BMHSA.
For adaptive modulation, we replace AdaLN with AdaRMSNorm [15], where the modulation
parameters are predicted from the Fourier-embedded timestep ¢ [69]] and the speaker ID embedding.
Our architecture follows GlobalDiff [92], but uses our PASPA layer. We first use a frozen audio-
to-expression network to obtain expressions from WavLM features [[12] and speaker ID. Motions
are represented in global rotation space and split into torso (with translation) and hands branches.
For each branch, the noisy stream embeds body-part motion with full noisy motion, audio features,
and expressions as tokens for the stacked PASPA layers, while the history stream encodes clean past
motion into each BGDN module (e, e, in Fig.[d). The branch outputs are merged to the full motion.

3.3 Blockwise Flow Matching

Inspired by recent block diffusion paradigms [6} 95]], we formalize segment-by-segment motion
generation as semi-autoregressive process with block-causal factorization p(x | a,e) = [[,,_; p(z™ |
x<" a" e"). Here, z<" = [x!, ..., " 1] provides clean history, " is the current denoising target,
and a™, e are the aligned speech and expression condition of block n. We precompute e” from a”
via an audio-to-expression network (Sec.[3.2.3)). This process applies inter-block autoregression for
long-horizon causality and intra-block bidirectional modeling for dense local dynamics.

Multi-Block Supervision. To realize the semi-autoregressive factorization, we instantiate the FM
interpolation in Eq. (1) for each block, allowing every block to carry its own timestep ¢ € [0, 1]:

zp = (1 —t")xl +t"2", 2" ~ N(0,1), Yn=1,...,N, 6)

where g is the n-th clean block.Following common practice in motion generation [71,92]], we train

the network Fj to directly predict each clean block x}, rather than the velocity in FM [42]. The

block-causal Fy performs dense parallel denoising over the entire sequence in a single forward pass:

&0 = [&5, &0, . .. ,ﬁ:éV]T = Fo(lzh,xk, ...,z N, 20, t,a), t=[t" 1% .. tN]T, (]

where a is the aligned speech and xo = [z}, . . ., scév ] is encoded as ground-truth history following

teacher forcing [53,64]. BGDN routes only 5" into block n’s prediction to preserve block-causality
(Sec. . Unlike per-block supervision [45 189, [92]], each iteration accumulates loss over all blocks,
yielding N x denser supervision. More critically, heterogeneous block timesteps expose the model
to diverse current-block noise levels at each history length, improving rollout robustness. Notably,
we enforce t! < t2 < ... < "V to mirror the inference-time noise profile, and replace the typical
uniform timestep distribution with a logit-normal one [20]]. Both are supported by ablations in Tab. §]

Loss Function. We supervise the predicted & in Eq. (7)) with the following overall objectivcﬂ

L=Eapans H ﬁ‘: e L+ sg (7)) (Lfoiue + Ltner) + )] + Loa| . ®
Loa= s b (Lot (B0 ) + Luet (B b ) + Lace (B b)) | - ©)
n=1

Here, L[, is the MSE loss on rot6d [97] and translations, while £ and L, are forward kine-
matics (FK)-based losses on joint positions and skeletal structures adopted from GlobalDiff [92]. To
adaptively mitigate optimization conflicts across blocks at varying noise levels, we train a small MLP
u(+) to predict per-timestep weights [[33] rather than manual tuning. We apply a stop-gradient (sg) to
prevent the fluctuations of FK-based losses from destabilizing (-). The boundary loss L,q regularizes
cross-block continuity via velocity and acceleration matching losses (i.e., Lyel, Lacc) on the transition
windows b,, and b,, of & and 2, and is excluded from the adaptive weighting as each window spans

two blocks at different timesteps. See Sec. for definitions of Lo, Lioint s Lstructs Lvels Lace, I;n, b,.

3With a slight abuse of notation, we use £ to denote both the scalar loss term and the corresponding loss function.



Algorithm 1 Inference with hybrid CFG, where c denotes the joint condition of speech and expression.

Require: Condition ¢*"; Timesteps {tk}ﬁil; CFG scales Weond (1), Whist (t); seed (Xseed, Cseed)

1: S « Prefill(S, @sced, Cseed) if (Tsced; Cseed ) is not O else O > initialize GDN state

2: forn=1,2,...,Ndo > iterate for NV blocks

3: xy, ~N(0,1) > initial noise from Gaussian distribution

4 fork=1,2,...,M—1do > iterate for M — 1 denoising steps

5: ﬁ:g’“‘ — Fo(zy, , te, So,0), 25  Fo(x,,tr, Sp,c") > unconditional and condition-only

6 Iy (x?,,tr, S,0), &y  Fo(xr, ,tr, S, c") > history-only and full
0 (_:i:n,(l) + Weona(t FMC _ :ﬁn,w o+ Whiet (¢ in,h _ in,@

L aed (&5 = 25) + o35 - 25°) o CFG

+ Weond (t)whist (t) (:130 —xy —xy &y )

8: xt, ., < SamplingStep(z, , £, t, tr+1) > take a sampling step for denoising

9: S « Prefill(S, &7, ™) > write block into S
~1:N

10: return &, > concatenate all generated motion segments into the final result

3.4 Inference for Long-Horizon Rollout

Prefill-Decode Rollout with State Caching. For long-horizon inference, PASPA employs a prefill-
decode rollout (see Algorithm [I)). Prefill only encodes the clean segment to update the BGDN
state, bypassing the denoising sublayers. Invoked after each block iteration (line 8), it integrates the
freshly denoised block into the state. Decode (lines 4-7) treats S strictly as a read-only condition.
It iteratively denoises the current block (line 7), evaluating F» under varying conditions for hybrid
CFG (detailed below). Throughout the rollout, the fixed-size S is the sole persistent cache, initialized
by prefilling seed Zgceq and asceq (0r zeros) and reused across all N blocks. Unlike linearly growing
token caches [36l[74], S guarantees an O(1) query complexity per step, regardless of history length.

Hybrid Classifier-Free Guidance. Standard CFG [26] modulates only the condition ¢”, leaving
historical dependence uncontrolled. Motivated by [66], we introduce a learnable null state S for
hybrid guidance via four predictions (Algorithm m lines 5-6): unconditional (S, @), condition-only
(Sg, c™), history-only (S, (), and full (S, ¢™). They are combined via a multilinear composition (Al-
gorithm ] line 7) that incorporates marginal and second-order joint terms, empirically outperforming
simpler alternatives (see Tab. . To prevent distortions at noise extremes [37]], scales weond (t) and
whist (t) are time-dependent, activating only during mid-noise intervals [0.1, 0.6] (otherwise 1). To
train Hybrid CFG, we independently drop ¢™ with probability 10% and sample S as unchanged,
null Sy, or interpolated oS + (1—«) Sy with probabilities 70%/10%/20%, where « is uniformly
sampled from [0, 1]. This interpolation enables continuous inference-time control of history strength.

4 Experiments

Setup. We evaluate on BEAT?2 [45]] using its official splits, and on SHOW [83]] following the
evaluation protocol of DiffSHEG [[11]]. Following [54]], BEAT2 comparisons use both the “Scott”
subset (1 Speaker) and the full test set (All Speakers), while ablations use the 1 Speaker setting.
PASPA is optimized via Muon [31| 46] with auxiliary AdamW [35] (training details in Sec. [E.T).
We report FGD [87] (the primary quality indicator) and Diversity (Div) [38] on both datasets, with
BC [39] and face MSE [81] on BEAT2, and Beat Alignment (BA) on SHOW. Here, 1/ indicate that
higher/lower values are better. For readability, BEAT2 FGD and MSE are multiplied by 10 and 108,
respectively; SHOW metrics are reported without rescaling. In all tables, gray rows mark our final
setting; bold and underlined denote the best and second-best results. See Secs. [D|to [H for details.

4.1 Main Results

Results on BEAT2. Table[I]compares PASPA with prior methods on BEAT?2. In the 1 Speaker
setting, PASPA achieves the best FGD (the primary quality metric) and MSE, indicating superior
generation quality. It also obtains the second-best Div and competitive BC, reflecting favorable
diversity and speech-motion alignment. In the All Speakers setting, PASPA achieves the best
FGD and MSE, showing its stronger multi-speaker generalization. Compared with the FM-based
GlobalDiff [92], PASPA improves all metrics, suggesting the advantage of persistent-state history



Table 1: Comparison with state-of-the-art (SOTA) methods on the BEAT?2 dataset.

Method 1 Speaker All Speakers
FGD| BCt Divt MSE] FGD| BCt Divt MSE/
CaMN [44] 6.64 0.677  10.86 - 5.12 0.200 5.58 -
DSG [81] 8.81 0.724 11.49 - 11.74  0.734 11.12 -
EMAGE [45]] 5.51 0.772  13.06 7.680 6.92 0.284 6.06 6.908
DiffSHEG [L1] 8.99 0.714 1191  7.665 - - - -
MambaTalk [[79]] 5.37 0.781 13.05 6.289 - - - -
HoloGest [13] 5.34 0.795 14.15 - 6.46 0.803 13.53 -
RAG-GESTURE [54] 8.08 0.734  11.97 - 4.87 0.514 9.94 -
SemTalk [89] 4.28 0.777 1291 6.153 - - - -
GestureLSM [48]] 4.09 0.714 13.24 - - - - -
GlobalDiff [92] 4.78 0.705 13.13 6.330 2.63 0.404 8.24 4.144
Ours 3.71 0.746  13.38 5.768 2.33 0.645 9.42 3.793
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Figure 5: Qualitative comparison. PASPA consistently matches the GT in gesture direction (red
arrows), amplitude, and speech alignment. Baselines exhibit various failure modes (red circles):
unnatural hand positions, hesitant or mismatched gestures, and missing semantic response.

modeling for FM-based co-speech motion generation. Figure [5]also qualitatively shows that PASPA
produces more natural gestures with better semantic alignment to speech than the baselines.

We further conduct a blind ranking study on BEAT?2 with 18 participants, yielding 167 valid ranking
groups. Participants rank four anonymized methods on 20-second clips across four criteria, with
randomized method order and a ground-truth reference. The four criteria are motion realism, semantic
consistency with speech, motion-speech synchronization, and motion diversity. PASPA achieves the
highest top-1 win rate across all four criteria (see Fig.[6)), with 39.8% overall, further supporting these
findings. See Secs. [E.3|and [F.3]for study details and the supplementary material for video demos.

Results on SHOW. To complement our primary evaluation, we evaluate PASPA on SHOW using
the same training recipe as on BEAT2 without dataset-specific hyperparameter tuning. As shown in
Tab. 2] PASPA achieves the lowest FGD, our primary generation-quality metric, at 0.00111, a 43.9%
reduction from our FM-based baseline GlobalDiff, which achieves an FGD of 0.00198. PASPA
yields slightly higher BA than GlobalDiff, while its Div remains second best. These results provide
complementary evidence of PASPA’s effectiveness beyond BEAT?2 in co-speech motion generation.

4.2 Ablations and Analysis

As outlined in Sec. 3] PASPA’s architecture realizes the past—present asymmetry through inter-block
persistent-state modeling and intra-block bidirectional attention. Weakly monotonic timesteps and
adaptive weighting stabilize multi-block learning, while Hybrid CFG refines generation quality at
inference time and prefill-decode separation accelerates generation. The following ablations and
analyses examine these complementary roles and their effects on generation quality and efficiency.



Table 2: Comparison on the SHOW dataset. mWEMAGE [ GestureLSM mSemTalkk  maPASPA (Ours)

. Top 1 preference (%)
Method FGD] BAt1  Divt

GT - 0.867 0.834

228 24.0
LS3DCG [24]  0.00478  0.947 0.645 25 20 44 ‘ 16 777777777777 ‘7578717
TalkSHOW [85] 0.00328  0.872 0.711
DiffSHEG [11] 0.00271  0.902 0.810 H

GlobalDiff [92] 0.00198  0.870 1.180 Realism Semamlcs Sync Dlversny
PASPA 0.00111  0.876 1.043
— Figure 6: User-study top-1 win rates (%; dashed: 25%).

Table 3: Ablation on past-present modeling. Table 4: Ablation on training build-up. Each
Past/Curr.: past/current block modeling. Attng “+ row inherits all components above.

(Attl’la]])l attention over K -frame (full) hiStOI’y. Variant FGD J/ BCT DiVT MSE \l,
Past Curr. FGDJ BCt Divt MSE| Single 7410 0744 1195 6.341
Multi 8.456 0.747 1258  6.090

- Attn 7.065 0.743 13.16 5.727
Attng  Attn 6.051 0.721 12.14 5.765 4+ Mono 6346 0.738  13.78  6.385
Attnyy  Attn 5.710 0.744 11.14 5.696 + AdaW 5614 0736 1493 5.736
State State  7.652 0.785 11.19 6.264 + SG 5216 0.734 1426 5.761
State  Attn 5.216 0.734 14.26 5.761 + LogitN 4450 0.739 1236 5.763

Asymmetric Past-Present Modeling. We validate the PASPA principle by varying the past and
current modeling under a fixed training recipe in Tab. 3] Removing history (history branch output
set to zero) substantially degrades FGD, confirming the necessity of long-range context. Increasing
token-attention history from Attng to Attn,; improves FGD, but still underperforms PASPA, showing
that retaining more raw history does not guarantee effective history utilization. Moreover, replacing
current-block attention with state-based recurrent modeling (i.e., State+State) yields worse FGD
than even the no-history variant. This shows that the current block benefits from dense bidirectional
interaction and that state-based current-block modeling hurts generation quality. These comparisons
validate PASPA’s past-as-state, present-as-attention division, which yields the best FGD.

Blockwise Training Formulation. We show the build-up ablation of our training recipe in Tab. @]
Naively switching from single-block (Single) to multi-block (Multi) supervision degrades FGD
despite denser supervision, due to unordered block timesteps and imbalanced losses across blocks and
noise levels. Weakly monotonic timesteps (Mono) and adaptive loss weighting (AdaW; see Eq. (8))
address these two issues, significantly reducing FGD to 5.614. Beyond the two critical stabilizers,
SG (i.e., sg(+) in Eq. ) reduces FGD to 5.216, and LogitN (i.e., logit-normal time sampling [20])
brings it to 4.450. We use the optimal LogitN parameters in Tab. i} see Tab. [9]for the full sweep.

Classifier-Free Guidance. Table [5| evaluates the CFG build-up, including training dropout and
inference guidance. Condition dropout, acting as data augmentation, already reduces FGD from 4.450
to 3.937, and condition guidance further improves it to 3.883. However, history dropout without
guidance slightly degrades FGD, emphasizing that it offers no inherent quality gain alone. Further
adding history guidance without the second-order joint term also remains worse than condition CFG.
Only the full Hybrid CFG substantially reduces FGD to 3.532, validating the explicit interaction
between condition and history guidance. The activation interval is fixed to ¢ € [0.1, 0.6]. Detailed
CFG scale, composition, and activation-interval ablations are in Tabs. [ITa [T1Db] [I3] andlgl An
end-to-end comparison with and without CFG under the main-experiment setting is in Tab.

Long-Rollout Analysis. We quantify long-rollout quality preservation in Tab. [6] (implementation in
Sec.[E-2). We construct controlled baselines: Short Seed uses the last 8 frames, while Token Attention
attends to all past tokens. They represent finite-window and full-history conditioning, respectively,
with other settings matched to PASPA. We use these controlled variants rather than complete methods
to isolate history propagation from method-specific differences (e.g., architecture, losses). Although
all methods start with reasonable FGD, Short Seed degrades most severely, Token Attention degrades
less by retaining explicit history, and PASPA shows the weakest degradation, proving persistent states
better preserve long-range tendencies. PASPA also achieves the highest diversity (Div) throughout



Table 5: CFG ablation. Cond (Hist): condition (history) —*— PASPA ~o= Short Seed
dropout and guidance. (Weond, Whis) simplified to (we, wy). PASPAwlo PD Token Attention
(a) Latency per inference (s)

Dropout  Guidance (we, wn) FGD]| BCT Divi MSE] ']

- - (-, =) 4450 0.739 1236 5.763 100,
Cond - (1.0, 3937 0741 1346 5814
Cond Cond (1.5, 3.883 0.740 1339 5.823 %01
Cond+Hist Cond (1.5,1.0) 3.989 0.743 13.17 5.782

Cond+Hist Hybrid" (1.5,1.5) 3.967 0.742 13.76 5.800
Cond+Hist Hybrid (1.5,1.5) 3.532 0.745 13.30 5.779

T We remove the second-order joint term in line 7 of AlgorithmH

-)
-)

04

(b) Peak GPU memory (GB)

1.0+

0.8
Table 6: Long-horizon generation. FGD and Div evaluated on

the terminal 10's window across 7" € {10, 30,60} s rollouts. 2]

[0, 10]s [20, 30]s [50, 60]s 041
Method AP i i
FGD| Divt FGD| Divf FGD| Div?t 080 oloutlongth (&) 600
Short Seed 4.731 6.581 5.886 6.033 6.721 6.081 Figure 7: Efﬁciency ana]ysis' Lines:
Token Attention 4.448 6.289 5388 6.510 5.771 6.427 median latency and peak GPU mem-
PASPA 4.448 7217 5119 7.133 5.745 7.138 ory. Shaded bands: min-max latency.
Table 7: Inference overhead of Hybrid CFG under the final PASPA configuration.
Guidance 120s (3,600 frames) 300s (9,000 frames) 600 s (18,000 frames)
Lat. (ms) Mem. (GB) Lat. (ms) Mem. (GB) Lat. (ms) Mem. (GB)
No CFG 11,411 0.36 28,562 0.40 55,978 0.47
Hybrid CFG 12,439 0.37 29,966 0.41 61,093 0.48

rollout. Figure[I|shows consistent qualitative trends, supporting PASPA’s long-rollout advantage. See
Fig. [0 for complementary long-rollout trends, additional metrics, and uncertainty estimates.

We further test efficiency without CFG on synthetic ultra-long rollouts in Fig.[7] where PASPA w/o
PD denotes PASPA without prefill-decode separation. PASPA matches Short Seed’s peak memory
and stays far below Token Attention’s, as history is accumulated into a fixed-size state instead of
growing explicit tokens. While latency increases with length for all methods, prefill-decode separation
is decisive: it accelerates PASPA from the slowest to the fastest. See Sec. for details.

Hybrid CFG Inference Overhead. Since Fig.[7benchmarks all methods without CFG, we measure
the additional cost of enabling Hybrid CFG in Tab. [/} Enabling Hybrid CFG increases latency (Lat.)
by only 4.9-9.1% and peak memory (Mem.) by 0.01 GB across the evaluated lengths. We attribute
this modest latency increase to batched guidance exploiting spare GPU capacity, as the small motion-
generation workload does not saturate the GPU. Together with Tab.|15] these results show that Hybrid
CFG improves quality with modest latency overhead and nearly unchanged memory scaling.

5 Conclusion

We present PASPA for long-horizon co-speech motion generation based on the observation that past
history and the current segment demand different treatments. PASPA realizes this via a hybrid design,
summarizing past history into a persistent state while modeling the current segment with bidirectional
attention. Built on blockwise flow matching, PASPA incorporates multi-block supervision for effective
training and a prefill-decode protocol with hybrid classifier-free guidance for stable, expressive
inference. Extensive public-benchmark evaluations show that PASPA achieves state-of-the-art FGD
performance, preserving style and preventing temporal drift during extended motion generation.
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A Empirical Motivation for the Asymmetry Between Past and Present

Diagnostic Setup. As illustrated in Fig. [3] we employ autocorrelation analysis to investigate
whether stylistic features and frame-level local dynamics exhibit distinct temporal persistence in
co-speech motion generation. The analysis is conducted on the training subset of BEAT?2 [45]].

For each sequence, we convert SMPL-X rotations [5257] to 3D joint positions by forward kinematics.
To factor out orientation and scale variations, we respectively remove pelvic global yaw and normalize
seven root-relative upper-body joints (neck, shoulders, elbows, wrists) by shoulder width. We use

neck left-shoulder . right-shoulder _ left-elbow _ right-elbow _ left-wrist _ right-wrist 7x3
P,=|p )y Dy » Dy » Dy » Dy » Pt » Pt eR

to denote the normalized upper-body pose at frame ¢, where each p,(f') € R3 is a root-local 3D joint
position. Both the style and local feature families are computed over the same trailing window
Wy ={t—W+1,...,t} with W = 30 frames (i.e., 1 s).

The style feature s; € R consists of five sub-features, defined as follows:

o ext _span hclght lat _occ
St*[St »St 5S¢ St 55t | (10)

whose five components are computed as follows:

 Extension measures the average distance from the elbows and wrists to the neck:

ext - Z Z Hpr pneckH27 (11)

TGWr a€ Joxt
with Joxt = {left-elbow, right-elbow, left-wrist, right-wrist }.
* Span measures the average distance between the two wrists:

span _ left-wrist r1ght»wrist
7 2 I - (12)
rEWt
» Height measures the average wrist height relative to the neck along the vertical axis:
. 1 .
S?elght _ ST Z [(pbeft—wrlst p?eck) + (pi‘lght -wrist p:}eck)y:| ) (13)
rewW,

* Laterality measures the left-right asymmetry of hand extension:
Iat - Z || rlght -wrist pgcck|’2 ||plcit -wrist __ ;}cckHQ) ) (14)
TEWt

* Occupancy measures the spatial extent explored by the wrists within the window:
59°° = log (tr [COV ({Pi«eft-wrm,P;ight_wriSt}Tewt)] + e) . (15)
These components provide an interpretable diagnostic of stylistic speaker characteristics, whose
temporal persistence can be compared with local motion dynamics.

The local motion feature I; € R?! is defined as a window-level high-pass pose residual:

1
I, = vec <Pt ~ > PT> € R?. (16)

reW;

Here, vec(+) flattens the 7 x 3 joint-position matrix into a 21D vector. This residual removes the
local window mean and emphasizes fast-changing pose variations around the recent motion tendency.
By construction, I; and s; forms complementary frequency components over the same window W;,
attributing any difference to the data rather than the operator.

For the alternative features shown in the inset of Fig. |3 with the local feature unchanged, we replace
the hand-designed style feature s; with the windowed raw pose mean:

1
st = vec (W > PT> e R*, (17)

reWs
which is used to examine robustness against the choice of our hand-crafted style descriptors.
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Feature Preprocessing. Before computing autocorrelation, we apply two preprocessing steps.

First, to prevent speech energy from inflating the autocorrelation of features, we partial out its linear
contribution from each feature dimension. Let y, € R denote any of s;, I;, or s, and let p;
denote the frame-aligned log-RMS speech energy (i.e., the natural logarithm of the per-frame root

mean square of the waveform). For each frame ¢, we build a lagged audio-energy vector:

Ugms = [pt—L7"'7pta"'apt+L]Ta L= 15, (13)

which covers a temporal range of +0.5 seconds at 30 FPS. For each feature dimension d, we fit a
ridge regressor [28] from the lagged audio energy to the feature value:

Ba=nargmind_ (yr.q— (wf™)78)" + B, (19)

tel

where 7 denotes the valid frame indices with complete audio lags and we use A = 1. We replace
each feature dimension with its residual to obtain features without linear speech-energy contribution:

Yrg =Yg — (W™)7 B, (20)

Second, each feature dimension is standardized to zero mean and unit variance using per-speaker
statistics, so that no single dimension dominates the autocorrelation. For notational simplicity, we
use y, to denote the preprocessed feature sequence in the following.

Trace Autocorrelation. Given a preprocessed multivariate feature sequence y, € R, where y,
can be either the style feature s; or the local feature l;, we measure its temporal persistence using
trace autocorrelation (ACF). Let y denote the temporal mean. For a temporal lag 7, the trace ACF is:

ry(7) = o (Ti-r i_;— (Y — ?) (yt—i-r_ Q)T) ) 1)
tr (% Soie1 (W — ) (y; — y)T>

This yields a variance-weighted ACF over feature dimensions, without selecting a coordinate.

After computing sequence-level ACFs, we aggregate these ACFs 7, (7) in two stages:

o Within each speaker, we average the per-sequence ACFs weighted by max(T; — 7, 0), where
T; is the length of sequence i, so that short sequences contribute less at large lags.

* Across speakers, we aggregate via the Fisher-z transform [21]]:

S
Ty (7) = tanh (; Z arctanh (ré(ﬂ)) , T>0, (22)

s=1

where r;(r) is the within-speaker ACF of speaker s, and S is the number of speakers.
Specifically, we set 7y (0) = 1 by definition.

Finally, we estimate 95% confidence intervals by bootstrap resampling [19] over speakers (2000
resamples), which corresponds to the shaded regions shown in Fig.[3| The same procedure is applied
to both main and alternative features.

Observations and Implications. Figure[3|reveals a clear temporal-persistence asymmetry between
the two feature types. The style ACF 75(7) remains substantially positive beyond 100 frames.
Conversely, the local ACF 7;(7) decays to near zero within a few tens of frames, indicating that
frame-level pose dynamics are inherently short-term. The pattern persists when replacing hand-crafted
style descriptors with the windowed raw pose mean (inset), confirming the asymmetry is data-intrinsic
rather than descriptor-induced. This asymmetry motivates PASPA’s core design: past history mainly
carries slowly varying stylistic tendencies that should be summarized into a persistent state, whereas
the current block contains fast-changing local dynamics that benefit from dense intra-block attention.
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B Background: Chunkwise Parallel Form of Gated DeltaNet

We denote the query, key, and value matrices as Q, K € RT*% and V' € RT*%  where T is the
sequence length and dj, d,, denote the per-head query/key and value dimensions, respectively.

The chunkwise parallel form partitions Q, K,V into N = T'/K non-overlapping chunks of size
K (assuming T is divisible by K). The n-th chunk (n € {1,2,..., N}) of Q is written as Q) =
4(n—1)K+1:nk+1 and analogously for Ki,;, V'(,,;. We further denote the r-th token within chunk
n as q{n] = Qn-1)K+r € R%* , with k[rn], vfn] defined analogously. The scalar gating o/["n] and
write-strength BE"”] follow the same within-chunk indexing. Finally, we define the cumulative gating

product fy[rn} = H;Zl a{n] for the first r tokens of chunk n, with ’yf)n] := 1 by convention.

The chunkwise parallel form computes the state update and output read for an entire chunk via:

— ~ V T—
S[n+1] = S[n] + (U[n] - WS{"]) K[n]a (23)
<_; ~
Op = QuSp, +(QuK}, ©M) (U[n] - W [n}S[TnOv 24)
————
inter-chunk term intra-chunk term

where M € RE*X s the intra-chunk causal mask with M i = 1if ¢ > j and 0 otherwise. The

output Oy, € RE*dv decomposes into two terms: an inter-chunk term that reads from the block-start
state S|, carrying information from previous chunks, and an intra-chunk term capturing token-level
interactions within the current chunk. We detailed the core notations of Eqs. (23)) and (24) below.

Arrow Notation. The left and right arrows denote cumulative gating coefficients within a chunk:

r

e AL
Ain) = VM9 Win) = Y Winl» ) =

r o K

with the first three equations extending to stacked matrix forms Q["] Wi, K € RE>dk whose r-

th rows are q[Tn] , wf’n] k), respectively. Intuitively, left arrows rescale each token by the cumulative
gating from the start, while right arrows apply the remaining gating toward final position K.

WY coefficients and the UT transform. The matrices ﬁ[n] € RExd and W) € RE*d
are the WY representation [7] coefficients for the cumulative generalized Householder product

[T - B[in] fn]kﬂ]) that arises when unrolling Eq. (2) across a chunk. The matrices U,,; and W,
admit closed-form expressions via the UT transform [30], as follows:

-1
Ty = |1 + stictLower(diag(8) (T © K K[,))|  diag(p), (26)

Wi =Ty Ky, Uy =TV 27

Here I'|,) € REXK 5 the decay-aware mask with (Trn))ij = Z[]"] for ¢ > j and 0 otherwise, and
[n]

strictLower(-) extracts the strictly lower-triangular part of a matrix, zeroing out other parts.

Remarks. Equations (23) and (24)) consist of dense matrix multiplications and element-wise
operations, making the chunkwise form well-suited for tensor-core acceleration. Flash Linear
Attention (FLA) [80] further provides Triton-accelerated implementations of such chunkwise kernels.

C Detailed Formulations of Loss Functions

In this section, we provide the exact mathematical definitions of the individual loss terms.
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C.1 Details of Sequence-Level Losses

The rotation loss L], ; is the per-frame Mean Squared Error (MSE) between predicted and ground-truth

(]
motion representations within block n:

1 K
‘C?ot = ? Z
=1

where éa” and a:g’i denote the predicted and ground-truth 6D motion representations with the global
translation at the ¢-th frame of block n, respectively.

2
; (28)

Y (N A N
) Lo )

Following GlobalDiff [92], we apply forward kinematics (FK) to map the rotations [97]] into 3D joint
positions in the global space. We denote the predicted and ground truth FK joint positions at the i-th

frame of block n as J g’l and J g”’, respectively, and define two FK-based losses on top of them.

directly supervises absolute joint positions:

1 K
‘Cjnoint = E Z
i=1

The joint loss L]

joint

AN, 2

Ty —T0 , (29)

The structural loss L., instead supervises bone-level relations, enforcing consistency of pairwise
bone-angle similarities to discourage unnatural bone stretching. Let £ denote the set of bones in

the kinematic tree, where each bone e = (p(j), j) connects a child joint j to its parent p(j). The

. . . . i n,l . . 3
normalized predicted bone direction d,  and ground truth bone direction d.”* are

A N,i AN, n,i n,t
A:’i _ . ;71] t:zp(J) , d?,i _ ‘7] o JP(J) . (30)
T; =T, te "Jj'_inj)gJ“e
The predicted and ground truth pairwise bone-angle similarity matrix A" and A™" are
AT AT, T AN, ; T .
A= (@) A = ()T 31
The structural loss is then defined as:
RS 55> (A Azt (32)
struct — K|5|2 P e,e’ e.e’ |

i=1e,e’€E

where we use p(A) = |A| (the original GlobalDiff paper uses the squared form p(A) = A2).

C.2 Details of Boundary Losses

Boundary Windows. The transition window b,, at the boundary of the n-th predicted block &(
concatenates the last W predicted frames of block n with the first W predicted frames of block n + 1:

, 1 ew) A<j>:{5cg*K—W+j =1, W, .

n

bn:: i) 7-"7b ? h b T - j
(n N ) where w0+1,JW j=W+1,...,2W.

and K is the block size. The ground truth window b,, is constructed analogously from the clean n-th
block x{. In all of our experiments, we set W = 4.

Boundary Loss Formulations. Since adjacent blocks are denoised without temporal overlap during
the training process, kinematic discontinuities may appear at the transition points. To address this, we

impose the boundary loss on the concatenated 2WW -frame boundary window (IA)m b,) in Eq. .

Specifically, the boundary rotation loss Erot(l;n, b,.) applies the MSE in Eq. to the 2W frames
of the transition window. To explicitly guarantee temporal smoothness, we compute the first-order
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(velocity) and second-order (acceleration) finite differences on the FK-derived joint positions of the
boundary window. The velocity matching loss L) and acceleration matching loss £, are:

. 1 Wi ) ,
Evel(bna bn) = E H (an - jbn> - ( ;7—:1 - ‘7;%)
i=1

2
; (34)
2

2W -1

2W—2
- 1 A it2 Al A it itl i 2
Lucelbubr) = 575 2 (7 20+ 7)) - (T2 =205 + 7)), 69
where J in and J én represents the FK joint position at the :-th frame within the boundary slice b,
and b,,, respectively. These kinematic terms collectively ensure that the generated motion remains
physically plausible and temporally continuous across block transitions.

D Dataset Information

BEAT2. BEAT2, proposed by EMAGE [43]], is a public mesh-level, motion-captured holistic
co-speech motion benchmark derived from the earlier BEAT dataset [44]], providing synchronized
3D body and facial motion paired with speech audio. It contains about 60 hours of 3D motion data
paired with speech from 25 speakers (12 female, 13 male), comprising 1,762 dialogue sequences that
each last around 65 seconds on average. Data representation includes SMPL-X [57] body parameters
(55 axis-angle joints, 3D translation, 4D foot-contact) and FLAME [40]] facial expressions (100D
coefficients). Motion and speech are released at 30 FPS and 16 kHz respectively. Following prior
work [45]154}189,192]], we adopt the same data partition and report results under two protocols: (1) The
1 Speaker protocol trains and evaluates on the “Scott” subset, isolating style modeling within a single
individual and enabling direct comparison with prior works that report single-speaker performance;
(2) The All Speakers protocol uses the full speaker set jointly, probing cross-identity generalization.

SHOW. SHOW [85] is used as an additional benchmark to complement our primary evaluation on
BEAT?2. It contains about 26.9 hours of in-the-wild talking videos from four speakers with diverse
speaking styles. Unlike the motion-captured annotations in BEAT2, SHOW provides pseudo-ground-
truth motion reconstructed from monocular videos, represented as SMPL-X parameters covering body
poses, hand gestures, and facial expressions. Motion is provided at 30 FPS with synchronized speech
audio. We follow the gesture-evaluation protocol of DiffSHEG [11]] for the SHOW experiments.

E Implementation Details

E.1 Implementation Details of Main Results

Table 8| summarizes training and inference configurations on BEAT?2, our primary benchmark. We
apply these settings to SHOW for supplementary evaluation of PASPA’s effectiveness beyond BEAT?2.

Dataset and Motion Representation. We train and evaluate on BEAT2 [45]], comprising 25
speakers with synchronized speech, body motion, and expressions. Each motion frame consists of
55 skeleton joints (25 torso, 30 hands), a global root translation, and a 100-dimensional FLAME
expression vector [40]. Following common practice, native axis-angle rotations are converted to
rot6d [97]]. The rot6d rotations [97]] and global root translation form a 333-dimensional motion vector.
For SHOW [185]], we expand the hand PCA coefficients into axis-angle rotations and align the poses
with BEAT?2’s 55-joint ordering, followed by conversion to global rot6d. Translation channels are set
to zero, while the 100-dimensional expression coefficients are retained. For both datasets, speech is
processed at 16 kHz, yielding 1024-dim WavLM features [12].

Architecture and Hardware. We adopt a 6-layer backbone shown in Fig. 4 with hidden dimension
384 and 8 attention heads. It primarily consists of a PASPA module (Sec.[3.2), with BGDN for history
propagation and BMHSA for current-block modeling. We use RMSNorm [88]] for normalization and
RoPE [68] for positional encoding within BMHSA (see Sec.[3.2.2). The block size is set to K = 64
by default, the empirically optimal value in Tab. Speaker IDs are one-hot encoded and mapped
to separate learned embeddings in the expression predictor and motion backbone. In the latter, the
speaker and timestep embeddings are concatenated into a 768-dimensional conditioning vector.
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Table 8: Implementation details of our best training and inference configurations on BEAT?2.

Category Hyperparameter Setting / Value
Skeleton 55 joints (30 hands, 25 torso)
Translation 3D global root translation
Expression 100-dim FLAME blendshapes
Dataset & Setup Rotation Representation axis-angle (raw) — rot6d [97]]
Motion Dimension 55 X 6+ 3 =333
Audio Features WavLM [12], 16 kHz, 1024-dim, pre-extracted
# Speakers 25 identities
Hardware Devices & Precision 4x NVIDIA A800 (40 GB) GPUs, Float32
Parallelism Data parallel (DDP)
Parameters / MACs 65.158 M, 16.633 G
Hidden Dim / Depth / Heads 384/6/8
Time (and ID) Embedding 768 Channels
Architecture History Module Blockwise Gated DeltaNet
Self-Attention Module Blockwise Multi-Head Self-Attention
Norm / Positional Encoding RMSNorm [88]] / RoPE [68]]
Block Size (K) 64 frames
Training Length 1,000 epochs (316,000 steps)
Training Time ~30 hours on 4 GPUs (~120 GPU-hours)
Checkpoint Selection Every 10 epochs; best-FGD checkpoint reported
Batch Size 72 per GPU (global: 288)
Training Training Sequence 256 frames (i.e., 4 contiguous blocks)
CFG Dropout cond 0.1; hist: keep 0.7 /null 0.1 / interp. 0.2
Gradient Clipping max-norm = 1.0
Adaptive Loss Weighting v/ (Enabled)
Time Sampling Weakly Monotonic Logit-normal [20]
Logit-Normal mean p = —1.0,std 0 = 1.0
Optimizer / EMA Muon [31,/46] + AdamW [35] / X (Disabled)
Learning Rate 1073 - 107 * at step 5,000
Optimization Muon Settings momentum = 0.95, RMS-adjusted LR
AdamW Settings £1=0.9, B2 = 0.999
Weight Decay 0.01
Sampling Steps / Seed Length 10/8
Inference CFG Mode / CFG Scales Hybrid (Interaction) / weona = 1.5, whist = 1.5

Activation Interval

t€[0.1,0.6]

For both datasets, a speaker-conditioned network predicts 100-dimensional expression coefficients
from WavLM features. On BEAT2, we reuse GlobalDiff’s pretrained audio-to-expression net-
work [92]. On SHOW, we train a TalkSHOW-based face predictor [85] using WavLM features to
predict the expression. WavLM and expression predictors remain frozen during PASPA training.

The BEAT?2 configuration has 65.158 M parameters and 16.633 G multiply-accumulate operations
(MAC:s) per forward pass. The MACs are measured via ptflops at batch size 1 and sequence length
256, with all Triton kernels replaced by their PyTorch fallbacks. Training is distributed via data
parallelism on 4 NVIDIA A800 GPUs using Float32 precision.

Training. We train for 1,000 epochs on both datasets (316,000 steps on BEAT?2 and 82,000 on
SHOW). On BEAT?2, main experiments and 500-epoch ablations and analyses take approximately
30 and 15 hours, respectively, on 4 GPUs. Following the standard reporting protocol used by prior
work [89,192]], we save checkpoints every 10 epochs and report results from the checkpoint which
achieves the best FGD on each dataset. Each GPU processes 72 sequences of 256 frames (i.e., 4
blocks), yielding a global batch size of 288. As detailed in Sec. [3.3] we sample timesteps from a
logit-normal distribution [20]] (x = —1.0, 0 = 1.0) and enforce a weakly monotonic order across
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blocks, with both designs empirically validated in Tabs. 4 and[0] The training loss uses adaptive loss
weighting (see Eq. (8)) to balance contributions across timesteps and blocks, which is proven crucial
in Tab.[d] The condition (cond) is dropped with 0.1 probability, while the history state (hist) is
assigned three modes: kept (keep, 0.7), nulled (null, 0.1), or linearly interpolated to null (interp,
0.2). To avoid extreme gradient updates, we rescale gradients to unit L2 norm.

Optimization. We optimize PASPA via a mixed Muon-AdamW optimizer [31} 35| 46] for fast
convergence, omitting weight EMA (exponential moving average). Following standard practice,
Muon [31146] optimizes the hidden matrix-shaped weights, while AdamW [35]] handles the remaining
parameters, including the input embeddings, the final output projection, and the 1D gains and biases.
We further place BGDN under AdamW, as we find Muon ineffective on it. Muon uses momentum
0.95 with RMS-matched learning-rate adjustment to keep the Muon update scale comparable to
AdamW. AdamW uses 51 = 0.9 and 8 = 0.999. Both optimizers apply weight decay 0.01. The
shared learning rate is 10~3, dropping to 10~* after 5,000 steps to accelerate early training.

Inference. We use 10 denoising steps. Following common practice [45] 89} 92], we prefill an
8-frame seed motion (see line 1 of Algorithm[T)) into the state to initialize the rollout. We adopt Hybrid
CFG under the Interaction mode (i.e., keeping second-order joint term in line 7 of Algorithm I}
concrete form in Tab. @ We use guidance scales weong = 1.5 and wyigy = 1.5 for the condition
and the history, validated in Tab. Guidance is restricted to ¢ € [0.1, 0.6], tuned via Tab.

E.2 Implementation Details of Other Experiments

Long-rollout endpoint analysis. We conduct the long-rollout style preservation analysis in Tab. [6]
This analysis requires sequences up to 60 s, and restricting the evaluation to a single speaker leaves
too few such clips for stable statistics. We therefore evaluate on a subset of the full test set comprising
all sequences exceeding 60 s. For each rollout horizon T' € {10, 30,60} s, metrics are computed on
the terminal 10 s window, corresponding to [0, 10]s, [20, 30] s, and [50, 60] s respectively. We use
two baselines: Short Seed (corresponding to Short-Seed Truncation in Fig. [T} which keeps only the
last 8 frames as history) and Token Attention (corresponding to Long-Context Token Attention in
Fig.[I] which retains all past frames as tokens for attention). Figure [0 further reports rollout trends
with additional metrics, using 95% confidence intervals from 1,000 clip-level bootstrap resamples.

Inference Efficiency Benchmark. We evaluate scalability on a single NVIDIA 4090 GPU under
Float32 precision in Fig.[7] using the same configuration in Tab.[8] with CFG disabled for all methods.
PASPA refers to our default setting (using prefill-decode rollout and state caching), while PASPA
w/o PD disables prefill-decode separation and re-prefills the full history at every denoising step. We
also include two baselines from Fig. [T} Token Attention and Short Seed. We sweep rollout length
over {10, 30,60, 120, 300,600} s (300 to 18,000 frames at 30 fps). For each configuration, after
10 warm-ups, we record 50 timed runs, measuring per-call latency via time.perf_counter (with
torch.cuda.synchronize) and peak memory via torch.cuda.max_memory_allocated. For
the CFG-overhead analysis in Tab. |7} we benchmark PASPA with and without Hybrid CFG on one
NVIDIA H100 using an input batch size of 1, following the same timing and memory protocol.

E.3 Implementation Details of the User Study

We conduct a blind ranking study through a custom web interface (see Fig. [§) to assess perceptual
quality. A total of 18 participants take part in the study, yielding 167 valid ranking groups after
filtering incomplete annotations. For each clip, participants are shown the ground-truth motion
together with four anonymized generated motions produced by SemTalk [89], GestureLSM [48]],
EMAGE [45]], and our PASPA, with method order randomized per clip. Participants rank all four
methods from best (1) to worst (4) along four criteria: (1) realism, (2) semantic consistency with
speech, (3) motion-speech synchronization, and (4) motion diversity, with unique ranks enforced per
criterion. We report the mean rank in Sec. (lower is better), where PASPA achieves the best rank
across all four criteria.
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GT is the reference (real motion) — not ranked. Rank columns A /B / C / D from 1 (best) to 4 (worst) for each of the four dimensions below. All ranks must be unique within a row.

Dimen: A B 4 D

Realism — how natural the motion looks - -V v —v
Semantic Consistency — gesture matches speech meaning -~ v — v v
Motion-Speech Sync — rhythm/timing alignment -~ v — v v

Diversity — richness/variety of gestures -~ v - v v

Figure 8: User study interface. Participants rank four anonymized methods (A/B/C/D, randomized per
clip) produced by SemTalk, GestureLSM, EMAGE and PASPA, against a non-rankable ground-truth
reference (GT), along four criteria: realism, semantic consistency, motion-speech sync, and diversity.

Table 9: Ablation on training time distribution, in- Table 10: Ablation on block size (/') and train-
cluding uniform and logit-normal sampling. ing window length (7") of our blockwise FM.

Time Sampling FGD| BC?1 Divt MSE] Variant FGD| BC?tT Divt MSE|

Uniform 5216 0.734 1426 5.761 Block size sweep with fixed T' = 256

77777777777777777777777777 K =16 5.030 0.744 13.58 9.158
K =32 5188 0.730 13.89 13.941
K =64 4450 0.739 1236 5.763

Logit-Normal sweep on mean p with std 0 = 1.0
w= 0.0 4952 0.736 12.56 50913
w=—0.2 5.552 0.742 13.00 5.881
uw=-04 5.320 0.738 13.74 5.843 Training window sweep with fixed K = 64
©w=-0.6 4908 0.734 13.28 5.773 T =128 4955 0.732 14.70 5.660
uw=-038 4.548 0.730 12.24 5.795 T =256 4.450 0.739 1236 5.763
w=—1.0 4450 0.739 1236 5.763 T =512 5811 0.731 1442 5.807
w=—-12 5.128 0.738 1435 5.660 T =768 4706 0.735 1420 5.768

F Additional Experimental Results

F.1 Additional Ablation Studies
F.1.1 Time Distribution

Table 0] provides the parameter study supporting our LogitN choice (i.e., logit-normal time sam-
pling [20]) in the main ablation (see Tab.[d). All rows share the same training recipe (i.e., Mono
+ AdaW + SG in Tab. ) and differ only in the time sampling distribution mentioned in Sec. [3.3]
The Uniform row corresponds to the +SG variant in Tab. @] while the LogitN rows fix the standard
deviation o = 1.0 and vary the mean p. Choosing a moderately negative LogitN mean improves FGD
over uniform sampling, with ;x = —1.0 achieving the best FGD. However, an overly negative mean
(e.g., p = —1.2) worsens FGD, suggesting that time sampling should not be biased too aggressively.
Although other u values are favored by individual secondary metrics (e.g., BC, Div and MSE), we
use FGD as the primary selection criterion and therefore adopt 1 = —1.0.
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Table 11: CFG scale ablations for Condition CFG and Hybrid CFG. Cond CFG denotes condition
CFG. Both panels use the same activation interval ¢ € [0.1, 0.6].

(a) Condition CFG (b) Hybrid CFG ablation
a) Condition

(weond, whist) FGD] BCT Divt MSE |
w FGD| BC Divt MSE
cond ‘ ! L : (1.5,-) 3.883 0740 13.39 5.823

- 4.450 0.739 12.36 5.763 Hist scale sweep (Weona = 1.5)

Condition CFG guidance (1.5,0.5) 4163 0741 13.17 5.788
0.5 4151 0739 1328 5811 (15 1) 3989 0743 13.17 5.782
1.0 3937 0741 1346 5814 (15 1.5) 3.532 0745 1330 5.779
1.5 3.883 0740 1339 5823 (15 20) 4156 0744 1377 5797
2.0 4.060 0741 13.19 5803 (15 25) 5603 0.751 13.76 5.779
2.5 4235 0742 1304 5825 Condscale sweep (wnm = 1.5)
3.0 4080 0748 1327 5811 (g5 1.5) 3.884 0739 1328 5.803
3.5 4208 0746 1350 5.827 (10 1.5) 3611 0740 1320 5.781
4.5 4640 0753 13.66 5810 (5 1 5) 3.657 0745 13.57 5.784

(2.5,1.5) 3769 0748 1374 5.790

F.1.2 Block Size and Training Sequence Length

Table (10 studies the sensitivity to the block size K and the training window length 7". For the
block-size sweep, we fix T' = 256 and vary K, while for the window-length sweep, we fix K = 64
and vary 7'. In the block-size sweep, K = 64 achieves the best FGD, whereas smaller blocks degrade
FGD and substantially increase MSE. This suggests that overly short blocks fragment the local motion
segment and limit the dense bidirectional interactions needed for modeling fast-changing intra-block
dynamics. In the window-length sweep, T' = 256 gives the best FGD. A shorter window (7" = 128)
remains competitive on some secondary metrics, but its worse FGD indicates that limited histories
hurt the primary motion quality. Conversely, increasing the window length (e.g., " = 512) does not
further improve FGD, which we attribute to the larger number of blocks in each training window,
introducing more inter-block dependencies and making multi-block denoising harder to learn. We
therefore use K = 64 and 7' = 256 as the default setting.

F.1.3 Classifier-Free Guidance

Conditional Classifier-Free Guidance. Table[TTalablates Condition CFG. The first row is trained
without CFG-aware dropout and evaluated without inference-time guidance, while w¢ong = 1.0 is
trained with CFG-aware dropout but evaluated without inference-time guidance. This comparison
shows that condition dropout alone substantially improves FGD from 4.450 to 3.937. We attribute
this gain to condition dropout acting as a training-time data augmentation, which improves robustness
to imperfect or weakened conditioning. Increasing the scale to wcong = 1.5 further improves FGD to
3.883, showing that moderate inference-time guidance provides an additional gain. However, larger
scales degrade FGD (motion quality), despite improving BC and Div, suggesting over-guidance.

Hybrid Classifier-Free Guidance. Table[I1b|ablates Hybrid CFG with the two CFG scales weond
and wpist. The first row (1.5,-) is the Condition CFG optimum from Tab. which uses the
checkpoint trained with condition (i.e., speech and expression) dropout only and serves as the
baseline. All subsequent rows use the checkpoint trained with both condition and history dropout
mentioned in Sec.[3.4 We first sweep the history scale with weong = 1.5 fixed. Adding history
dropout in training alone, without history guidance (i.e., (1.5, 1.0)), slightly degrades FGD from
3.883 to 3.989, indicating that the history dropout does not directly improve quality. However,
applying history guidance unlocks a substantial improvement, with (1.5,1.5) achieving the best
FGD (i.e., 3.532). Over-guidance is more severe along the history axis than in Condition CFG:
whist = 2.5 substantially degrades FGD to 5.603. We then sweep Weond With wyisy = 1.5 fixed:
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Table 12: Formulations of Hybrid CFG decomposition modes. &, &g, @3 ,and @g’h denote predicted
clean motions under neither condition nor history, condition only, history only, and both condition
and history, respectively.

Mode Guided prediction

State First xo + whist(ﬁrg —&o) + wcond(ﬁzg"h - ﬁcg)

Cond First &0 + Weond (TG — £0) + Whist (ﬁ:g’h — I

Independent &g + Weond (TG — Zo) + Whist (ﬁ:g )

Interaction &0 + Weond (X5 — Zo) + Whist (:i:g — &0) + WeondWhist (X" — Ty — ig + @)

Table 13: Ablation on Hybrid CFG decom- Table 14: Ablation on the CFG activation inter-
position. All variants use Hybrid CFG with val. All variants use Hybrid CFG with Inferaction
(Weonds Whist) = (1.5, 1.5) and the activation in- composition, setting (Weond, Whist) = (1.5, 1.5)
terval ¢ € [0.1,0.6]. inside the interval and (1, 1) outside.

Mode FGD| BCt Divi MSE| Interval FGD| BCt Divi MSE]

Independent 3967 0.742 13.76 5.800 [0.0,0.6] 4515 0.751 1359 5782
Cond First 3704 0.743 1335 5793 [0.1,0.6] 3.532 0.745 1330 5.779
State First 3.724 0.747 1330 5788 [0.1,0.7] 3.706 0.746  13.60  5.786
Interaction  3.532 0.745 1330 5.779 [0.1,1.0) 4.089 0.743 13.75 5.773

(1.5, 1.5) remains the FGD optimum, while other values of wconq yield slightly higher FGD but can
improve secondary metrics (e.g., Div). We adopt (Weond, Whist) = (1.5, 1.5) as the default.

Table |12 summarizes four ways to compose the condition- and history-guidance directions in Hybrid
CFG, and Tab. |13|reports their performance. Table|12|adopts a simplified notation: &, :Tcg, 588 , and

cicg’h denote the unconditional, condition-only, history-only, and full predictions, respectively. State
First and Cond First apply the two guidance directions sequentially in opposite orders: State First

first moves from &, to :i:g and then toward fcgh while Cond First reverses the order. Independent
treats both guidance directions as parallel marginal contributions relative to &, while Interaction
additionally adds a second-order term capturing their joint effect. As shown in Tab.[I3] Interaction
achieves the best FGD, supporting our choice in Algorithm [I| We attribute this to the explicit
modeling of the joint effect between condition and history beyond their marginal contributions.

Classifier-Free Guidance Activation Interval. Following the observation that classifier-free
guidance is mainly beneficial in a mid-noise interval [37]], we restrict CFG to this range. Concretely,
this is implemented by setting the timestep-dependent scales (e.g., Wcond (t)) to non-trivial values only
within the chosen interval, and to 1 otherwise (i.e., no guidance). Table[T4] validates this design by
varying the activation interval. Among the tested cases, [0.1, 0.6] achieves the best FGD. Extending
the interval toward either the high-noise side (e.g., [0.1, 0.7]) or the low-noise side (e.g., [0.0,0.6])
degrades FGD. We therefore use [0.1, 0.6] as the default activation interval.

Effect of CFG on Main Results. Table[T5]compares PASPA with and without CFG under the 1,000-
epoch main-experiment configuration, complementing the 500-epoch ablation in Tab. [5] Compared
with Hybrid CFG, PASPA without CFG yields worse FGD scores: 3.76 vs. 3.71 in the 1 Speaker
setting and 2.59 vs. 2.33 in the All Speakers setting. Hybrid CFG improves FGD, BC, and MSE in
both settings, with slightly lower Div. Since FGD is our primary quality metric, we use Hybrid CFG.

F.2 Additional Analysis of Our Method
Additional Long-Rollout Curves. Figure [9] extends the long-rollout results in Tab. [6] It plots

endpoint FGD/Div across rollout horizons and additionally reports BC and MSE. Consistent with
Tab. [6] PASPA shows the weakest FGD degradation and maintains the highest Div throughout the
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Table 15: Effect of inference-time CFG on the main BEAT?2 results.

Guidance 1 Speaker All Speakers
FGD| BC?T Divt MSE| FGD| BC{ Divlt MSE]
w/o CFG 376 0.744 13.80 5.788 259 0.639 948 3.802

Hybrid CFG 3.71 0.746 1338 5.768 233 0.645 942 3.793

—e— Short Seed —— Token Attn —=— PASPA

(a) FGD@T (b) BC@T (c) Div@T (d) MSE@T
7.5 4.501
74 | i
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Figure 9: Long-rollout endpoint metrics across 7' € {10, 30,60} s, evaluated on the terminal 10s.
Shaded regions denote 95% Wald confidence intervals estimated from clip-level bootstrap resampling.

rollout, supporting its advantage in long-horizon generation. PASPA also achieves competitive BC
and slightly lower MSE at later horizons, further supporting its advantage in long-horizon generation.

Generation-Seed Robustness. Table|16|summarizes the 50-seed All Speakers evaluation under
the final configuration. Notably, the main-table result in Tab. [I|comes from the original evaluation,
whereas the seed sweep re-evaluates the same checkpoint with freshly initialized generation seeds.
PASPA achieves a mean FGD of 2.237 with a standard deviation of 0.074, indicating limited
sensitivity to generation randomness under this fixed-checkpoint setting. This consistency supports
the reliability of the main FGD result beyond a single favorable sampling run.

F.3 User Study

We conduct a blind ranking study to assess perceptual quality beyond automatic metrics (setup details
in Sec. [E.3). Table[I7]reports the mean rank, where PASPA achieves the best on all four criteria,
with an overall rank of 2.14 clearly ahead of the second-best EMAGE (2.51). These results are
consistent with the top-1 win rates reported in the main paper (see Fig.[6). The user study, together
with the metrics in Tab. [T]and qualitative comparisons in Fig.[5] as well as the video demos in the
supplementary material, jointly supports PASPA’s advantage over current SOTA methods.

G Limitations, Future Work, Failure Cases and Broader Impacts

G.1 Limitations and Future Work

While our method shows promising results in co-speech motion generation, it still has limitations.

Generalization to Other Motion Domains. The proposed past-as-state, present-as-attention
principle is derived from observations on co-speech motion generation, and we have not verified
whether the same asymmetry holds in other long-horizon motion domains such as music-to-dance [39]
or text-to-motion [71]]. Even if this asymmetry generalizes, the specific PASPA instantiation may
require adaptation, and its effectiveness in these broader settings remains to be validated. We leave
the empirical verification of PASPA on other motion generation domains to future work.
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Table 16: Generation-seed variability in the All Speakers setting. Only the generation seed varies
across 50 runs; Cls are 95% Student-¢ intervals for the mean.

50 generation seeds

Metric  Main result
Mean  Samplestd. 95% CI of mean

FGD | 233 2237 0.074 [2.216, 2.258]
BC* 0.645 0.6407 0.0015 [0.6402, 0.6411]
Div 1 9.42 9.273 0.079 9.251, 9.296]
MSE | 3.793 3.761 0.003 [3.760, 3.762]

Table 17: User study results. Each cell reports the mean rank + standard deviation across all
participants and clips (lower is better; 1 = best, 4 = worst).

Method Realism Semantic Sync Diversity Overall

EMAGE 2.63+1.09 241+1.13 2.49+1.08 2.50+1.09 251+1.10
GestureLSM  2.60+£1.15 2.80+1.12 2.82+1.09 2.83+1.12 276 +£1.12
SemTalk 2.63£1.04 2.59£1.01 2.58+1.08 2.57+0.99 2.59+1.03
PASPA 2.14+1.12 220+£1.12 211+1.11 210+1.14 2.14+1.12

Bounded State Capacity. PASPA propagates past history through a persistent state of fixed
dimensionality § € R% *? regardless of how much history precedes the current block. This
bounded memory imposes an intrinsic compression limit: for extremely long sequences, older context
may be gradually overwritten by new updates. The state is designed to retain slowly varying style
statistics (e.g., gesture amplitude and spatial preference), but may lose details of distant gestures or
long-range correspondences needed to reproduce earlier motions. This trade-off is fundamental to
the broader family of linear recurrent models [16, [22| |82} [84]. A promising direction is the recently
proposed log-linear attention [23]], which replaces the fixed-size state with a logarithmically growing
set of states and directly applies to Gated DeltaNet. We leave this for future work.

Train-Inference Gap. Like most autoregressive generation methods, PASPA is trained with teacher
forcing method (each block is generated conditioned on ground-truth history) [55}164], while inference
must rely on the previously generated blocks, leading to exposure bias. This bias may lead to error
accumulation in long rollouts, potentially manifesting as gesture repetition, posture collapse, identity
drift, or global-translation artifacts. We do not explore recent techniques that explicitly bridge this
gap, such as Self Forcing [29], which performs autoregressive rollout during training to align the
training and inference distributions. Integrating such strategies is a natural direction for future work.

Evaluation Limitations. Our quantitative evaluation uses automatic metrics, yet no universally
accepted metric fully captures long-term stylistic consistency and perceptual quality. We therefore
complement these metrics with a user study to assess PASPA’s effectiveness. Developing new style
or perceptual metrics is beyond our scope and is left for future work. Moreover, the generalizability
of these findings should be further validated across broader real-world deployment scenarios.

G.2 Failure Cases

Figure [I0] shows a representative failure mode of our method. In the ground truth, the speaker
performs a large in-place circling motion, leading to strong and highly non-linear changes in global
translation. Although PASPA generates plausible local gestures, it fails to recover this circling
trajectory and produces motion that remains mostly around a fixed spatial region. We attribute
this limitation to the current motion generation pipeline [92], where global translation is learned
together with joint rotations (i.e., rot6d [97]]) in the same motion stream. These two components have
different geometric structures: translation lies in the Euclidean space R3, whereas the 6D rotation
representation (i.e., rotod [97]) parameterizes rotations through constrained orthonormal frames on
the Stiefel manifold, corresponding to the structure of SO(3). Learning them jointly, especially within

28



M 44 & @ \\Dﬂ T N N I
@ /| .5 o g\ \ | (™ \ I 1 !
LT \ vy R e W
§/ \‘;\/( \“F\\ \‘\\ \\ ¥§JJ ‘ \ S’ § N ‘;/{, )\//
¥ ¥ 7 14 7 ¥ ¥ o4 7 14 ¥
o B MV VMY B AL B o B & B
T A T | W Ny
L It D) S G § )| S G A L L I\

Figure 10: Failure case on sequence 16_jorge_1_3_3. Time progresses from left to right. (a)
Ground-truth. (b) Our generated sequence.

the torso branch, may underemphasize the distinct dynamics of large-amplitude global translation.
Following GlobalDiff’s co-speech motion generation architecture [92], we keep it for consistency,
but more accurate modeling of global translation remains an important direction for future work.

G.3 Broader Impacts

Positive Impacts. PASPA aims to improve long-horizon co-speech motion generation, which
can benefit digital humans [99]], virtual assistants [87]], animated characters [24]], education, and
entertainment by enabling more coherent and expressive nonverbal behavior. By reducing the manual
effort required for full-body animation, it may also lower the production cost of educational content,
virtual avatars, and interactive media.

Negative Impacts. Like other generative models for human motion and appearance [45, 71} 85],
PASPA could be misused to create misleading speech-driven avatars, contributing to impersonation,
disinformation, or non-consensual digital likenesses. Improved long-horizon coherence and style
preservation may make synthetic embodied behavior harder to distinguish from real recordings.
Although our method generates motion rather than audio or appearance, this risk remains relevant
when motion is combined with separately synthesized voice, face, or identity generation systems.

Mitigation. Our experiments are conducted in a research setting using public co-speech motion
datasets adopted in prior work [45]], and our contribution focuses on improving motion generation
within this established benchmark setting, rather than identity recognition, surveillance, or high-stakes
decision making. We do not collect new identifiable personal data or deploy the model in user-facing
applications. When releasing code or checkpoints, we will use research-oriented license terms and
encourage users to avoid deceptive, non-consensual, or identity-misrepresenting applications.

H Licenses of Used Assets

Datasets. We summarize the datasets used in this work and their licenses below.

* BEAT?2 [45]: This dataset is released under the Apache 2.0 license.

* SHOW [85]: Provided under the project’s Data & Software Copyright License for non-
commercial scientific research purposes.

Code and Models. We build upon the following public codebases and pretrained models.

* SANA [78]]: Released under the Apache 2.0 license. We adopt its codebase as the backbone
for building our flow-matching framework.

* GlobalDiff [92]: Released under the Apache 2.0 license. We use its pretrained audio-to-
expression weights for BEAT?2, as well as parts of its data loading pipeline, global-rotation
forward-kinematics logic, loss functions, and network architecture.

¢ Flash Linear Attention (FLA) [80]: Released under the MIT license. We adopt its Triton-
based Gated DeltaNet (GDN) [84]] kernel and PyTorch-based GDN layer implementation,
and extend the Triton kernel to support our block-causal variant.

29



* Self-Forcing [29]: Released under the Apache 2.0 license. We adapt its autoregressive-
diffusion inference pipeline to our setting.

¢ SMPL-X [57]: Released under the SMPL-X non-commercial scientific research license. We
use the SMPL-X body model and its Blender add-on for constructing SMPL-X-compatible
digital human representations.

* Emage Evaltools [45]: Released under the Apache 2.0 license. We use it for computing
evaluation metrics.

» TalkSHOW [85]: We adapt its face-prediction implementation to WavLM features and train
the predictor on SHOW. No repository-level license file is provided; the project website lists
non-commercial research terms.

* DIffSHEG [11]: Its code is released under the BSD 3-Clause license. We use its public
evaluation components and pretrained feature extractors for SHOW evaluation.

* WavLM [12]: Its official implementation is released under the MIT license. We use a frozen
WavLM-Large encoder to extract speech features for BEAT2 and SHOW.

All assets are properly cited in the main text and used in compliance with their respective licenses for
academic research.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction in Sec.[I|clearly state our scope and contributions
for long-horizon co-speech motion generation: (1) identifying the past-present asymmetry
and formulating the past-as-state, present-as-attention principle; (2) proposing the PASPA
module with inter-block state modeling and intra-block attention; (3) developing a blockwise
flow matching framework with tailored training and inference. These claims are developed
in Sec.[3] supported by main results in Sec.[d.1] and validated by ablations in Sec. 4.2}

Guidelines:

e The answer [N/A ] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We discuss limitations in Sec. |G} including the unverified generalization of the
past-as-state, present-as-attention principle to other motion domains, the bounded capacity
of the fixed-size state, and the teacher-forcing train-inference gap that may cause exposure
bias in long rollouts. We also provide future works and failure case analysis in Secs.|G.1
and [G.2] respectively.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

» The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

 The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best

31



judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A]

Justification: The paper does not present formal theoretical results such as theorems or
lemmas requiring proof. The mathematical expressions are used to define the method and
analysis, including the FM path in Eq. (I), the BGDN update/read rules in Eqs. (2) and (3),
the BMHSA block mask in Eq. (5), the blockwise FM formulation in Egs. (6) and (7), the
training objectives in Eqgs. (§) and (9).

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We describe the core method in sufficient detail for reproduction: the ar-
chitecture is specified in Fig. @ and Sec.[3.2.3} the blockwise FM formulation is given in
Sec.[3.3} the loss objectives are defined in Eqgs. (8) and (9) with full details in Sec.[C} and the
long-horizon sampling procedure is specified by Algorithm[I|and Sec. [3.4] We also report
the experimental setup, including metrics, in Sec. ] the datasets in Sec.[D] and the full
training/inference configuration in Sec. [E] Table [§|summarizes the BEAT2 configurations,
with SHOW-specific adaptations described in Sec. [E.T]

Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

* While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

32



(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We will release the code with instructions for environment setup, data prepara-
tion, training, inference, and evaluation upon publication. The experiments use BEAT2 and
SHOW, obtained through their respective official releases and access procedures. Dataset
descriptions and representation conversions are provided in Secs.[D]and

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: The core paper specifies the main experimental setting in Sec. 4} including
the train/test splits, evaluation subsets, optimizers and evaluation metrics. Implementation
details for both datasets, including shared settings and dataset-specific adaptations, are
provided in Sec. [E] Table[§| summarizes the BEAT2 configurations. Upon code release, we
will provide the configuration files and scripts used for the reported experiments, including
YAML and shell-script based training and evaluation settings.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
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* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes].

Justification: We report uncertainty or variability for key analyses. Figure [3 uses 95%
bootstrap confidence intervals for autocorrelation estimates, Fig. [0l uses 95% confidence
intervals from clip-level bootstrap resampling for long-rollout metrics, and Fig. [7] reports
median values with min-max latency bands over repeated runs. For the user study, Tab.
reports mean rank with standard deviation across valid ranking groups. Table[16]reports
means, standard deviations, and 95% Student-¢ confidence intervals across 50 generation
seeds. Details are provided in the corresponding captions and Secs.[E.2]and [E.3]

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes].

Justification: We report the compute resources in Tab. [§|and Sec. [E] The BEAT2 model is
trained on 4 NVIDIA A800 GPUs (40GB) using Float32 precision for 1000 epochs, taking
approximately 30 hours (i.e., 120 GPU-hours). The SHOW motion model is trained for
1000 epochs (82,000 steps), using the same batch-size and precision settings. We also report
the model size, MACs, batch size, and other optimization settings in Sec. E} Models for the
controlled ablations are trained for 500 epochs using the same hardware and configuration.
The generation-seed evaluation in Tab. [I6]reuses the final model without additional training.
For the inference-efficiency benchmark, we specify the single-GPU setup and experimental

protocol in Sec.
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.
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9.

10.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: We have reviewed the NeurIPS Code of Ethics and believe that the research
conforms to it. Our experiments use public co-speech motion benchmarks under their
intended research setting, and the work focuses on motion generation methodology rather
than identity recognition, surveillance, or high-stakes decision making.

Guidelines:

e The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

o If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We discuss broader impacts in Sec. [G.3] including positive applications in
domains such as digital humans, virtual assistants, and animated characters, as well as
reduced animation production cost. We also discuss potential negative impacts such as
misleading speech-driven avatars, impersonation, disinformation, and non-consensual digital
likenesses, and clarify that our experiments are conducted in a research setting using public
datasets without collecting new identifiable personal data or deploying user-facing systems.

Guidelines:

e The answer [N/A] means that there is no societal impact of the work performed.

* If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

 The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).
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Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: The paper does not release a new scraped dataset or a high-risk generative
model such as a language, image, voice, or identity generator. Our method focuses on
motion generation for research purposes, and does not generate language, image, video,
audio, photorealistic appearance, or identity information. Broader misuse considerations are
discussed in Sec.

Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We use publicly available datasets and codebases, and properly cite their
original papers in the main text. The complete list of used assets, including their sources and
licenses (e.g., Apache 2.0, MIT, BSD 3-Clause, and the SMPL-X non-commercial research
license), is summarized in Sec.|H| and all assets are used in compliance with their respective
licenses for academic research.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
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15.

Justification: We release the PASPA code, trained model checkpoints, and generated motion
results, with accompanying documentation covering environment setup, data preparation,
training, inference, and evaluation, as well as licensing information and limitations.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

 The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justification: The paper includes a user study for perceptual evaluation in Sec. We
provide full participant instructions in Sec.[F.3]and a screenshot of the evaluation interface
in Fig. 8| Participants were volunteers recruited within our institution, without monetary
compensation. The user study follows the NeurIPS Code of Ethics.

Guidelines:

* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [Yes]

Justification: The user study involves only voluntary ranking of short generated motion clips,
with no personal data collected and no risk to participants beyond ordinary computer use.
Participants were volunteers who were informed of the study purpose and voluntary nature
of participation. Under our institution’s review process, this type of low-risk perceptual
study with informed consent does not require formal IRB approval. The study follows the
NeurIPS Code of Ethics.

Guidelines:
* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

37



* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]

Justification: The core method development and experiments in this paper do not use LLMs
as important, original, or non-standard components. Any use of LLMs, if any, was limited
to writing, editing, or formatting assistance and did not affect the methodology, experiments,
scientific claims, or originality of the work.

Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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