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Abstract

Language-based human motion understanding focuses on
describing human motions using natural language descrip-
tions. Conversely, human motion generation aims to gen-
erate human motions from textual inputs. Despite signifi-
cant progress in both fields, further advancements are hin-
dered by two primary challenges: i) Both tasks rely heavily
on vast amounts of paired motion-language data for model
training. However, human labeling is costly, making it in-
creasingly unsustainable as model scales increase. ii) Ex-
isting models often learn the two tasks in parallel. The
strong reciprocity between them has not been fully explored.
In response, this work proposes Dual Reciprocal Learn-
ing (DRL) for language-based human motion understand-
ing and generation. DRL establishes a symmetric learn-
ing framework where both tasks collaboratively evolve in
a closed-loop, bootstrapping manner, effectively leveraging
the reciprocity between them. In DRL, the tasks serve as
evaluators for each other, enabling the generation of infor-
mative feedback signals even with easily acquired unpaired,
unidirectional motion or language data. Furthermore, to
mitigate dataset-specific bias in existing evaluations, we
propose a generalized protocol that extends evaluation to
a general-domain cross-modal feature space. Experimen-
tal results on standard benchmarks demonstrate that DRL
achieves remarkable performance boosts over representa-
tive baselines in both tasks across evaluation protocols.

1. Introduction

Recent years have witnessed a surge of interest in the con-
vergence of human motion and language modeling, driven
by the diverse demands of fields such as robotics [1], game
development [2], virtual reality [3, 4], film production [5].
Within this domain, language-based human motion under-
standing [, 6-9] and generation [8—16] stand out as pivotal
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problems with a long-standing research history in litera-
ture. Language-based human motion understanding aims to
translate 3D human motions into natural language descrip-
tions or instructions, notably employed for guiding robots
or virtual game avatars [1-3]. Conversely, language-based
human motion generation focuses on synthesizing desired
human motions given the textual guidance. Recent research
endeavors have delved deeply into these tasks, centering
on sophisticated model architectures [1, 6, 10—14, 16] and
training strategies [7, 15]. More recently, a new trend has
emerged in scaling up model sizes and capabilities [8, 9],
echoing the breakthroughs seen in large foundation mod-
els [17-19] to drive further progress in this domain.

While significant advancements have been made in both
tasks, two major barriers hinder further progress in the field:
@ Despite technological strides, both tasks heavily depend
on vast amounts of paired motion-language data for model
training. Recent progress indicates a growing trend of uti-
lizing more data to train larger models with increased pa-
rameters. However, collection of such data is prohibitively
expensive and labor-intensive, potentially limiting related
research and applications. Besides, @ existing studies com-
monly treat the two tasks as separate problems (Fig. 1 (a)),
disregarding the significant interdependence between them.
While some initial efforts have aimed to connect the tasks
using methods such as one-way alignment [20] (Fig. 1 (b))
or in a unified model design [8, 9] (Fig. | (c)), these ap-
proaches still tackle the two tasks in parallel, with the mo-
tion understanding often being viewed as merely a supple-
mentary component to enhance the learning of motion gen-
eration. The strong reciprocity between these two tasks re-
mains largely underexplored in current literature.

To respond, in this work, we propose Dual Reciprocal
Learning (DRL) for language-based human motion under-
standing and generation, denoted as T2M (Text-to-Motion)
and M2T (Motion-to-Text). DRL establishes a symmetric
learning framework where both tasks collaboratively evolve
in a closed-loop, bootstrapping manner, effectively capital-
izing on their reciprocal relationship, cf., Fig. 1 (d). Specif-
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Figure 1. Previous studies commonly treat language-based human motion understanding (M2T, Motion-to-Text) and generation (T2M,
Text-to-Motion) as separate problems, i.e., (a). Even though some initial efforts try to connect the two tasks, i.e., (b) and (c), the strong
reciprocity between these two tasks remains largely underexplored. In this work, we propose dual reciprocal learning, wherein the two
tasks collaboratively evolve in a closed-loop, bootstrapping manner, i.e., (d). Additional details are provided in §1.

ically, we maintain two separate model instances for T2M
and M2T. Beginning with either modality (text for T2M or
motion for M2T), input data « is first fed into primal model
f to derive an intermediary output f(x) in the dual modal-
ity, which is then converted back to the primal modality us-
ing the dual model g, i.e., & = g o f(x). In DRL, the dual
model g serves as an evaluator to measure the quality of
generated results, and the discrepancy between x and Z is
used as feedback signal for model learning. As seen, the
training data is not limited to a specific modality or neces-
sarily to be paired inputs, allowing us to effectively learning
with both unpaired text and motion data. DRL cycle can be
repeated for an arbitrary number of rounds, facilitating con-
tinuous enhancement for both model instances. To define
discrepancy measurement, DRL involves evaluating seman-
tic similarity in the embedding space for motion modality
and assessing the discrete tokenized space for text modality
using non-differentiable metrics, e.g., CIDEr [21].

DRL framework has three distinctive features. First, our
proposed DRL allows unimodal unpaired data to play a sim-
ilar role to the aligned text-motion pairs, that reduces the de-
pendency on labeled pairwise data during training process,
thereby alleviating the issue one. Second, distinguished
from existing efforts (i.e., Fig. 1 (b) and (c)), where M2T
model is either fixed or separately trained, thereby only
partially and implicitly exploring reciprocal relationship,
DRL enhances both models collectively and collaboratively
through mutual feedback. Each task serves as the evaluator
for the other, whereby the growth in the model’s capabili-
ties corresponds to a proportional increase in the evaluation
strengths of both tasks, thereby enforcing further model ad-
vancements. Consequently, this iterative process progres-
sively and densely strengthens the reciprocity between the
two tasks, mitigating the issue two. Third, DRL is a princi-
pled framework that seamlessly integrates with mainstream
T2M and M2T models, which allows DRL to adapt contin-
uously alongside advancements in architecture.
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For thorough evaluation, we first review conventional
evaluation protocol (Ori.) [20], which employs dataset-
specific text and motion encoders contrastively trained on
each evaluation dataset to measure the feature-space align-
ment between generated text-motion pairs. While effec-
tive within constrained domains, these two specialized en-
coders introduce inherent evaluation bias: their text-motion
alignment favors generations conforming to encoder train-
ing set’s kinematic distribution and lexical patterns, thus
hindering evaluation on semantic richness and kinematic di-
versity of novel motions. In response, we propose a gener-
alized evaluation protocol (Upd.) that first expands the en-
coder training corpus to include general-domain data (Hu-
manML3D [20] + Motion-X [22]), and then anchors text-
motion alignment to a fixed DistilBERT text encoder [23] to
preserve semantic generality while learning motion repre-
sentations through contrastive objectives analogous to Ori..

We evaluate DRL under both protocols by applying DRL
over two representative language-based motion understand-
ing and generation baseline models and test it on the gold-
standard benchmark, i.e., HumanML3D [20]. Under Ori.
evaluation, DRL achieves consistent improvements of -
0.012 FID and +7.43 CIDEr, confirming its efficacy. While
Upd. protocol reveals amplified benefits of -0.024 FID and
+0.011 RP Top-1, demonstrating its superior generalization
beyond dataset-specific artifacts. Extensive experiments
show that even in the absence of paired labels, DRL con-
sistently enhances model performance across various archi-
tectures for both tasks simultaneously. This not only reaf-
firms the utility and versatility of DRL but also highlights
its potential in real-world applications where unpaired data
sources are more readily accessible.

2. Related Work

Human Motion Generation is generally categorized into
unconstrained [24-26] and conditional motion synthesis,



and recent studies mainly focus on the latter. Conditional
motion synthesis varies by stimulus type, including coarse
action label [27-34], acoustic [35-48] and movement tra-
jectory [49]. In recent years, text-to-motion has been a key
focus of research in this field. Recent advances in text-
to-motion can be categorized into three mainstreams: (i)
VAE-based methods [10, 11] are mainly based on distribu-
tion alignment between language and motion latent spaces
by applying Kullback-Leibler divergences and contrastive
loss, using a decoder to generate motions. (if) Diffusion-
based methods [12—14] leverage denoising diffusion mod-
els to synthesize human motion distributions from Gaussian
noise guided by text conditions. (iii) Autoregressive meth-
ods [15,16,50,51], e.g., T2M-GPT [15], predict motion se-
quences similarly to language models, conditioning on text
inputs and previous motion tokens. The latest works, e.g.,
MotionGPT [8] and AvatarGPT [9], exploit large language
models to predict motion token sequences.

Despite promising results, existing approaches primar-

ily focus on designing sophisticated model architectures for
SOTA performance on generation quality and text-motion
alignment. For instance, MoMask [50] adopts a hierarchi-
cal quantization scheme with two well-designed transform-
ers, while BAMM [51] uses a masked transformer with hy-
brid attention masking to predict randomly masked tokens.
However, existing methods still rely on text-motion pairs
and are potentially constrained by the limited availability
of paired text-motion data. Meanwhile, abundant unpaired
motion data remains largely underexplored.
Human Motion Understanding. Compared to motion
generation, studies on human motion understanding remain
comparatively scarce. InfoGCN [52] and MotionBERT [53]
identify the pre-defined action category from motion in-
puts. Other approaches leverage natural language, with
early works [1, 6] using RNN-based models to generate
coarse textual descriptions. Later in TM2T [7], transformer
is explored operating on discretized motion tokens.

Recent works [8, 9] have introduced unified frameworks
for text-to-motion and motion-to-text using pretrained large
language models. Among them, AvatarGPT [9] leverages
large-scale LLM model with additional video-text data and
achieves SOTA performance on semantic richness and ex-
pression coherence. However, these unified methods fo-
cus more on text-to-motion, only viewing the motion-to-
text model as a by-product during training process. In con-
trast, DRL treats motion-to-text and text-to-motion equally
to leverage their intrinsic connections and form a closed
loop for end-to-end joint training to bootstrap each other.
Dual Learning [54] originates from neural machine trans-
lation (NMT). The core idea involves establishing a two-
agent communication game. Each agent, assigned an indi-
vidual task, is required to map an x from the primal domain
to its dual domain y and then recover the original = through
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the reverse mapping in dual task, thus producing a feed-
back signal without parallel data [55, 56]. Dual learning
has moderately addressed the dependence of deep learning
methods on data annotation and has been successfully ap-
plied to a variety of cross-modality generation tasks, such as
visual question answering [57, 58], visual acoustic match-
ing [59], and vision language navigation [60]. Noticing
that motion generation and understanding have a recipro-
cal relationship, which is analogous to that of bidirectional
language translation, we propose a dual-task bootstraping
framework in which we could emphasize and explore the
structural symmetry of two correlated tasks and capitalize
on one-sided data samples for yielding informative feed-
back signals to boost each other.

3. Methodology

We propose a dual learning framework, namely DRL, to
leverage feedback signals from symmetrical tasks to pro-
mote model learning and better exploit unpaired data. We
first give a brief preliminary on T2M and M2T tasks (§3.1),
then illustrate the general formulation of DRL (§3.2). DRL
is a principled framework that is not tied to specific model
design. In §3.3, we present one instantiation of DRL, adopt-
ing representative architectures drawn from mainstream
T2M and M2T models. Finally, in §3.4, we provide the
implementation details of the proposed pipeline.

3.1. Preliminary: T2M and M2T Tasks

DRL involves two tasks: the primal task motion genera-
tion [10] that employs the T2M model fy to convert textual
inputs into the desired motion sequences. In the dual task,
motion understanding [1], M2T model g4 translates motion
sequences back to corresponding textual descriptions.
T2M. Considering paired text-motion data distribution, de-
noted as DL = {(t,,,v,)}_,, the goal of T2M is to con-
vert the textual description ¢, to corresponding motion
sequence vy, i.e., to estimate the conditional distribution
fo(vnltn). The network paramters 6 are optimized with
0* = argmaxy >, ,\ep logP(v[t,0) = argming Lrom (¢).
M2T. Contrarily, M2T model g4 translates motion sequen-
ces into text descriptions gy (¢, |vy,), that seeks optimal pa-
rameters ¢* with ¢* = argmax,, Z(t,v)ED logP(t|v, @) =
argmin¢£M2T(v). As seen, conventionally, both tasks are in-
dependently trained on paired text-motion inputs, ignoring
the reciprocity between the two tasks while not being able
to utilize the unpaired, one-way data.

3.2. Dual Reciprocal Learning Framework

Distinct from conventional T2M/M2T models, DRL learns
T2M and M2T tasks jointly. The goal is to simultaneously
achieve and progressively enhance both motion understand-
ing and motion generation by utilizing paired and unidirec-
tional non-paired data. To achieve such goal, we exploit the
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Figure 2. Framework overview of DRL. Starting from either task, data samples are first forwarded to another domain, then reversed back
to the original. Within this iterative process, two models act as mutual evaluators, providing feedback signals that facilitate collaborative
learning even with unpaired data from single modality. d(-, -) is the distance measurement. For a comprehensive elaboration, refer to §3.2.

reciprocity between these two tasks, where the input-output
spaces of T2M and M2T demonstrate a strong correlation
and can alternatively serve as the evaluator for each other.

Starting from either task, we initially transform a unidi-
rectional data sample forward to another domain, then re-
verse the transfer to original domain. Dual model is uti-
lized to assess the quality of intermediate outputs produced
by primal model and transmits an error signal back to the
primal, and vice versa. By evaluating results of this two-
step transfer, we can assess the quality of both models and
refine them correspondingly. This iterative process can be
repeated multiple times until both models converge.

More formally, for the primal process starting from text
modality, we first sample random text example ¢ and v
fo(t) is the mid-transition output. Then, dual model g4
translates 9 to ¢ by mapping g,(9). The f is expected to
be consistent with ¢ in semantic meaning, i.e., achieving a
small cycle-consistency error A; = d (£, t ), where d(-, -)
is the distance measurement. Conversely, starting from the
dual task, we have o = fp o g4(v) and ¥ should be akin to
v in motion fidelity. Likewise, A, can be employed to eval-
uate the discrepancies between v and v. Finally, the errors
Ay and A, can be specified as two reconstruction losses,
which are minimized for model training.

As discussed, ¢ and v are not necessarily aligned. This
allows exploration of unimodal unpaired data, addresses the
over-reliance on labeled data pairs during the training pro-
cess. More importantly, DRL is general in its formulation.
Instantiations of fy, g4, and A, /; are not restricted to spe-
cific model or loss design. In the next section, we demon-
strate specific application of DRL on existing models.

3.3. Framework Instantiation

Given the labeled collection DL = {(tZ vL)}N_ |, unpaired
unimodal text data Uz = {(t%,)}}/_, and unimodal motion
data Uy = {(v{)}_,, consisting of N aligned text-motion
pairs, M and K unimodal data samples, respectively. T2M
model fp, M2T model g4, discrepancy measurement A, Jv

N
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and framework optimization are instantiated as follows.
T2M Model. Latest methods often follow a quantization-
prediction pipeline: Motions are first quantized into dis-
crete motion embeddings using a discrete VAE (e.g., VQ-
VAE [61]). Then, a sequence-to-sequence network (e.g., au-
toregressive or diffusion-based) predicts the quantized mo-
tion, conditioned on text feature extracted by large-scale
pretrained text encoder (e.g., CLIP [62]). This work adopts
a representative architecture as follows.

Define a motion tokenizer composed of an encoder Fgy,
a decoder Fgen, and a learned discrete codebook Z. For a
motion sample v, drawn from both labeled and unlabeled
motion sets (i.e., v € {vL}N_ U{ol }E ), it is fed into
Fene, Which outputs a latent feature sequence. Each element
in this sequence is quantized by finding its nearest neighbor
vector in Z, yielding a corresponding sequence of indices
s = Index(Z, Fgnc(v)). The indices s represent the discrete
motion codes. The original motion can be approximately
reconstructed as v’ & Fgen(Z[s]), where Z[s] maps each
index in s back to its corresponding codebook vector.

Next, autoregressive next-index prediction network JFy
is defined for T2M generation. Given the previous ¢ —1 in-
dices s<; and text condition ¢= Fcrp(t) encoded from text
description t, Fy predicts the distribution of possible next
index s;: Fo(s;|c, s<i). The text ¢t is the corresponding de-
scription for v, which comes either from the ground-truth
label tZ paired with vX, or is a intermediate output gener-
ated for unlabeled motion v,g by the dual M2T model g,
ie,t € {th}h_, U{gs(vY)} . During T2M training,
only parameters of autoregressive network Fy are trained.
M2T Model. Similarly, M2T model F4 follows an autore-
gressive next-token prediction paradigm, conditioned on the
encoded discrete motion token sequence s: Fy(t;|s, t<;).
Discrepancy Measurement A, /. A/, measures discrep-
ancies between the estimated results and ground-truths. De-
pending on their formulation, they can be either differen-
tiable or not. For A,, we compute the cross-entropy be-
tween generated motion tokens S and original s: A, =



Lcg(s, §). Since § is generated by the differentiable predic-
tion network Fy (and the motion tokenizer Fguc, FGen, Z 18
fixed), A, is differentiable, enabling end-to-end training via
backpropagation. For A;, we define it as sum of normalized
CIDEr [21] and BertScore [63] between the generated text t
and the reference. Due to its reliance on non-differentiable
semantic evaluation metrics, A; is non-differentiable. In
this case, we use reinforcement learning, i.e., policy gradi-
ent optimization, where A, serves as the reward signal.

Two-stage Optimization. To bootstrap DRL, at stage one,
the framework is optimized using labeled text-motion pairs

(t,v") € DL and unlabeled motions vY € Uy :
Lsi = Liabeted + Av Ly . (L

Here, Liapelea supervises paired data:

1
Lisbeled = N Z(tL’vL) 6D(£T2M(tL)+»CM2T('UL))7

Is*|
LTZM = — Zi:O log fe(sf‘CL, Sgi), (2)
_ [tE] Ly L ,L
Lyvor = — Zi:() log Fy (ti'[s7, t<4)-
Ly leverages unlabeled motions:
_ 1 _ 1 U U
Ly = KZUUQMVAUU = sz%uvzcﬁ(s 590

Liaveled and Ly, are balanced by weighting parameter Ay .

At stage two, DRL utilizes only unlabeled texts tU e Up
to generate feedback and learns via RL. We define a reward
measuring text semantic similarity:

R(iY) = CIDEr(¢Y, i¥) + Bert-S(tV, 1Y), )
which is maximized via policy gradient:
Lor=Lr==Ew. (5,4, [RE)] Q)

utilizing SCST [64] with PPO [65]. This two-stage design
enhances training stability and explores text-motion reci-
procity with unpaired data throughout optimization.

3.4. Implementation Details

Network Architecture. We adopt VQ-VAE [61] as discrete
VAE and CLIP [62] for text condition extraction, and em-
ploy the same architecture as [15] for Fgne, Fgen, £ and
Ferwp. T2ZM/M2T autoregressive networks Fo/F are im-
plemented as standard Transformer [66] (See §4.1).
Training. DRL facilitates cyclic propagation of gradients
between T2M and M2T models. While this gradient flow
could, in theory, iterate indefinitely, we truncate the back-
propagation after the first cycle for computational efficiency
and implementation stability. We pretrain the motion VQ-
VAE following the same training process to [15] and keep
it fixed in DRL learning. Ay is set to 1.0.

Reinforcement Learning. RL setups largely follow [67].
We treat T2M-M2T model pair as policy model and add a
KL penalty weighted by 3 to constrain the policy’s output
from deviating too far from that of a frozen pretrained M2T
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model obtained in stage one. We disable dropout during
policy training [67, 68], and use a batch size of 128, learning
rate of 1x 1077, £ =0.02, y=1, and four PPO epochs per
batch. Other hyperparameters are set to common default.
Inference. Following conventions [8, 15], we adopt prob-
abilistic sampling to generate non-deterministic outputs for
both T2M and M2T. Notably, DRL jointly trains T2M and
M2T instances with the same FLOPs as baselines, which
train each single model in parallel. DRL deploys them in-
dependently in inference without adding extra parameters.

4. Experiments

4.1. Experimental Setup

Dataset. We use the gold-standard text-motion dataset, Hu-
manML3D [20]. It provides 14,616 motions and 44,970
texts composed by 5,371 distinct words. Each motion is an-
notated with at least 3 descriptions and is scaled to 20 FPS.
Unimodal Data. We establish unimodal data (U4, for mo-
tion and Uy for text) with Motion-X [22] dataset. Motion-
X comprises 81.1K high-quality, diverse motion clips (in-
cluding locomotion, object interaction, dancing, and mar-
tial arts) paired with 81.1K semi-automatically generated
sequence-level text descriptions, of which 13,581 are re-
fined for fine-grained semantics. We randomly select 12K
motion clips as Uy and the full set of 13,581 refined texts
as Ur to balance performance and training cost. Motion
samples use the SMPL-X format [69], which includes body,
finger, and facial keypoints; to align with HumanML3D’s
representation, we retain only body keypoints.

Baseline Setting. We set representative baselines (Fig. 1):
One-way-align Methods [7, 15] perform T2M or M2T
separately. We adapt TM2T [7], replacing its T2M and
fixed M2T model [70] with same Transformer model
from T2M-GPT [15]. This baseline is denoted as TM2T*.
Unified Methods [8, 9] use a single model for both tasks.
Original MotionGPT [8] handles additional tasks like mo-
tion completion and prediction. We adapt its TS5 [71] ar-
chitecture solely for T2M-M2T, termed MotionGPT*.
Training Details. We adopt the pre-processing, optimizer,
and batch size configurations from [15] and [8] for training
TM2T* and MotionGPT*, respectively. Both baselines are
trained for 800K iterations with official learning rate sched-
ule for each. M2T decoding uses a maximum token length
of 128. All experiments are conducted on four NVIDIA
GeForce RTX 4090 GPUs with PyTorch. More details are
available in our github repository'.

Evaluation Protocol. Standard protocol evaluates T2M/
M2T outputs in a text-motion aligned embedding space for
fidelity, diversity, and cross-modal alignment. Conventional
works (Ori.) [20] train separate text and motion encoders

lhttps ://github.com/leonnnop/DRL



Method Top 1 R Pr;z;séon il Tops FID | MM Dist |  Diversity + MModality 1

Real motions 0.511F-003 (.703%.003 (797002 g92F.000 5 g74F.008 g 503F.065 -
TM2T [7] (Eccva) 0.424F-003 (. 618F-003 (729002 1 501F.0I7 3347F.008 g 175F.083 3 919+.074
MDM [12] iiciro3) 0.320%:005  .498+-004  (611E007 (g 544+.044 5566027 9. 559+-086 9 779E.072
MLD [14] [cvpro2) 0.481%-003 . 673%-003  772+-002 (g 473+.013  3196+-010 g 794+.082 9 4713+.079
T2M-GPT [15] (cveros 0.491%:003  0.680%-003 . 775+002  (116+:004 3118+-011 g 761+-081 1 856+.011
AUT2M [16] nccvas) 0.499E-003  .690+-002 (786002 (,112+.006 3 (38+.007 9 700E-090 9 452%+.051
MoMask [50] (cvero) 0.521%-002  713+.002 g go7+-002  ( 45+.002 9 g5g+.008 - 1.241%+-040
BAMM [51] (rccvas 0.525%:002 9 720%-003 (. 814+-003 (g 55+-002  99g19+.008 g 717089 1 gg7E.051
MotionGPT [8] Newps23) || 0.492F003(0.681F-003  (.778%:002° (.232%F-008 3 096+-008 9 528F-071 5 008+ 084

AvatarGPT [9] (cvero4) 0.510F-005 . 702+:005 (9 796+-003 (168008 - 9.624%F-055 -
TM2T*-T2M 0.463T-004  (.638%-002 (9 742F.005  ( ggoF.002 3291F010 g 453F.034 1 ggo+.048
TM2T*-T2M + DRL 0.468%-003 9 634%-002  ( 735+.004 (g gpt-004 3361+-016 g 398+-042 9 (gg5+-037
MotionGPT* 0.487%-0047g g77E-005 " 776+-004 (9 363%-005" 3 112%-009" "9 430F-045 2280+ 040
MotionGPT* + DRL 0.490F-003  (.679£:004 o 777£.003 (g 397+.003 3 7195+.008 g 396+.037 2 495+.029

Table 1. Quantitative comparison of motion generation (§4.2) on HumanML3D test under Ori. protocol (§4.1). Metrics computed using
encoders from [20], which is biased to specific HumanML3D data distribution. £: 95% confidence interval. Blue: DRL improvements.
(*) denotes our re-trained baselines (§4.1); other results directly borrowed from respective papers.

R Precision 1 . . . .
Method Top 1 Top2 Top3 FID | MM Dist |  Diversity T  MModality 1
Real motions 0.386E-002 (. 568+-003  .687%-002 (9 01E000 3661E010 g .026+-023 -
TM2T*-T2M 0.370E-002  ( 552%-003 9 666E-003  .063F 002 3651E034 8101048  2091F-035
TM2T*-T2M + DRL || 0.380%:003  (.557%:002 (. 643%-004 (. 039+-003  3736+-027 g 156+-033 2 238+-029
MotionGPT* 0.346+-0027 7 521+.0047 9 31+-002 . 231%-002 "3 833%-010 "8 921 +.045 5 436+-034
MotionGPT* + DRL || 0.364%-003  (.552%-004 (. 664£-005 (.190+-002 3701029 g 069+-035  2.610+-035

Table 2. Quantitative comparison of motion generation (§4.2) on HumanML3D test set using Upd. protocol (§4.1). Metrics computed with
re-trained encoders on generalized distributions. Decline in RP-3 and MM Dist may stem from diversified outputs, reducing exact matches.

per benchmark using only its training data, limiting the eval-
uation’s generalizability and binding it to dataset-specific
biases. To address this, we propose Upd. setup that estab-
lishes a unified embedding space:

Specialized Domain (Ori.): Use dataset-specific, sepa-
rately pre-trained encoders per benchmark.

General Domain (Upd.): Create a unified, generalized
embedding space by: (i) Employing a fixed, general-
purpose DistilBERT text encoder [23] instead of spe-
cialized ones; (ii) Expanding the motion encoder train-
ing data to include both HumanML3D and Motion-X,
enabling better alignment between diverse motions and
texts. This explicitly tackles the Ori. setup’s lack of gen-
eralization beyond individual benchmarks.

4.2. Performance on Motion Generation

Metrics. Following conventions [7], we evaluate: (i) Mo-
tion quality via Frechet Inception Distance (FID) [72] be-
tween generated and real motions. (ii) Motion diversity us-
ing Diversity (DIV), i.e., feature-space variance, and Mul-
tiModality (MM), i.e., output variation under identical text
prompts. (iii) Text-motion alignment with motion-retrieval
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precision (R Precision) [7], i.e., Top-k retrieval accuracy,
and Multi-modal Distance (MM Dist). All metrics derive
from text/motion encoders and are protocol-dependent.

Quantitative Results. We summarize motion generation
results in Tables 1-2, highlighting four key observations for
DRL-enhanced models: (i) Though affected by the biased
Ori. protocol, DRL achieves impressive improvements in
FID, confirming enhanced generation fidelity. (ii) Under
Upd. protocol, DRL yields higher R-Precision, reflecting
stronger text-motion alignment. (iif) Under both protocols,
DRL effectively boosts the overall and class-wise diversity.
(iv) A decline in RP Top3 and MM Dist is observed. This
may stem from diversified outputs reducing exact matches.

Qualitative Results. As in Fig. 3 (row 1), TM2T*-T2M +
DRL generates an exact throwing motion whereas TM2T*-
T2M fails, indicating DRL’s role in enhancing semantic per-
ception and motion diversity. In row 2, motion generated by
baseline lacks completeness and precision. It shows simul-
taneous leg movements and misses a back-to-left motion. In
contrast, TM2T*-T2M + DRL produces a fully aligned mo-
tion, demonstrating DRL’s benefit for fine-grained semantic
understanding and motion generation.



TM2T*-T2M

TM2T*-T2M+DRL

’@

&&444ﬁ
A AIALAAA

TM2T*-T2M

TM2T*-T2M+DRL

Soa
; o A person side steps, moving one leg at a time to the right
A person throws something with right hand. and then does the same kind of side step to the left.
Figure 3. Qualitative comparison of TM2T* and TM2T*+DRL on motion generation (§4.2).
Method R Precision 1 MM Dist| BLEU@I1 BLEU@41 Rouget CIDErt BertScore |
Top1l Top2 Top3 &
Real Desc. 0.523 0.725 0.828 2.901 - - - - -

TTM2T [7] (eccvar) 0.516 0.720 0.823 2.935 48.90 7.00 38.10 16.80 32.20
T™MotionGPT [8] neurps2z) || 0.543 - 0.827 2.821 48.20 12.47 37.40 29.20 32.40
f AvatarGPT [9] icvPr24 - - - - 49.28 12.70 40.44 32.65 53.58
TM2T*-M2T 0.288 0.449 0.547 4.790 23.65 4.42 27.94 43.47 18.03
TM2T*-M2T + DRL 0.303 0472 0.569 4.622 28.62 5.80 27.68 50.90 19.88
MotionGPT* 0.504 0.687 0.780 3.065 43.44 6.01 34.38 5.68 23.28
MotionGPT* + DRL 0.511 0.697 0.788 3.059 45.70 7.52 35.93 13.26 26.01

Table 3. Quantitative comparison of motion understanding (§4.3) on HumanML3D test (Ori. protocol, §4.1). ¥: TM2T uses an expanded
VQVAE codebook in size and dimensions; : Models trained with enhanced scale/strategies/data augmentation. Results of state-of-the-art
methods, sourced from [8] and [9] papers, were evaluated using NLG-Eval [73], while we employ NLG-Metricverse [74] following official
implementation of [8]. This evaluation setup discrepancy may lead to inconsistencies when comparing their results with ours.

Method Top F Pr%?;"“ TT0p3 MM Dist |,
Real Desc. 0384 0572 0685  3.591
TM2T*-M2T 0199 0324 0420  5.145
TM2T*-M2T + DRL || 0210 0347 0446  5.076
MotionGPT* 0352770538 066173580
MotionGPT* + DRL || 0.363 0.552 0.667  3.565

Table 4. Quantitative comparison of motion understanding (§4.3)
on HumanML3D test set under Upd. protocol (§4.1).

4.3. Performance on Motion Understanding

Metrics. For motion-to-text evaluation, we assess two as-
pects: (i) Text-motion alignment via R-Precision and Multi-
modal Distance (MM Dist), evaluating M2T at embed-
ding level; (ii) Natural language quality using linguistic
metrics, i.e., BLEU [75], ROUGE [76], CIDEr [21] and
BertScore [63], computed at the text token level with NLG-
Metricverse [74]. Alignment metrics depend on the evalua-
tion protocol, while linguistic metrics are protocol-agnostic.

Quantitative Results. Table 3 and 4 compare motion un-
derstanding performance under different protocols. DRL-
enhanced TM2T*-M2T surpasses its non-DRL version
across four linguistic metrics, most notably in CIDEr (50.90
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vs 43.47), demonstrating significant gains in semantic accu-
racy. Under the Upd. protocol, consistent improvements in
motion-text alignment metrics confirm DRL’s capability to
strengthen cross-modal alignment.

Qualitative Results. Fig. 4 (left) shows TM2T-M2T* +
DRL correctly identifies subtle picking-up gestures with de-
tailed descriptions, while TM2T*-M2T outputs irrelevant
content. On the right, the baseline merely tracks trajectory,
whereas TM2T*-M2T + DRL captures full-body semantics
to correctly recognize dancing with precise and concise de-
scriptions. These contrasts demonstrate DRL’s role in en-
hancing fine-grained motion perception, holistic semantic
understanding, rich and concise semantic expression.

4.4. Diagnostic Experiments

For in-depth analysis, we perform a set of ablative studies
with TM2T*-T2M and TM2T*-M2T under Upd. protocol.
Dual Learning. We first validate the significance of both
unpaired data and reciprocal relations within our DRL
framework. Table 5a (row 1) reports the result of a base-
line model trained solely on paired text-motion data. Next,
we implement our dual-learning bootstrapping process us-
ing only the paired data, i.e., training two models with Ly
and L exclusively on text-motion pairs, without incor-
porating any unpaired data. This yields notable improve-



TM2T*-M2T: A man leans forward with both hands outstretched
in front of him.
T™M2T*-M2T+DRL: A person picks something up with both hands,
then sets it down.

TM2T*-M2T: A person shuffles from side to side while holding their
arms in front of them.

TM2T*-M2T+DRL: A person dances around eratically.

Figure 4. Qualitative comparison of TM2T*-M2T to TM2T*-M2T + DRL on motion understanding (§4.3). Gray indicates irrelevant texts.

(a) Dual Learning (b) Unpaired Data Size
Method Text-to-Motion Motion-to-Text Data Size Text-to-Motion Motion-to-Text
FID |[R TOP1 [MModality 1{[BLEU@4 1|CIDEr Uy FID | [ RTOPI 1 [ MModality 1 || BLEU@4 1 | CIDEr
Baseline (w only D)  |/0.063| 0.370 2.091 4.42 4347 3k 0.056 | 0.367 2.106 4.75 45.02
DRL w/o additional data||0.048| 0.376 2.156 5.11 4728 5k 0.048 | 0371 1.171 532 47.45
DRL w Uy 0.043| 0.377 2.192 545 48.07 9k 0.039 | 0.380 2.238 5.80 50.90
DRL w Uy + Ur 0.039| 0.380 2238 5.80 50.90 12k 0.031 | 0.388 2.265 5.97 52.23

(c) Paired Data Reliance

(d) Training Strategy

Data Ratio Text-to-Motion Motion-to-Text Training Strategy Text-to-Motion Motion-to-Text
FID | [R TOPI 1 [MModality T | BLEU@4 7 [ CIDEr 1 | [Stage One[ Stage Two ||FID |[R TOP1 1[MModality 1|[BLEU@4 1|CIDEr
DF 0.063| 0.370 2.091 4.42 43.47 L+ Ly +Lr 0.134] 0.352 2.677 474 39.52
1/2D% +Ur +Uy || 0.064 | 0.367 1.977 436 38.70 13 v iZr 0060 0371 7107 189 | 4508
1/4D"+Ur+Uy | 0071 0361 1.970 4.30 3016\ pupy |L4+Ly+Lr||0.051] 0377 2.179 522 | 4795
1/8D" +Ur+Uy [ 0105 0349 1.853 4.26 275 || cyry Lr 0039 0380 | 2238 580 | 50.90

Table 5. A series of ablation studies on HumanML3D test set [20]. All the experiments are conducted under Upd. evaluation protocol.

ment (row 2), suggesting that the structural symmetry be-
tween primal and dual tasks alone provides valuable train-
ing signals. Further incorporating unpaired motion data dur-
ing dual learning yields additional gains (row 3). Finally,
leveraging both unpaired text and motion data within DRL
achieves the greatest improvement (row 4), demonstrating
the full efficacy of the DRL framework.

Unpaired Data Size. Then, we investigate the impact of
unpaired motion data volume within DRL. Table 5b demon-
strates that increasing unpaired motion data consistently
boosts performance, evidencing DRL’s scalability. To bal-
ance performance and computational resources, we incor-
porate 9k motion samples in DRL by default.

Paired Data Reliance. Furthermore, we analyze DRL’s re-
liance on paired data. Using a fixed amount of unpaired
data and progressively decreasing amounts of paired data
(Table 5c), we observe that the performance of the DRL-
enhanced TM2T*-T2M model remains comparable to the
baseline model’s even when paired data is reduced to one-
fourth of the original amount. This demonstrates that DRL
reduces the dependency on paired data.

Training Strategy. Finally, we study the influence of dif-
ferent training strategies in Table 5d. L denotes Lipeled-
We investigate four alternatives: (i) Initialize and main-
tain £+ Ly + L7 throughout training; (ii) Stage One: L;

Stage Two: Ly + L (iii) Stage One: £+ Ly ; Stage Two:
L+ Ly + Ly; (iv) The DRL strategy proposed in §3.3. In
practice, we find our proposed strategy leads to more stable
convergence and superior results. We use this by default.

5. Conclusion

In this work, we propose Dual Reciprocal Learning (DRL)
framework for language-based human motion understand-
ing and generation. By fostering the strong reciprocity rela-
tionship with collaborative dual learning, DRL reduces data
dependency, enhances model performance, and shows great
promise for real-world applications where labeled pairs are
harder to acquire. We further propose a generalized pro-
tocol that extends existing evaluation to a general-domain
cross-modal feature space, mitigating dataset-specific bias.
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