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sLLM-based Korean Text-to-Motion Retrieval System Using CNN

A A -argt

Jiwon Choi', Kwang-Hyun Park’

Abstract: In this paper, we propose a novel approach to improve the performance of Korean text-
based 3D human motion retrieval. Previous studies have failed to adequately cover diverse motion
representations and have limitations in distinguishing subtle differences between motions. To address
these issues, we introduce sLLM to embed comprehensive motion descriptions and utilize CNN to
distinguish subtle motion variations. In addition, we created a Korean HumanML3D dataset to adapt
previous researches and conduct experiments on Korean. We also developed a new testing protocol
and performed additional experiments. The results show that the proposed method outperforms
previous researches, with the R@1 metric improving from 4.49 to 6.39 and the MedR metric
improving from 35.00 to 24.75. Furthermore, we compared qualitative results and demonstrated that

our method performs well.
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[Fig. 1] Text-to-motion retrieval: Ranks motions based on their
similarity to a query that describes human motion
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[Fig. 2] Network architecture: An [EOS] token is appended to the text, and the embedding is extracted from the final hidden state,
followed by a Linear Layer. The motion input is processed by two encoders, TMR and CNN, with the frame length fixed through
up-sampling or down-sampling before being fed into the CNN encoder. The outputs of the two encoders are combined via Cross
Attention and then mapped to the text-motion embedding space via a Linear Layer
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[Table 172} [Table 2]&= $H=+0] HumanML3D H|o|E| M|EE

[Table 1] Text-to-motion retrieval benchmark on HumanML3D: We compare performance across four distinct evaluation sets, and

demonstrate improvements over previous approaches

Text-motion retrieval Motion-text retrieval

Protocol Methods
R@It R@1! R@3! R@S! R@I01 MedR | |[R@!11 R@2! R@3t R@5! R@I01 MedR |
TMR | 449 860 1179 1720 27.14 3500 | 796 1008 1476 1994 2847 3550
@Al |OursSLLM)| 534 956 1268 1891 2876 30.50 | 818 1036 1458 20.53 3043 29.75
Ours 639 1131 1510 2078 31.89 2475 | 9.63 1248 1651 2156 3278 2575
_ TMR | 967 1350 1850 2502 3563 22.00 | 1042 13.02 1877 2454 33.01 27.50
(tt’})lrfzmzh Ours GLLM)| 1052 1510 2053 27.65 39.05 1900 | 1076 1339 19.07 2483 3499 2375
Ours | 12.89 1704 2217 2993 4190 1500 | 1252 1633 211.1 2692 38.05 19.50
o TMR | 4500 6200 7200 8500 90.00 200 | 4800 6500 7400 8600 89.00  2.00
© ]S)l‘fs':;”ar Ours SLLM)| 53.00 6500 7400 8500 91.00 1.00 | 49.00 6800 79.00 87.00 92.00 1.00
Ours | 54.00 68.00 76.00 86.00 92.00 100 | 50.00 72.00 83.00 8$8.00 93.00  1.00
TMR | 63.16 7749 8365 89.14 9418 104 | 63.62 7842 8399 8926 9398  1.05
(ili?il Ours SLLM)| 67.16 8176 8874 91.64 9419 101 | 67.62 81.83 8748 9207 9449 1.0l
Ours | 70.07 83.94 8923 93.09 9672 100 | 69.30 8401 89.05 9323 96.60  1.00
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[Table 2] Additional experiments were conducted on long sentences. Sentences with 15 or more, and 20 or more words were classified
as long sentences, and performance was evaluated under these conditions

Word Text-motion retrieval Motion-text retrieval
Protocol Methods
Count R@ 1 R@! R@3! R@S! R@I01 MedR | [R@I 1 R@21 R@31 R@S! R@I01 MedR )
TMR 11.75 2294 30.62 4154 5421 9.00 | 1850 25.62 34.14 4274 5458 8.50
=15 |Ours (SLLM)| 13.34 2544 3238 4372 5726 750 | 19.15 2757 3571 4598 58.83 7.00
(e) Long Ours 16.56 29.79 3599 4746 63.55 6.00 | 21.00 29.79 3599 49.58 63.64 6.00
subset TMR 1820 34.87 41.57 5153 6437 500 | 2510 34.87 4157 51.53 6437 5.00
=20 [Ours (SLLM)| 19.97 36.06 4276 53.68 67.05 500 | 2629 3593 47770 56.13 6897 4.50

Ours 23.75 3946 4636 57.28 69.54 400 | 28.35 3793 49.04 58.05 70.11 4.00

283 A Y7 A1k HolEth [Table 112 TR EE (a), ™, Oursi= A QFoH= A ek HH41S 28513 9] ZAxtolt}.
(b), (¢), (d), [Table 2]:= ZEEZF (e)= B7Fet Ax}o|ct. Ours [Table 119141 Ours (SLLM)@} Ours 2.5 7]& 5 tfjH] &
(SLLM)=CNN Q1 F | ¢} 3.8 A oJdl A (Cross-Attention) A 451 A5 Holth E5], [Table 2]9]4] Ours= Ours (SLLM)
QJ5tal, SLLMZ 53l UH3 Sh5-2 A otoliS o] Axto] Hoh o £2 452 Hoh o]= CNN RIZH & F3f ZHo]

O, A person is performing Tackwondo.(in Korean) )

Model Rank1 Rank2 Rank3 Rank4 Rank5
TMR

h A
ol T Y

[Fig. 3] When retrieving with the sentence ‘A person is performing Taekwondo,” the previous methods retrieve motions like walking or
running. In contrast, the proposed method retrieves actions such as punching or performing martial arts

o A person turns around, picks up an object that has fallen on the ground, walks forward, then turns around again
N at the destination.(in Korean)
Model Rank1 Rank2 Rank3 Rank4 Rank$5

TMR

MW WWY'Y
ol YWY

[Fig. 4] The upper section shows an example query, and the lower section visualizes the motions retrieved based on the query. Previous
work only includes motions of picking up objects from the ground without turning around. In contrast, our proposedmethod successfully
retrieves motions where the subject turns around to pick up an object
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