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Table 1 LLM-jp-Zooml, Tabidachi, HZAGE CallHome %3 — S RIZBIF 5 X — > 74 F ¥ 7Kk,

Number of occurrences / 20s

Cumulative duration / 20s

IPU Pause Gap Overlap IPU Pause Gap Overlap
LLM.-jp-Zoom1 A:5.58 A:1.18 368 554 A:11.64 A:0.76 593 389
B:4.92 B:0.48 B:10.14 B:0.25
A5, A:2. A:10. A:3.11
Tabidachi 506 88 3.18 1.16 0-73 3 7.74  0.56
B:2.12 B:0.48 B:2.91 B:0.32
- A:5.48 A:2.02 A:7.56  A:1.59
HZAGE CallHome 6.08 2.46 9.32 0.87
B:5.44 B:1.72 B:8.43 B:1.17
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Table 2 2% 57— 2 2&F8 X U LLM-jp-Zoom1 DOREFNFEE 1203 2 BEIEHIORG R, & EIX NISQA
ZROTEIIL, EHRMEEDUN OEECHHIE L 72 | LLM-as-a-Judge 1< & % #Fiffi: COH = coherence(—HE1),
NAT = naturalness( H#A X ), REL = relevance(Bi#1%), INS = instruction following(¥&7785F), TUR = turn

taking(X — > 74 ¥ > 2), OVE = overall ({8 & 7THiffi).

J-Moshi LLM-jp-Moshi LLM-jp-Moshi+ llmjp-zoom1
(REBH)
Pre-training J-CHAT (69k hours)  J-CHAT (69k hours) J-CHAT (69k hours) -
777777777777777777777 Tabidachi ~ Imjpzooml |
Fine-tuning M# 7 — & (200 hours) llmjp-zoom1 HESBDLR N EEF — &R — 2 -
HZ3E CallHome, CSJ VisualBank
NISQA (MOS) (1-5) 3.35 3.72 3.69 2.96
COH 4.12 4.24 3.59 6.92
NAT 5.33 5.53 4.90 7.73
REL 3.18 3.47 3.02 5.82
LLM-AT (1710) - g 1.84 2.02 1.73 4.16
TUR 4.31 4.67 4.12 6.80
OVE 4.07 4.37 3.69 6.09

Table 3 ¥ 7 — 258 LU BFFE CallHome DRk#EN a6 A 1203 2 H BTl OfGR.

J-Moshi LLM-jp-Moshi LLM-jp-Moshi-+ F#8 CallHome
(R8BH)
Pre-training J-CHAT (69k hours)  J-CHAT (69k hours) J-CHAT (69k hours) -
- Tabidachi ] LLM-jp-Zooml |
Fine-tuning MN# 7 — & (200 hours) LLM-jp-Zoom1 HEEEREANEE 7 — & N— 2 -
HAFE CallHome, CSJ VisualBank

NISQA (MOS) (1-5) 2.41 3.03 2.91 2.47

COH 3.14 3.10 3.60 5.56

NAT 4.18 4.37 4.98 6.67

REL 2.39 2.41 2.88 4.69
LEM-AT (1710) g 1.18 1.22 1.76 3.25

TUR 3.37 3.55 4.08 5.65

OVE 3.08 3.16 3.62 5.45

Table 4 LLM-jp-Zoom1 DG EEE NS % 5 BRSO T8 7

J-Moshi LLM-jp-Moshi LLM-jp-Moshi+ LLM-jp-Zooml
(RBHE)
Pre-training  J-CHAT (69k hours)  J-CHAT (69k hours) J-CHAT (69k hours) -
77777777777777 Tabidachi ~ LLM-jp-Zooml |
Fine-tuning %7 — & (200 hours) LLM-jp-Zoom1 BRI EE 7 — BN — 2 }
HZAGE CallHome, CSJ VisualBank
BAM (1-5) 2.36 3.02 3.19 4.31
B (1-5) 2.14 2.61 2.80 4.46
Table 5 HZAFE CallHome DR EEE IS 2 5 BRE o E
J-Moshi LLM-jp-Moshi LLM-jp-Moshi+ H#2 CallHome
(RERH)
Pre-training  J-CHAT (69k hours)  J-CHAT (69k hours) J-CHAT (69k hours) -
77777777777777 Tabidachi ~  LLM-p-Zooml |
Fine-tuning HN#7— & (200 hours) LLM-jp-Zooml SN R E T — & R— R _
HAFE CallHome, CSJ VisualBank
BAM% (1-5) 2.35 2.82 3.12 4.03
B (1-5) 1.54 2.34 2.56 4.10




