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[Abstract]

This study introduces a sequential, event-based decoding strategy for real-time American Sign Language (ASL) fingerspelling
recognition. The study aims to lower computations and end-to-end delay while making predictions more stable. It activates
computation only when informative evidence appears. Instead of decoding at every frame, the system triggers decoding only when
changes in the model’s output exceed a preset threshold, removing redundant steps and improving efficiency for streaming input.
To further stabilize the results, we apply a monotonic constraint that enforces temporal consistency and blocks backward or
oscillating predictions during sequence generation. This forward-only progression increases reliability in continuous signing.
Experiments show that the method significantly reduces latency compared to prior approaches and also improves recognition
accuracy. Overall, event-driven decoding coupled with monotonic constraints offers a practical solution for responsive ASL

fingerspelling systems.
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Algorithm 1 Event triggered CTC decoding
Require: Posteriors {p:(- | X)}7_,, window £, threshold =
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1: g <[]
2: last <— None
: buf < empty queue
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> stores posteriors of current

[

winner run
4: 50 > running sum of values in buf
5: ¢un < None > current run winner
6: for t =1 to 1" do
7: Cy +— argmax.cy pr(c | X) > V: non-blank symbols
8: g+ pe(Cr | X)
9: if ¢yn = None or C; # ¢y, then
10: Crun +— C
1t clear buf; s < 0
12 push ¢; into buf; s < s+ ¢
13: if |buf| > k& then
14: s <— s— pop oldest from buf
15: if |buf| = & then
16: p+ s/k
17 if p > 7 and ¢, # last then
18: append cuuy to ¥
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20: return y
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{n.}. weight decay rule w(n)
: for e =1to E do
for mini batch (X, y) ~

1

2 ~ D do

3: z¢ « fo(X) for t=1:7" > causal forward pass
4: p < softmax(z;) for t=1:7T

5 L+ Lore(X,y:0)

6 update 6 with optimizer step at rate 7. and decay

w(7e)

3-6 SA=et H=a| HIE

R

del AL B8 O(TC,, 0, ¢, TeT ol
Abgolt). tj=e) M4 52 A4l O(T:|vl), €
# 401 0(1) oleHSAZ} v wwk 77 27]5)
). e 20 V1 7] el Elee @ &
AE gla) A kAe) A BB fAen, Wze) v

3
P 2o

}

ofh l‘_8,

ot

2 1=y dE Qe O(%) ]t
3-7 A 28 A|H M=

ASANA (k, 1) 2Z=5 BA8FY Score, WaE A9,
aE4S ARk, FHE 32 Scorest XA B4
o2 Aol o3l XuER] &= Aotk E AFdAE F
7 &4 AHE Btk Scores HUgels 48 AH
T} Score 31-8§24F Ulo|A] A|AE Hastsle ARAA AA.

AL HIAEACA A1E 1t 3] F7HE .

Sl
=

v. &

2182 Python 3.99} TensorFlow 2.10 7304 435
Qo 8GB WEeE 7F ¢l NVIDIA RTX 2080 GPU

http://www.dcs.or.kr



C|X|H 2El = &t5[=&X|(J. DCS) Vol. 27, No. 3, pp. 857-866, Mar. 2026

o} 8320] CPUIA =AUt #Alge GPU v=eol = &
Tokal E7ARl et wix 2715 BARE] 98] 1Y
AE FHo] AL&E L S5ES AU F IA 4]
AS wan, 7153 A2 4% S 39 A 358
o] AFErH A o7 0.05x1lr). TYE Axg|g} olE-
EZA tFgE AREete 2ol FEE g
TensorFlow Lite 22S 1 yich

4-1 HlOJE{4

tod F = 276719 S4(X, Y, Z 3D
Q1 FEE wpe} 7F TG-S AR ALk 3t £
wobetal, xEs) o] F A5 NaN)2 002 tHxﬂ sh, B
AA~E 14 Ao] T = 17607 39 E= EWO]ZW:}
At 2PEle J7) o] 3o mE A} AlEAZ A, CTC
= 98 233 7137} ks o] 9k

3H(Splits). 32 S5 FEMCR gh5S Zldsty, 4
oAz F3l F2 MEES B8 EEoky HSAS 4
gl HAEAS 29 e 3pgol A AREEA] erEth Al

e 919 AT T YAES FohH,
4-2 4% 8

W B (Backbone). 213
I wpa) 9 9] Y-S 2t
o BE S22 A eg
S5 2] HAH

S+%(Training). ¥
%8k, AdamW iﬂu}ome A]»Q-U]‘E]— z7] qvg%% o
5 50 1.25x107 131, 7} 13 seEel deEd, 1
YUAE ZFy TAE 7S B8 ayAd aA
A7) B, & 2%t 9] 2EF2 AF ScoreEs ®UH

Foh AUk P o3 2 dAgs) A3 Score 71T F
2 A=A E7} HEAD BE AL 9 A=s us)
3 7bs e S AR EA AdS AREgTh

E]i%‘(Decodmg). Z~EZY gmge obAA %S ko)
it A B AL 15 2 o IE-EA 1ES A&
gk ASelM k, v € {2, 3, 4, 51x{0.60, 0.65, 0.70,
0.75, 0.80} & &Asit],

A-3HIIDREE

T8 A& Score. Scorex= 1 — CERZE Aojww,
CER= (S + D+ 1D/|yl & #7t34 Levenshtein AZ&

http://dx.doi.org/10.9728/dcs.2026.27.3.857

Atk giAl S, 2 D, A 15 54 T2y 4E=
AHATE Scores AE I HIAE Bl A4H 7)ol
A 2 g84. H BE AL 2 = 93D, AN

(AT 2 29 2 ), U3 A8 D FUE F29

AAZE AGRTEE F338 RTE < 191 3k AA7 R

& X] d. 25 @AM Scorest A BFollA] AulEA]
9] ‘]—EﬂE A3k FAgtt 99714 () Scores Al
4, (i) Score = (1 —6) Score,,,, (§=0.015)
Z23 sl A AdS Haskehs AAA AES AdEdit.
ok HIAEA) A 7 e

d. Score, AA, AUE, RTF U3l H=EAS
B3] A|RE F&3 RE~EYW A 778 Bt

3 18 (k, Dol o) Aloj== Wk e 1A
HojEr) k=304 k=4 o] et FHo] FE L A
o] ZojEtt. HAH AHXA HHL (4, 0.7F, Score
0.59567 0.349s% 7|53} k=694 Score’t <F
0.598 ZAJellA E3}bw] 31 2| AL F7Hghe)

nrn

FAH

=
C}
c>

E 1. HBMOIM (k, 1) TRBIE
Cll), B U5 X|ei(%),
AAZEAHS

Table 1. Validation grid over (k,t) with score mean [95% CIl]),

average emission LAG in seconds, commit rate in
characters per second (CPS), and end-to-end
real-time factor

Z 1} SCORE(H [95%
FHSBIE(CPS), a2|1 B¢t

m

Law Commit
k T Score? (s) ( Crate RTFe2e
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3 | 0.50 [0.5743[0.5658, 0.5816] | 0.767 | 0.080 | 0.0026
3 | 0.60 |0.5749 [0.5663, 0.5820] | 0.794 | 0.078 | 0.0026
3 | 0.70 |0.5768 [0.5688, 0.5839] | 0.692 | 0.072 | 0.0026
4 | 0.50 |0.5945[0.5913, 0.5970] | 0.470 | 0.020 | 0.0025
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