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Motivation

Many learners turn to sign language videos as a learning resource.

|
- o , ,

START?

Learners struggle with determining sign boundaries

Learners of spoken languages can
highlight a word or read captions.
But there is no comparable support
for ASL videos.

Existing dictionaries recognize
isolated signs in their “citation”
form.

Signs change shape in context
(coarticulation).

There is no video-based learning support tool for segmenting and looking up an unfamiliar sign
directly within a continuous ASL video.

Motivation
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Motivation
Prior work (e.g., Hassan et al., ASSETS 2022) This work
» Showed benefits in providing video-span « Compares video search with and without
selector to learners understanding automatic segmentation to study the
continuous sign language videos and benefits of automatic segmentation
sho_wed |.mprovement over feature-based . Uses real Al models, so participants
dictionaries.

encounter real segmentation and
» Mostly Wizard-of-Oz, with simulated recognition errors
recognition and hand-annotated segments

Can Al-based automatic segmentation support comprehension of continuous
signing videos for intermediate ASL learners?

Motivation
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Al Pipeline Overview

Landmarks extracted

Continuous Top-K Showing
signing video Segment 1 % ma_tr;hing Results
. . signs

Input Al segmentation Mediapipe Al Recognition Output

Segmentation: Linguistically motivated model (Moryossef et al., 2023) finds the start and end of each sign.

Recognition: ST-GCN pretrained on ASL Citizen and fine-tuned on 991 glosses. Returns top-20 matches with
confidence level.

Videos used in

Study
Segmentation loU 0.50 £0.19
Recognition top-1 0.61+£0.15
Recognition top-20 0.91 £ 0.07

Motivation System
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Prototype Interface

Next Video

Search Results

ASLLRP [0107] 7 Select a Segment

Write the video's translation here..

& Play selection Segment and Search

Motivation System



Two Conditions
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Condition 1: Segment & Search

(Al automatic segmentation)

0 Human selects a broad span

o Al automatically segments the selected

span into individual signs

-

e Corresponding results for each individual

segment within user selection

Condition 2: Search
(Manual segmentation)

Human manually adjusts the start and end
points to select a single sign

Motivation

System

Study

Findings Conclusion
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Participants and Procedure

Participants Tasks Measures

13 intermediate ASL learners with at Four ASL videos, translated into NASA-TLX workload, search
least two ASL courses or two years English or gloss. Two videos per satisfaction, translation quality,
of learning prototype, counterbalanced interaction logs, and an interview

Condition 1: Segment & Search
(Al automatic segmentation) . .

_— B —
Condition 2: Search
O (Manual segmentation)

Questionnaire after each video Interview

Motivation System Study
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Research Questions

When ASL learners using an in-situ video-comprehension tool with and without Al-based
automatic segmentation, are there differences in:

perceived workload, reported satisfaction, translation quality, use of user-interface
(Ul) elements,
e.g., span selector,

in the prototype systems?

Motivation System Study
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Findings 1. Automatic segmentation reduced perceived workload

Confidence Intervals: NASA TLX Subscales & Aggregate

Mental-Demand @ ] -2.40 [-4.35, -0.45]

Physical-Demand —e=—] -0.07 [-1.01, 0.88]
Temporal-Demand F—e—-1.17[-2.27,-0.07] Paired mean differences with 95% Cls.
Red marks p < .05
Effort —e— -0.70 [-2.15, 0.76]
Performance =] 0.97 [-0.50, 2.44]
Frustration —e—q-0.97 [-2.17, 0.24]
Aggregate F ® ] -6.27 [-11.59, -0.95]
=12 =10 -8 -6 -4 -2 0 2

Mean Difference (Segmentation & Search - Search)

Motivation System Study Findings
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Findings 2. Higher satisfaction with the search experience

Confidence Intervals: Search Experience

| am satisfied with the search experience b . { 0.50 [0.06, 0.94]
| am satisfied with the way the results are ranked | ® | 0.23[-0.21, 0.68]
How useful were the search results? ——e—+ 0.03 [-0.22, 0.28]

-0.5 0.0 0.5 1.0
Mean Difference (Segmentation & Search - Search)

P3 P11
“The first version (Segment & Search) was easier “ll prefer the] Al one (Segment & Search)... It just made
because it was pre-segmented for you, so you could it quicker to find words. | also felt like it was more
easily look at the clips.” accurate. And finding the specific signs. ”

Motivation System Study Findings

10
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Findings 3. Segment & Search improved translation quality

58.9% - 66.8% 41.1% > 33.2% 5.49 > 7.04

More accurate signs Fewer missing signs Higer holistic score (/10)

» Eight participants translated at the sentence level; five used glosses or a combination of both.

» Sign-level measures are normalized by the number of signs per video

Motivation System Study Findings 11
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Findings 4. Different ways of using the span selector

P10 Working on Translating Video 2

50 == 2. Narrowing Down Step-by-Step for Precision Segment & searCh

o [ 1
E a0 ! : () -
= 1 !
: | : am Participant P10
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0 2 4 6 8 10 12
Position of Span Selection on the Video Timeline (s)
== Signs on Video Timeline Span Selected == Span Viewed Segment & Search
Motivation System Study Findings
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Findings 4. Different ways of using the span selector

P6 Working on Translating Video 2

110 EVerification Searchi Search_on Iy
P S ;
£ ®
[ .=
e ) am Participant P6
o 75 : :
?_» ' Rewatched longer parts for context
8 : :
@ L - ;
% Back and forth for
2 —
[
8 —_— context
= —
8 —
g -
=
] —
o - e —
0 2 4 6 8 10 12
Position of Span Selection on the Video Timeline (s)
== Signs on Video Timeline Span Selected == Search
Motivation System Study Findings

13
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Conclusion and Design Implications

Takeaways Design implications

» Automatic segmentation can be beneficial. It Feature-based filtering to refine imperfect
lowered workload and raised search results

satisfaction « Slow motion, replay, and preset span lengths

* Manual selection encouraged closer, more . .
. : . * Feedback on span quality and confidence

deliberate analysis of signs
* Anin-situ dictionary as a fallback

+ "Assist" and "practice" modes matched to
learner goals

Motivation System Study Findings Conclusion 14
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TAKE-HOME MESSAGE

Even with imperfect state-of-the-art Al,
automatic segmentation made in-video sign

lookup less demanding and more satisfying for
ASL learners.

15



Demo Tomorrow!

@ Supporting Sign Language Video Comprehension through yoLA

TULA

In-Situ Automatic Segmentation and Sign Lookup Tool

Chaelin Kim (ckim13@tulane.edu) and Saad Hassan (saadhassan@tulane.edu)

Al11Y
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Background

American Sign Language (ASL) is
the third most studied language in the

United States. However, deaf and Hard
of Hearing (DHH) learners and ASL video
students face limitations in accessing v
effective video-based learning tools.

Existing ASL learning platforms primarily|
focus on isolated sign lookup rather than|
sentence-level comprehension. When

Tranmanen
Testaes 1

learners encounter long signing videos, Toore

lhey must mqnually search fgr unfamiliar| — o Sy

signs, which is time-consuming and Moy Pays  Provde Snglosgn Cument Uplosd  Racord
2 . s ased Lookup wonst  vdo  vdeo

cognitively demanding. it e Maea o ks joaiomd

postion thavideo and search

We propose Al-based platforms
designed to automatically segment
continuous ASL sentences to support
efficient sentence-level learning.

Current
positon ot

System Overview

Figure 1. Users upload a signing video and activate “Segment & Search”. The system automatically segments continuous
signing into individual sign units and displays candidate recognition results for each segment in the results panel.

System Components

Segmentation

For automatic segmentation, we build
upon [1] model. The model adopts a
BIO-tagging scheme to identify the
beginning and end boundaries of each|
sign in continuous signing sequences.

Recognition

For sign recognition, we employed
upon [2] architecture. Using
mediapipe, the system extracts pose
keypoints from video frames and
constructs pose sequences, which are|
then used as input to the recognition
model.

code available here Poster POF here

System Performance

Table 1. Segmentation performance across datasets
(mean # std).

User Study Method

Participants: The study involved
13 ASL learners with intermediate|
fluency (1 male, 12 female), aged

Dataset Over-segmentation % loU 18-34. Participants had prior

Moryossef et al. [1] 103 0.69 experience learning ASL through

ASLLRP [3] 1.09 £ 0.71 0.37£0.23 coursework or self-study.

Stimuli Video 1214015 050 +0.19 iisad
two prototypes (Segment &

Search and Search) to translate
four ASL videos. The order of
prototypes was counterbalanced,
with each used twice. A

Table 2. Recognition performance across datasets and
segmentation conditions (mean + std).

User Study: Translation quality & Search Experience & System Usability

Figure 2. System usability and user experience
during translation tasks.

h higher holistic score
-Only.

Confidence Inter

earch Experience

Mow usets ware the search resuts?

Moan Dferunce (Sagmentation & Seach - Search

Figure 3. Interaction timeline during
the translation task.

Dataset DataSetting __Segmentation Top-1 Top2 Top-20 questionnaire was administered
. AlScgmented 0332030 0392034 0512042 after each task.
Brosder Corpus e
AsuLRe (3] Human-Annotated_0461041 €5020.44 0363046
StimuliVideos _ AlScgmented 0612015 048204 0912007

Human-Annotated 0.90+006 09520.06 0972 0.10

References

sse.tulane.edu
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Come try both prototypes!

DAY
Tuesday, Oct. 27

SESSION
Poster and Demo Session B

TIME
10:20-11:00 AM and 3:20-4:00 PM

LOCATION
Foyer Auditorium

16
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Chaelin Kim

Contact

Chaelin Kim
Email: ckim13@tulane.edu
Website: chaelin0722.github.io
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Denise Crochet Maty Bohacek

Lab

Human-Centered Computing
Group, Tulane University

Lab website: saadh.info/a11y
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A11Y

Paper available here! Code available here!
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