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Abstract

Sign language research has achieved significant
progress due to the advances in large language
models (LLMs). However, the intrinsic ability
of LLMs to understand sign language, espe-
cially in multimodal contexts, remains underex-
plored. To address this limitation, we introduce
CNSL-bench, the first comprehensive Chinese
National Sign Language benchmark designed
for evaluating multimodal large language mod-
els (MLLMs) in sign language understanding.
The proposed CNSL-bench is characterized
by: 1) Authoritative grounding, as it is an-
chored to the officially standardized National
Common Sign Language Dictionary, mitigat-
ing ambiguity from regional or non-canonical
variants and ensuring consistent semantic def-
initions; 2) Multimodal coverage, providing
aligned textual descriptions, illustrative images,
and sign language videos; and 3) Articula-
tory diversity, supporting fine-grained analysis
across key manual articulatory forms, includ-
ing air-writing, finger-spelling, and the Chinese
manual-alphabet. Using CNSL-bench, we ex-
tensively evaluate 21 open-source and propri-
etary up-to-date MLLMs. Our results reveal
that, despite recent advances in multimodal
modeling, current MLLMs remain substantially
inferior to human performance, exhibiting sys-
tematic disparities across input modalities and
manual articulatory forms. Additional diagnos-
tic analyses suggest that several performance
limitations persist beyond improvements in rea-
soning and that instruction-following robust-
ness varies substantially across models.

1 Introduction

Sign language plays a central role in communi-
cation for many people with hearing impairment
and has consequently attracted sustained attention
from the research community over the past decades.
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Stand with both hands upright, palms facing each other on the left and right, and
move them forward and backward alternately a few times to indicate signing.
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WF AAGHE, Foml, ARBENLLAERT.
Bend the fingers of both hands slightly, with the palms facing up. Alternate
tapping them while touching each other twice.
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—F e, ERAAEHARHT.
Extend the index finger of one hand horizontally and rotate it twice in front of the
mouth.

Figure 1: Examples from CNSL-bench showing the
aligned textual description, illustrative image, and cor-
responding sign language video for each sign entry.

More recently, advances in large language mod-
els (LLMs) have further stimulated progress in
automatic sign language understanding, primarily
within specific tasks, e.g., sign language translation,
where LLMs are incorporated as semantic augmen-
tation modules or enhanced text decoders for im-
proved performance (Wong et al., 2023; Gong et al.,
2024; Chen et al., 2024b; Guo et al., 2025; Kim
et al., 2025; Liu et al., 2025; Jang et al., 2025; Asasi
et al., 2025; Rao et al., 2025; Hwang et al., 2025).

Despite encouraging task-level improvements,
existing approaches predominantly embed LLMs
into downstream pipelines or datasets, leaving the
intrinsic ability of these models to understand sign
language largely unexamined. This limitation be-
comes even more pronounced in the context of mul-
timodal large language models (MLLMs), which
have demonstrated strong visual-language capa-
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bilities over images and videos (Liu et al., 2023,
2024; Zhang et al., 2024; Shen et al., 2025). Cru-
cially, sign language possesses the full range of
fundamental linguistic properties and is inherently
multimodal, with meaning expressed through the
coordinated use of linguistically grounded man-
ual articulatory cues such as air writing, finger-
spelling, and the manual-alphabet (Shi et al., 2021;
Yin et al., 2021; Desai et al., 2024; Atwell et al.,
2024). While this rich expressiveness poses fun-
damental challenges for automatic sign language
understanding, it also raises an open question: to
what extent can current MLLMs genuinely com-
prehend sign language by capturing linguistically
grounded structure and semantic meanings rather
than relying solely on visual correlations?

To answer this question, we introduce CNSL-
bench, the first comprehensive Chinese National
Sign Language benchmark designed for evaluat-
ing MLLMs in sign language understanding (§2.1).
CNSL-bench is constructed upon the National
Common Sign Language Dictionary, an officially
standardized lexical resource for Chinese national
sign language. This authoritative grounding pro-
vides a canonical semantic reference, reducing am-
biguity from regional or variants and enabling con-
sistent, controlled evaluation of sign language un-
derstanding (Ministry of Education of the People’s
Republic of China et al., 2018b; China Disabled
Persons’ Federation et al., 2019). To enable multi-
modal evaluation, we further align these dictionary
entries with a large-scale video dataset covering
isolated Chinese national sign language (Jin et al.,
2025), resulting in a unified benchmark that pro-
vides broad multimodal coverage, where each sign
entry is represented by aligned textual description,
illustrative image, and sign language video, as ex-
emplified in Figure 1. As a consequence, CNSL-
bench comprises 20,121 questions spanning text,
image, and video. Furthermore, the benchmark
explicitly supports manual articulatory diversity,
covering three representative categories of signs,
including air-writing, finger-spelling, and manual-
alphabet, as shown in Figure 2. These categories
are treated as dedicated evaluation subsets to enable
fine-grained analysis. Supported by high-quality
resources, carefully designed evaluation protocols,
and human assessment involving the Deaf! commu-
nity, CNSL-bench serves as a reliable and compre-

'We follow the recognized convention of using the upper-
cased word Deaf to refer to the community of sign language
users (Woodward, 1972)

hensive benchmark for systematically diagnosing
the intrinsic sign language understanding capabili-
ties of modern MLLMs.

With CNSL-bench, we benchmark a wide range
of open- and closed-source up-to-date MLLLMs, of-
fering a systematic empirical assessment of their
sign language understanding capabilities (§ 3.2).
Our main results reveal several patterns: (a) De-
spite recent advances in multimodal modeling, cur-
rent MLLMs remain substantially inferior to hu-
man performance in sign language understand-
ing. (b) A pronounced modality-dependent per-
formance imbalance is observed, with models ex-
hibiting substantially weaker performance on vi-
sual inputs compared to text. (¢) MLLMs demon-
strate uneven comprehension across different man-
ual articulatory forms, achieving relatively stronger
performance on finger-spelling than on air-writing
and the specific manual-alphabet. (d) The perfor-
mance gap between open-source and proprietary
MLLMs is rapidly narrowing, with several open-
source models achieving performance compara-
ble to lightweight commercial systems. Beyond
the main results, additional diagnostic analyses
are conducted to further investigate the intrinsic
sign language understanding capabilities of current
MLLMs (§ 3.3). Test-time scaling via explicit rea-
soning mechanisms is examined as a diagnostic
tool, revealing heterogeneous gains across mod-
els and modalities while failing to fundamentally
resolve the observed limitations. Prompt token
effects and instruction-following robustness are
further considered as complementary diagnostic
factors, providing additional insight into the behav-
ioral characteristics of current MLLMs.

In summary, the contributions of this work are
as follows:

(1) We introduce CNSL-bench, a multimodal,
sign language-centric benchmark for evaluating
sign language understanding in MLLMs.

(2) We present a comprehensive evaluation of
up-to-date MLLMs on the proposed CNSL-bench.

(3) Through extensive experiments and analy-
ses, we identify persistent challenges in current
MLLMs’ sign language understanding capabilities.

We hope that CNSL-bench will serve as a di-
agnostic foundation and a reference resource for
future research toward more robust, reliable, and
human-aligned MLLMs in sign language under-
standing. Data and code are available at https:
//github.com/rzhao-zhsq/CNSL-bench.
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BEEN (Lightning Rod)

(=) WFH, FEOFIMEL.

(=) EFEIEHEN; AFMEls, EEF LTRT “o” %, REM—TEFERAR.

(1) Stand with both hands straight out in front of you, palms facing outward.

(2) Keep the index finger of the left hand straight up; extend the index finger of the right hand and write a 4"
(lightning) shape in the air with the left hand, then touch the tip of the left index finger.

b8 (The Plough)

(=) T &L s, FHES, FRASURIE, 1 “db” k.

(2 — T, | “+7 %, R b Rs), il k-ERRTRIR, IR AT MEE.

(1) Stretch out the thumb, index finger, and middle finger of both hands, with the back of the hands facing outward.
Cross the wrists and place them on top of each other, imitating the shape of the character "J" (north).

(2) With one hand, form a "-1-" (plus) shape with the thumb and index finger. Move it in a spoon-like motion above
the head, imitating the shape of the Big Dipper. Keep your eyes on the movement of your hand.

&M (Cop

T TR MR HFRITTRTE O iR, BEL FHITH T “mTFH, R A
w24 1.

The left hand makes the Chinese manual alphabet "C"; the right hand first makes the sign language hand shape
"O", then makes the gesture of the number "2" at the lower right, indicating the chemical formula of carbon dioxide.

Figure 2: Examples illustrating the three categories of sign articulation: air-writing (top), finger-spelling (middle),

and manual-alphabet (bottom).

2 CNSL-bench

Sign language understanding requires unified mod-
eling of visual, temporal, and fine-grained linguis-
tic information across heterogeneous modalities.
To enable a systematic and controlled evaluation of
such capabilities in MLLMs, we construct CNSL-
bench, a Chinese National Sign Language bench-
mark grounded in standardized lexical resources
and aligned multimodal representations. CNSL-
bench is designed to isolate intrinsic sign language
understanding from downstream task-specific fac-
tors, providing a consistent evaluation framework
across text, image, and video inputs.

2.1 Benchmark Construction

Benchmark Principle. CNSL-bench is con-
structed following three core principles: 1) it is
grounded in a standardized lexical foundation. To
avoid ambiguity introduced by regional or non-
canonical sign variants, the benchmark is anchored
to the officially standardized National Common
Sign Language Dictionary, ensuring consistent se-
mantic definitions across all samples; 2) it em-
phasizes aligned multimodal coverage. Each sign
entry is systematically represented in text, image,
and video formats, enabling controlled evaluation
of cross-modal sign language understanding; and
3) the benchmark explicitly incorporates diverse
manual articulatory forms, including air-writing,
finger-spelling, and specific manual-alphabet signs,
supporting fine-grained analysis of linguistically
distinct forms in sign language.

Data Collection. CNSL-bench is constructed by
grounding all entries in officially standardized Chi-
nese national sign language resources and aligning
them with multimodal representations. The core
lexical inventory is derived from the National Com-
mon Sign Language Dictionary (China Disabled
Persons’ Federation et al., 2019), which is built
upon the Lexicon of Common Expressions in Chi-
nese National Sign Language jointly issued by the
Ministry of Education, the State Language Com-
mission, and the China Disabled Persons’ Feder-
ation (Ministry of Education of the People’s Re-
public of China et al., 2018b). Together, these
standards define normative sign realizations that
are widely used and stable in education and daily
communication. This grounding ensures lexical
consistency and reduces regional or informal varia-
tion. To ensure that each benchmark item maps to a
unique sign entry, we perform systematic sign-level
preprocessing to handle dictionary cases where (i)
distinct entries share identical hand motions, (ii)
identical entries are associated with different mean-
ings or articulations (e.g., “seat belt” for car and
airplane), or (iii) the same meaning is realized by
distinct hand motions. For each entry, we retain
the accompanying textual description and illustra-
tive image, which explain the sign entry for educa-
tional and communication purposes. Furthermore,
each unique sign entry is aligned with an additional
sign language video to reflect real-world usage.
The video samples are sourced from a large-scale
Chinese national sign language dataset (Jin et al.,
2025), yielding a unified multimodal representation
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(b) Performance of subsets on CNSL-bench.

Figure 3: A concise summary of the MLLMSs’ performance on CNSL-bench. (a) provides a comparison detailing the
overall performance of the 16 selected MLLMs, including both open-source and closed-source models. (b) illustrates
a radar chart that outlines the performance of humans and MLLMs on three subsets (air-writing, finger-spelling, and

manual-alphabet) within CNSL-bench.

for each sign entry.

In addition, CNSL-bench explicitly incorporates
specific manual articulatory forms, including air-
writing, finger-spelling, and the Chinese manual-
alphabet. As exemplified in Figure 2, air-writing
refers to tracing graphic forms in the air, and the
traced content may correspond to strokes, symbol-
like shapes, or a partial character. In our taxonomy,
finger-spelling refers to using one or both hands to
depict or indicate Chinese character-form structure,
prioritizing graphic cues such as outlines, compo-
nents, and structural patterns over strictly sequen-
tial, letter-by-letter spelling. The manual-alphabet
follows the Chinese Manual Alphabet (Ministry of
Education of the People’s Republic of China et al.,
2018a), which maps conventionalized finger config-
urations to individual Chinese Pinyin letters. These
letters can be combined to spell Mandarin, form-
ing lexical signs, and functioning as morphemic
components within signs under the Scheme of the
Chinese Phonetic Alphabet (Committee for Lan-
guage Reform of China, 1957).

The alignment between text, image, and video is
detailed in Appendix A.1, and the complete man-
ual alphabets in the Chinese Manual Alphabet are
listed in Figure 8 (Appendix A.2).

Task Definition. For each sign entry, CNSL-
bench provides an aligned textual description, an
illustrative image, and a sign language video. We
formulate the task as a four-way multiple-choice

evaluation, where each instance is instantiated with
a single input modality. This closed-form design
enables controlled and scalable evaluation, as cur-
rent state-of-the-art MLLMs remain highly unre-
liable in open-ended sign language understanding.
We further examine different option construction
strategies and observe that semantics-based distrac-
tors lead to slightly weaker model performance,
while yielding conclusions consistent with random
sampling. To simplify the benchmark design and
facilitate easy reproduction, we therefore adopt
random option sampling for robustness and consis-
tency. Detailed task specifications and comparative
analyses of option construction strategies, includ-
ing an open-ended case and distractor design, are
provided in Appendix A.3.

2.2 Benchmark Statistics

CNSL-bench is grounded in the National Common
Sign Language Dictionary, which contains 8,214
sign glosses. However, it includes cases where dif-
ferent glosses share identical hand motions, identi-
cal glosses correspond to different meanings and ar-
ticulations, or the same meaning is realized through
multiple distinct hand motions. After processing
at the sign-entry level, CNSL-bench retains 6,707
unique sign entries, yielding 20,121 evaluation in-
stances across three modalities (text, image, and
video). Among the 6,707 sign entries, we manually
identify 407 entries containing air-writing, 77 con-
taining finger-spelling, and 592 involving specific
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Text Image Video'2 /p Video'10 /ps
Model
AW FS MA All AW FS MA All AW FS MA All AW FS MA All
Open&Close -source Image MLLMs
LLaVA-NeXT-7B 074 260 068 1.68 1720 1429 17.57 17.52 1572 1299 17.74 18.67 - - - -
Qwen-VL-Plus 87.71 8442 7797 7241 2537 2857 2589 38.83 17.69 2727 21.83 3206 21.38 22.08 2399 3395
Qwen-VL-Max 8550 83.12 77.80 72.62 24.88 33.77 24.87 40.18 20.64 2338 22.00 31.01 24.08 31.17 2399 3443
Open-Source MLLMs
Qwen2-VL-2B 47.42 5195 4155 4336 1941 1948 23.65 30.62 20.39 27.27 22.80 2723 19.16 18.18 23.65 27.58
Qwen2.5-VL-3B 69.04 7273 5541 60.07 2580 27.27 23.82 34.26 20.64 24.68 1791 28.36 23.59 28.57 20.61 30.34
Intern-VL-3.5-2B 68.06 79.22 60.64 58.68 19.66 2857 24.49 3337 295 649 439 429 442 649 439 450
Qwen3-VL-2B-Instruct ~ 73.71 83.12 58.61 62.83 21.62 3896 21.62 3401 19.66 18.18 21.79 27.78 21.38 19.48 23.14 30.18
Qwen3-VL-2B 66.58 74.03 52.70 57.97 2359 27.27 20.78 32.80 20.39 16.88 17.74 26.38 2236 23.38 18.07 28.95
Qwen3-VL-2B & 7297 7532 5625 61.29 26.54 41.56 21.28 3537 16.71 1558 19.76 27.76 2236 27.27 2095 30.68
LLaVA-NeXT-Video-7B 1.72 260 084 134 885 10.39 12.16 1294 1499 18.18 1520 1543 13776 1429 1571 1591
Qwen2-VL-7B 68.30 75.32 56.93 5898 26.78 31.17 25.17 3244 22.60 29.87 2145 29.24 23.10 27.27 23.14 31.19
Qwen2.5-VL-7B 65.60 70.13 5541 57.61 2629 2727 2483 3332 21.38 24.68 2095 29.10 22.11 2338 21.79 30.15
GLM-4.1V-9B # 80.34 84.42 69.59 6824 28.50 55.84 28.38 39.62 2039 2338 19.76 28.03 21.87 24.68 21.62 29.75
Intern-VL-3.5-8B 84.77 83.12 71.79 67.53 3047 50.65 27.36 38.36 34.15 44.16 32.26 32.26 31.70 36.36 29.39 33.59
Qwen3-VL-8B-Instruct ~ 84.28 79.22 70.10 67.06 27.27 35.06 22.80 38.39 21.87 22.08 23.14 30.94 25.80 24.68 28.38 33.89
Qwen3-VL-8B 81.82 80.52 67.40 64.65 26.04 28.57 25.68 36.34 2260 1558 1993 2851 2039 20.78 22.13 3042
Qwen3-VL-8B # 87.22 83.12 78.89 70.61 27.03 29.87 23.65 37.56 22.11 18.18 19.93 29.88 24.57 2597 25.00 33.00
Closed-Source MLLMs

GPT-40-mini 82.80 83.12 6791 67.57 25.06 38.96 27.03 3599 2875 19.48 2348 27.30 - - - -
GPT-40 82.06 8831 72.13 69.03 3243 5195 29.73 39.07 27.76 20.78 26.01 31.26 2531 2338 2196 2843
Qwen3-VL-Plus 9091 88.31 78.14 76.68 2857 3247 27.07 43.69 1843 20.78 2521 33.74 2457 24.68 2821 37.37
Qwen3-VL-Plus # 92.38 89.61 8424 7622 31.77 3896 2995 4241 26.85 18.18 2593 3534 2457 1818 2517 36.92
Gemini-2.5-Falsh 85.01 8831 72.64 73.04 3047 3193 4558 4357 2826 23.38 30.07 36.62 26.04 2468 2939 37.44
Gemini-2.5-Falsh # 92.38 93.51 83.11 7995 34.64 5195 3547 51.62 3047 33.77 3193 4228 3243 3247 3632 42.63
Gemini-2.5-Pro #» 93.37 94.81 9223 8479 5037 74.03 53.21 61.13 3538 44.16 46.11 4832 36.61 35.06 39.02 48.35
GPT-5 4 96.81 97.40 97.13 89.64 59.21 81.82 59.46 66.96 44.72 42.86 46.96 5342 46.93 5325 53.55 56.72
Random 2535 2727 24.69 2523 2457 24.67 2449 2473 2579 2398 2492 2503 24.57 24.67 2476 25.04
Human 98.77 97.40 9696 9693 98.77 98.70 9831 97.39 99.26 98.70 9747 97.39 99.26 98.70 97.47 97.39

Table 1: Performance of MLLMs on CNSL-bench. AW, FS, and MA indicate air-writing, finger-spelling, and
manual-alphabet. # denotes inference with slow thinking. The best result is bolded, and the second is underlined.

manual-alphabet, enabling dedicated subset evalua-
tion for sign-linguistical sensitive analysis. More-
over, a sign entry may comprise multiple atomic
gestures due to sequential articulation or multi-part
realizations, with up to 7 gestures in the most com-
plex cases. The detailed statistics and breakdowns
are provided in Appendix A.4.

Overall, CNSL-bench comprises 20,121 ques-
tions spanning text, image, and video modalities,
with each question grounded in a standardized lex-
ical entry and aligned multimodal evidence. This
construction supports systematic and fine-grained
evaluation of sign language understanding under a
unified benchmark setting.

3 Experiments

3.1 Experimental Settings

We evaluate 21 up-to-date MLLMs, spanning
open-source families (LLaVA-NeXT, Qwen-VL,
InternVL-3.5, GLM-4.1V) and closed-source mod-
els (Qwen-Plus/Max, Gemini-2.5, GPT-4/5). De-
tailed inference configurations and the human eval-
uation protocol are provided in Appendix B.1.

3.2 Main Results

The overall performance and subcategory com-
parisons (human vs. representative MLLMs) on
CNSL-Bench can be quickly glanced at Figure 3.
Table 1 details the overall performance of a wide
range of MLLMs on CNSL-bench across modali-
ties (i.e., text, image, and sign video) and manual
articulatory forms (i.e., AW, FS, and MA).

Human-MLLMs performance gap. Despite re-
cent progress, current MLLMs remain markedly
inferior to human-level sign language understand-
ing across all modalities. The strongest propri-
etary model, GPT-5, achieves overall accuracies
of 89.64%, 66.96%, and 56.72% on text, image,
and sign language video understanding, respec-
tively. Although GPT-5 substantially outperforms
other advanced models, a clear and persistent gap
remains when compared to human performance,
which consistently reaches approximately 97%
across all three modalities. This discrepancy high-
lights the fundamental difficulty of achieving ro-
bust, human-level comprehension of sign language,
particularly in visually grounded and temporally
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Text Image Video'2 /ps Video 10 /ps
Model
AW FS MA All AW FS MA All AW FS MA All AW FS MA All
Fast Thinking
Qwen3-VL-2B 66.58 74.03 5270 57.97 2359 2727 20.78 32.80 20.39 16.88 17.74 26.38 2236 2338 18.07 28.95
Qwen3-VL-8B 81.82 80.52 67.40 64.65 26.04 2857 2568 3634 2260 1558 19.93 2851 2039 20.78 22.13 30.42
Qwen3-VL-Plus 9091 8831 78.14 76.68 28.57 3247 27.07 43.69 1843 20.78 2521 33.74 24.57 24.68 2821 37.37
Gemini-2.5-Flash 85.01 8831 72.64 73.04 30.47 3193 4558 43.57 2826 2338 30.07 36.62 26.04 24.68 2939 37.44
Slow Thinking
Qwen3-VL-2B 7297 7532 5625 6129 26.54 41.56 21.28 3537 16.71 1558 19.76 27.76 2236 27.27 2095 30.68
Qwen3-VL-8B 87.22 83.12 7889 70.61 27.03 29.87 23.65 37.56 22.11 18.18 19.93 29.88 24.57 2597 25.00 33.00
Qwen3-VL-Plus 9238 89.61 8424 7622 31.77 3896 2995 4241 26.85 18.18 2593 3534 2457 18.18 2517 36.92
Gemini-2.5-Flash 9238 9351 83.11 7995 34.64 5195 3547 51.62 3047 33.77 3193 4228 3243 3247 3632 42.63
Gemini-2.5-Pro (L) 91.15 96.10 86.15 81.32 46.68 7273 5220 58.09 37.59 4286 4476 48.83 34.64 42.86 41.72 47.96
Gemini-2.5-Pro (M) 93.37 94.81 9223 84.79 50.37 74.03 5321 61.13 3538 44.16 46.11 4832 36.61 35.06 39.02 48.35
Gemini-2.5-Pro (H) 92.63 94.81 90.71 84.84 49.63 74.03 54.05 6192 36.61 3896 4240 48.17 3857 3636 45.10 48.59
GPT-5 (L) 97.05 97.40 95.61 8894 5553 74.03 60.64 66.77 40.54 3896 4645 51.89 41.03 48.05 45.10 53.13
GPT-5 (M) 96.81 97.40 97.13 89.64 59.21 81.82 59.46 6696 4472 4286 4696 5342 4693 5325 5355 56.72
GPT-5 (H) 97.05 98.70 96.62 8995 63.14 83.12 59.46 68.34 4251 37.66 48.99 53.09 4458 3896 4645 54.01

Table 2: Numerical results with test-time scaling on reasoning models. L, M, H: low, medium, and high reasoning
effort on the process of thinking before generating an answer.

I Positive A I Negative A

10
= +8.05
E +6.91
. +5.96
g 6 5.0 4519
_E 44 4332
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92 +1.22 4138 4137 +1.73
o
2
S o
@ -0.46 -0.45

2 -1.28
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(a) Text (b) Image (c) Video (FPS=2) (d) Video (FPS=10)

Figure 4: CoT gains across models and multimodal subsets.

complex settings.

Modality—dependent performance imbalance.
A pronounced modality imbalance is consistently
observed in MLLMs’ sign language understand-
ing. Across nearly all models, performance is high-
est for textual descriptions, while accuracy drops
substantially for illustrative images and further de-
grades for sign language videos. This trend holds
for both open-source and closed-source systems
and becomes more pronounced in the video setting.
These results indicate that, although text-centric
language modeling is relatively well developed,
robust visual grounding and temporal modeling
remain major challenges for current MLLM:s.

Uneven understanding across manual articu-
latory forms. MLLMs exhibit uneven compre-
hension across different manual articulatory forms.
As shown in Table 1, models consistently achieve
stronger performance on finger-spelling than on air-
writing and manual-alphabet across all modalities.
This disparity suggests that current models handle

more discrete and character-like sign components
more reliably, while continuous, shape-intensive,
or motion-dependent articulations remain difficult.

Narrowing gap between open- and closed-source
MLLMs. The performance gap between open-
source and proprietary MLLMs is rapidly nar-
rowing. Several small-scale open-source mod-
els, including GLM-4.1V-9B, InternVL-3.5-8B,
and Qwen3-VL-8B, attain performance compara-
ble to lightweight commercial systems such as
GPT-40-mini and Gemini-2.5-Flash across multi-
ple modalities. These models even surpass propri-
etary counterparts on specific subsets, underscoring
the rapid advancement and increasing competitive-
ness of open-source MLLMs in sign language un-
derstanding. Nevertheless, despite these encourag-
ing trends, open-source models still need to make
continued progress on challenging subsets and to
match higher-capacity proprietary systems, partic-
ularly under multimodal settings.
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Figure 5: Top-tier reasoning models, i.e., GPT-5 and Gemini-2.5-Pro, exhibit a boundary effect in test-time scaling
as reasoning effort increases from low to high, especially in video input settings.
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Figure 6: KDE plot of reasoning tokens. Videos are at
10 frames per second. Zoom in for better visualization.

3.3 Additional Analysis

Test-Time Scaling. To better contextualize em-
pirical findings from the main results, we examine
test-time scaling (reasoning) via CoT on MLLMs
with explicit reasoning capabilities. We com-
pare fast-thinking and slow-thinking settings across
modalities and manual articulatory forms to assess
when additional reasoning is beneficial for sign
language understanding. After carefully analyzing
these results, we draw several conclusions:

(1) CoT gains vary substantially across mod-
els. As shown in Table 2 and Figure 4, CoT
gains vary substantially across models and sub-
sets. Gemini-2.5-Flash consistently benefits most
from slow thinking, achieving an average improve-
ment of 6.45%, whereas Qwen3-VL-Plus exhibits
negative gains on several subsets, including tex-
tual descriptions, illustrative images, and sign lan-
guage videos (with 10 frames per second). The
repeated evaluations in Qwen3-VL-Plus yield con-
sistent negative results, suggesting that reasoning
does not universally improve performance and may
be sensitive to model-specific inference behavior.

(2) CoT gains plateau for top-tier models. Fig-

ure 5 shows that for top-tier models such as Gemini-
2.5-Pro and GPT-5, increasing reasoning effort
from low to high yields marginal or no gains, and
can even degrade performance on sign language
video inputs. This indicates a boundary effect of
test-time scaling, where additional reasoning to-
kens no longer translate into improved understand-
ing once a strong baseline is reached.

(3) Reasoning quality differs by modality. Fig-
ure 6 reveals that models exhibit large variance in
reasoning length and modality preference. The rea-
soning tokens vary by nearly an order of magnitude
across models under textual input. The Qwen3-VL
and Gemini-2.5-Pro tend to allocate significantly
more reasoning effort to text than to image or video
inputs. Such modality-dependent behavior indi-
cates incomplete multimodal alignment, which is
especially problematic given the inherently visual-
language nature of sign language.

(4) Reasoning length correlates with task diffi-
culty. MLLMs tend to generate longer reasoning
chains for incorrectly answered instances. The ra-
tio between CoT length for incorrect versus correct
predictions of GPT-5-M with text input reaches up
to 2.89. This pattern is consistent across most mod-
els and modalities, suggesting that models spend
more effort on harder cases, partially mirroring
human problem-solving behavior. Please see Ap-
pendix C.1 for detailed analysis.

These results indicate that CoT primarily serves
as a diagnostic lens rather than a universal perfor-
mance enhancer, revealing fundamental challenges
in multimodal reasoning and sign language-specific
understanding that persist in MLLMs.

Prompt Tokens & Instruction Following. Be-
yond reasoning-oriented analyses, we further ex-
amine prompt token consumption and instruction-
following robustness as complementary diagnostic
factors for sign language understanding in MLLMs.
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Gemini-
2.5-Flash

Gemini-
2.5-Pro

...... The signer starts with relaxed hands at their sides. At the two-second mark, the hands move up, palms facing each other. Then, at three seconds, things get
interesting. The left hand forms a flat palm, facing upwards, and the right hand forms a flat palm facing downwards. And, importantly, the right hand
taps the left hand once. After that, the hands return to the relaxed starting position. ..... Tapping one flat hand on top of another, or placing one flat
hand on another, usually signifies "because,” "reason,” or "due to." ..... A: 20 AR (Laptop computer) No, that's usually shown by forming a
"laptop” shape with the hands or using a keyboard motion. Doesn't match. B: ¥+ (Warrior) Definitely not. That would involve gestures of strength,
fighting, or holding a weapon. Doesn't fit. C: [y (i) (Because / Due to) Bingo! This gesture aligns perfectly with the hand movement in the video. The
foundation/reason concept is right on target. D: {&ifl (Transmit a message / Message) Doesn't seem right. That would involve a "sending" gesture or
something similar to writing. Therefore, my conclusion is that the sign in the video most likely represents **C: B (f1F) (Because / Due to).

...... First, I need to really look at the video itself. Hands down to start, then they come up. Ah, palms down, fingers extended, and together. The right
hand goes on the back of the left hand, forming a sort of base, right? It's held in front of the body, a bit lower than chest height. This really screams
"foundation” to me. ... A. Laptop Computer: Nope. The sign for "laptop" just doesn't involve this handshape or movement. It's much more dynamic,
mimicking opening and closing a laptop. That's out. B. Warrior/Brave: No way. "Brave" usually has a fist gesture, near the chest or shoulder, signifying strength.
Totally different. C. Because/Due To: Wait a second... That's it! That's exactly the sign. The left hand is the foundation, and the right hand is placed on it,
showing the basis for something. Yes, that's spot on. D. Transmit a Message/Summon: Nope. The sign for "transmit" usually involves a movement away from

the face or head, showing the sending of information. This isn’t that at all. So it's gotta be "Because/Due To", option C.

Figure 7: Video-based sign language understanding failure for “laptop”. Despite correctly recognizing the typing
motion in a continuous sign language video, models fail to recover the intended meaning, indicating that temporal
visual recognition alone is insufficient for reliable sign language understanding.

Prompt token usage varies substantially across in-
put modalities and model families, with image
and video inputs incurring orders-of-magnitude
higher token consumption than text, potentially
constraining effective context and reasoning bud-
gets. In addition, instruction-following robustness
differs markedly across models and modalities:
while most large-scale models remain stable, sev-
eral smaller-capacity models and certain MLLM
families exhibit pronounced failures, particularly
on sign language videos. Notably, explicit rea-
soning mechanisms may also interact non-trivially
with instruction adherence. Due to the space limita-
tion, the detailed quantitative analyses are provided
in Appendix C.2 and Appendix C.3, respectively.

3.4 Case Studies

To provide intuitive insights into the sources of
observed performance differences and further il-
lustrate the limitations revealed by the CNSL-
benchmark, we present a case study in Figure 7.
A primary observation is the pronounced modal-
ity sensitivity. For the concept laptop, the tex-
tual description explicitly mentions “striking keys,”
allowing models to easily deduce the correct an-
swer. However, under video inputs, even advanced

models (e.g., Gemini-2.5-Pro, Qwen3-VL) fail to
ground the visual motion correctly. Instead of rec-
ognizing the “typing” and “opening” gestures, they
hallucinate unrelated motions (e.g., “crossing” ges-
tures in Qwen3-VL-8B or “foundation” gestures in
Gemini-2.5-Pro) and consistently misclassify the
sign as “Because” (Option C). This contrast high-
lights that while MLLMs possess strong textual rea-
soning, their ability to parse complex temporal vi-
sual cues in sign language remains fragile. Beyond
modality effects, our analysis reveals challenges
in implicit semantic association (e.g., “smell” vs

“air””) and emerging symbolic understanding (e.g.,

correctly mapping visual signs to Chinese charac-
ters), see cases in Appendix C.4.

4 Related Works

4.1 Sign Language Understanding

Over the past few decades, the sign language
research community has primarily focused on
sign language recognition (SLR), emphasizing
the identification of gloss-level units? in isolated
words (Joze and Koller, 2019; Li et al., 2020)

2Glosses are spoken-language textual units that approxi-
mately capture the meaning of sign language.

40876



or in continuous sequences (Koller et al., 2015;
Huang et al., 2018). The increasing availability of
large-scale sign language translation datasets (Cam-
goz et al., 2018; Zhou et al., 2021; Duarte et al.,
2021; Tanzer and Zhang, 2024) has further driven
progress in end-to-end sign language translation
(SLT) (Camgoz et al., 2020; Chen et al., 2022;
Fu et al., 2024; Zhao et al., 2024; Zhang et al.,
2025; Fu et al., 2025a). In parallel, large language
models (LLMs) have become general-NLP purpose
backbones for a wide range of NLP tasks (Brown
et al., 2020; Touvron et al., 2023), motivating re-
cent efforts to incorporate them into sign language
research for their strong language modeling and
generation capabilities. In particular, prior work
has leveraged LLMs either as enhanced text de-
coders (Wong et al., 2023; Gong et al., 2024; Liu
et al., 2024) or as semantic enhancement modules
to improve SLT systems (Guo et al., 2025; Kim
et al., 2025; Liu et al., 2025; Jang et al., 2025).

Existing work in this line is largely centered
on task- or dataset-specific adaptation of LLMs
within sign language pipelines. In contrast, system-
atic evaluation of models’ intrinsic sign language
understanding, particularly for MLLMs operating
directly on images and videos, has received compar-
atively less attention. Different from focusing on
specific downstream tasks or datasets, we propose
CNSL-bench, a comprehensive Chinese National
Sign Language benchmark designed for evaluating
MLLMs in sign language understanding.

4.2 MLLM benchmarks

Recent progress in multimodal large language mod-
els (MLLMs) has coincided with the establishment
of standardized benchmarks designed to evaluate
multimodal understanding. Early efforts primar-
ily focused on image-based evaluation, including
visual question answering, caption-based reason-
ing, and broader vision-language understanding
benchmarks that assess perception, grounding, and
semantic reasoning over static images (Fu et al.,
2025b; Yue et al., 2024; Li et al., 2024; Chen
et al., 2024a). More recently, the community has
extended benchmarking to video-centric settings,
introducing datasets and evaluation protocols that
emphasize temporal grounding, event understand-
ing, long-context reasoning, and multimodal dia-
logue over videos (Maaz et al., 2024; Zhou et al.,
2025; Fu et al., 2025c¢).

Despite their broad coverage, most existing
MLLM benchmarks are designed for general-

domain image and video understanding, where the
visual content and semantics are dominated by ev-
eryday objects, scenes, actions, and events. Bench-
marks that explicitly target sign language remain
relatively scarce, despite the need for fine-grained
modeling of hand articulation, motion trajectories,
and linguistically grounded semantics. In contrast,
CNSL-bench is constructed as a dedicated eval-
uation benchmark for sign language understand-
ing, enabling systematic assessment of MLLMs
under aligned textual descriptions, illustrative im-
ages, and sign language videos.

5 Conclusion

In this work, we introduce CNSL-bench, a multi-
modal benchmark centered on sign language for
evaluating sign language understanding in MLLMs,
with authoritative grounding in officially standard-
ized sign language resources. Through extensive
evaluation of a variety of open- and closed-source
models, we systematically uncover persistent chal-
lenges in current MLLMs’ ability to comprehend
sign language across modalities and manual articu-
latory forms. We anticipate that CNSL-bench will
serve as both a diagnostic foundation and a ref-
erence resource for future research toward more
robust, reliable, and human-aligned MLLMs.

Limitations

CNSL-bench focuses on lexical-level canonical
sign understanding and adopts a multiple-choice
formulation to enable controlled, scalable, and re-
producible evaluation across modalities. While this
design does not directly assess open-ended sign
language generation, it is motivated by the obser-
vation that current MLLMs remain unreliable in
interpreting free-form sign language. This limita-
tion highlights a fundamental gap between existing
model capacities and the demands of open-ended
sign interpretation, underscoring the necessity of
establishing a diagnostic benchmark target at sign
language understanding. In addition, CNSL-bench
is centered on Chinese National Sign Language and
emphasizes authoritative semantic grounding over
linguistic breadth, and thus does not cover cross-
linguistic, regional, or dialectal variation present in
other sign languages. Extending evaluation to mul-
tilingual and multi-regional sign languages, as well
as to more open-ended and compositional settings,
remains an important direction for future work.
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Ethical Considerations

Data Access. CNSL-bench is constructed by
aligning publicly available resources with recently
released sign language video datasets and does not
involve new data collection or additional human
participants. The textual descriptions and illustra-
tive images are sourced from officially published
materials released by the Ministry of Education of
the People’s Republic of China and are publicly
accessible for educational and general communi-
cation purposes. The sign language videos are
derived from an open-source dataset whose data
collection and public release were approved by the
Ethical Review Board of Leshan Normal Univer-
sity, with all participants providing informed con-
sent for the use and publication of their identity
information and recordings (Ethical Review Num-
ber: LSNU-KYLL2025-02-15) (Jin et al., 2025).

Human Participant. Our benchmark involves
the human assessment, and we invited a profes-
sional team consisting of one professor specializing
in sign language linguistics and three sign-language
students (including one hearing-impaired student).
Each student has at least one year of classroom
studying experience in sign language; their instruc-
tors include the invited professor and Deaf sign
language teachers from a local special education
institute. Participants are compensated with $30
to complete each task (about two hours of work).
Overall, one expert and three students are engaged
to fulfill the human assessment tasks.
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A CNSL-bench

A.1 Dataset Alignment

This section details the data processing and align-
ment procedures underlying the construction of
CNSL-bench. The textual descriptions and illustra-
tive images are sourced from the National Common
Sign Language Dictionary, which contains 8,214
commonly used sign entries and serves as an author-
itative reference for standardized CSL (Ministry of
Education of the People’s Republic of China et al.,
2018b; China Disabled Persons’ Federation et al.,
2019). During data preparation, we identify sev-
eral forms of redundancy in the original dictionary.
First, some entries share identical meanings and
identical sign realizations, which are merged into
a single sign entry. Second, certain lexical items
correspond to multiple meanings, which are dis-
tinguished in the dictionary using auxiliary index
markers. Third, some entries share the same lexical
form and meaning but differ in their sign realiza-
tions. To ensure a consistent representation, we
remove these auxiliary markers and retain all valid
lexical variants associated with each sign realiza-
tion, followed by sign-level processing. As a result,
a set of 6,707 unique sign entries is obtained. In
addition, the dictionary includes explanatory and
instructional content intended for human readers,
and we remove such descriptive text and preserve
only the core lexical information. Moreover, the
dictionary does not explicitly annotate linguisti-
cally manual articulatory forms such as air-writing,
finger-spelling, or manual-alphabet, we manually
identify and annotate these categories to support
fine-grained analysis.

The sign language videos are sourced from the
CNSL-DP dataset (Jin et al., 2025), which was
collected under institutional ethical approval and
provides synchronized video recordings for indi-
vidual sign entries. For each sign, multiple video
instances from different signers are available. To
ensure both consistency and representativeness, we
select one representative recording per sign entry
for inclusion in the benchmark. The original videos
are recorded at a resolution of 1920 x 1080 and
50 frames per second, with the signer centered in
the frame. We uniformly downsample the videos
to 24 frames per second and apply center cropping
followed by resizing to 512 x 512 to standard-
ize visual inputs. In cases where multiple synony-
mous lexical entries correspond to the same sign
realization, the original CNSL-DP dataset retains
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Figure 8: All manual alphabets in the Chinese Manual Alphabet, including 26 single-letter alphabets, 4 double-letter

alphabets, and 2 alphabets with symbols.

only a single representative form. To construct
a lexically complete benchmark aligned with the
official dictionary, we explicitly recover the omit-
ted synonymous entries and re-associate them with
the corresponding video instances during dataset
alignment, thereby restoring the full set of lexical
variants for each sign. As a result, CNSL-bench
establishes a unified mapping among textual de-
scriptions, illustrative images, and sign language
videos, thereby constructing a coherent and well-
aligned benchmark for evaluating sign language
understanding.

A.2 The China Manual Alphabet

Figure 8 shows all manual alphabets in the Chinese
Manual Alphabet, including 26 single-letter man-
ual alphabets, 4 double-letter manual alphabets,
and 2 manual alphabets with symbols.

A.3 Detailed Task Definition

This section provides additional description sup-
porting the task formulation and option construc-
tion strategies adopted in CNSL-bench. We first ex-
amine the feasibility of open-ended sign language
understanding and find that current state-of-the-art
MLLMs remain highly unreliable in this setting.
As illustrated in Figure 9, we draw a case from
CSL-Daily (Zhou et al., 2021), a Chinese sign lan-
guage dataset targeted at sign language recognition
and translation. The results show that even for
a short video expressing a simple and common
sentence (e.g., “The weather is very nice today,
neither cold nor hot”), flagship models such as

Gemini-3-Pro and GPT-5.1 fail to recover the in-
tended meaning, instead misinterpreting isolated
handshapes or hallucinating unrelated lexical con-
cepts. The observed failures suggest that existing
models struggle to robustly integrate temporal dy-
namics, sequential articulation, and lexical compo-
sition in free-form generation, leading to unstable
and difficult-to-interpret outputs.

Distractor Text Image Video?  Video 10
Random 72.41 3883  32.06 33.95
Semantic-Based 64.33 3695  32.60 32.47

Table 3: An analysis of distractor on Qwen-VL-Plus.

In addition, we further analyze different option
construction strategies for the multiple-choice for-
mulation. As shown in Table 3, semantics-based
distractors yield slightly lower absolute accuracy
than random sampling across modalities on a rep-
resentative model (i.e., Qwen-VL-Plus), yet they
lead to qualitatively consistent conclusions about
model performance. This indicates that the over-
all ranking and modality-dependent trends are sta-
ble under alternative distractor designs, and that
benchmark outcomes are not driven by overly ob-
vious negatives. In other words, random sampling
already provides sufficiently challenging and re-
liable evaluation signals for CNSL-bench. Since
semantics-based distractors introduce additional en-
gineering overhead and potential sensitivity to simi-
larity heuristics without changing the main findings,
we adopt random option sampling to streamline the
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AR (today) K5, (weather) #F (nice) # (hot) A (no) % (cold) A (no)
SRREMIEF, RNAAH#.  (The weather is very nice today. It’s neither cold nor hot. )
ARSI R a1, XA EFE (CSL) FAREMEER: FiD (Forget)
VAR ZTF /IR EE S L. 153 (Memory/Brain): MUBUTUARS, 87 & I RIRIES A CHORBHN/ L. XETFEP@EAR “Rm” . <B4 %

Gemini-3-Pro

“ite” o T (Gone/Clear): B4, WMifIT A kABRISMES) CHI R —NRML “PkE” B “Pi” KEIE) - X
BT T BEE XERERSINERET BTERCZESRET T B e R,
According to the actions in the video, this Chinese Sign Language (CSL) gesture means: Forget
The following is the breakdown of the gesture's s and their Finger (Memory/Brain): At the beginning of the video, the demonstrator points to
her temple or head with her index finger. This is usually used in sign language to represent "brain”, "thought”, or "memory". Waving (Gone/Clear): Then, her hand
waves outward from her head (sometimes it's a motion similar to "erasing” or "throwing away"). This symbolizes "throwing away" or "erasing” the things in the
mind. Summary: This series of movements vividly expresses "the memory in the mind has been erased", which means "forget".

FALEACIG T RIRTG “ Z4” 5

GPT-5.1

MRS PRI FWT VAR A F2 5. PR LM, JURFHBSM. FHNTI R LR, ERANENESL. ENHE. Fi
FRRER L. EPEFES, XAETRIEE SR, BRWENTE, BRENLMER: AT “1. K50 EFER RN AR <17
IEE AT, KRTFIREM, THE s . Bk, WHrhRENE O 87 1o WRRAE, R B ILE < b B (R
TR, ETRER

Based on several frames extracted from the video, it can be seen that only the right hand is involved. The hand shape is with the index finger extended upwards and
the other fingers bent. The arm is lifted from the bottom upwards, but there is no obvious left-right or front-back movement trajectory. The direction of the fingers
is straight upwards. In Chinese Sign Language, this hand shape of a single hand with the index finger extended upwards and the fingertip facing
upwards most c Iy means the ber "1". This is c with the most typical and standard expression of "1" in Chinese Sign Language: the right
index finger is extended, and the other fingers are bent, without specific spatial movement. Therefore, the meaning expressed in the video is: Number: 1. If you wish,
I can further compare it with the gestures for "up, first, you", etc., to facilitate your verification.

Figure 9: An example of open-ended sign language understanding from the CSL-Daily dataset (Zhou et al., 2021).

The input video expresses a simple sentence (‘“The weather is very nice today, neither cold nor hot™), yet flagship
models (e.g., Gemini-3-Pro and GPT-5.1) fail to generate the correct meaning. Note that the realization of concepts
such as “weather” in this example differs from the canonical forms used in CNSL-bench, reflecting natural variation
in sign expression, while remaining readily interpretable to human signers.

benchmark design and support robust, reproducible
evaluation.

A.4 Detailed Dataset Statistics

The detailed statistics of CNSL-bench are illus-
trated in Table 4, and the frame count is calculated
at a rate of 24 frames per second.

Subset #Sign Entry  #Frames

Air-Writing 407 99.8
Finger-Spelling 77 109.2
Manual-Alphabet 592 98.0
w/ 1 gesture 2,977 89.2
w/ 2 gestures 3,287 100.2
w/ 3 gestures 369 120.9
w/ 4 gestures 62 136.4
w/ 5 gestures 8 148.4
w/ 6 gestures 2 161.0
w/ T gestures 2 201.5
All 6707 96.89

Table 4: The detailed statistics of CNSL-bench.

B Experiments

B.1 Experimental Settings

MLLMs Participants. A total of 21 MLLMs
(13 Open-source and 8 closed-source MLLMs)
are included for validation, which includes a)
3 open&closed-source Image MLLMs: LLaVA-
NeXT (Mistral-7B) (Liu et al., 2024), Qwen-VL-
Plus/Max (Bai et al., 2023), b) 12 open-source
MLLMs: Qwen2-VL-2B/7B (Wang et al., 2024),
Qwen2.5-VL-3B/7B (Bai et al., 2025b), Intern3.5-
VL-2B/8B (Wang et al., 2025), Qwen3-VL-2B/8B-
Instruct, Qwen3-VL-2B/8B-Thinking (Bai et al.,
2025a), LLaVA-NeXT-Video-7B (Liu et al., 2024),
and GLM-4.1V-9B-Thinking (GLM-V. et al,
2025), and c¢) 6 close-source MLLMs: Qwen3-
VL-Plus (Bai et al., 2025a), Gemini-2.5-Flash,
Gemini-2.5-Pro (Comanici et al., 2025), GPT-4o0-
mini, GPT-40, and GPT-5 (OpenAl et al., 2024).

Evaluation Details. For open source MLLMs,
we primarily use the Hugging Face transformers
library? for model inference. To accelerate decod-
ing for thinking models under the slow-thinking
setting, we adopt vLLM* as the inference backend,
and set the maximum generation length to 8,192
tokens per response. For closed-source MLLMs,

3https://hugging-face.cn/docs/transformers
*https://github.com/vllm-project/v1llm
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any samples that fail due to API errors, timeouts, or
malformed generations are excluded from scoring,
so that the reported metric scores are computed
only over valid outputs. As for video inputs, we
evaluate two frame sampling rates: 2 fps (the de-
fault in many video-understanding benchmarks)
and a denser 10 fps setting, which better captures
the high-speed and fine-grained spatiotemporal mo-
tions characteristic of sign language.

To mitigate input length constraints, when a
dense sampling rate (e.g., FPS=10) would exceed a
model’s maximum context window, we adaptively
resample the video and include as many frames as
possible without surpassing the input length limit
(e.g., for LLaVA-NeXT-Video, we reduce the sam-
pling rate but maximize the number of frames al-
lowed within its context budget). For the GPT-
series models, we uniformly cap the visual input
to at most 50 frames to comply with the API re-
striction. Unless stated otherwise, all hyperparame-
ters follow the official recommendations for each
model, as summarized in Table 6. Accuracy is
computed by an exact match between the model
prediction and the ground-truth answer. For think-
ing models, we manually extract the final answer
from the generated response to avoid conflating
intermediate reasoning with the predicted label.

Human Assessment. Deaf community involve-
ment is essential for developing sign language un-
derstanding systems (Yin et al., 2021; Atwell et al.,
2024). To establish a human reference for CNSL-
bench, we invited a professional team consisting of
one professor specializing in sign language linguis-
tics and three sign-language students (including
one hearing-impaired student). Each student has at
least one year of classroom studying experience in
sign language; their instructors include the invited
professor and Deaf sign language teachers from
a local special education institute. To make the
evaluation feasible while preserving articulation
diversity, we constructed a 1,500-entry subset from
the 6,707 sign entries. Specifically, we retained all
entries involving air-writing, finger-spelling, and
manual-alphabet articulations, yielding 1,018 en-
tries, and then randomly sampled an additional
482 entries from the remaining gesture-only en-
tries. For each entry, we generated three multiple-
choice questions corresponding to the aligned tex-
tual description, illustrative image, and sign lan-
guage video, resulting in 4,500 questions in total.
Each evaluator completed all questions, and we

report the average accuracy over the three student
evaluators as the human performance.

C Additional Analysis

C.1 Detailed Reasoning Tokens

Table 5 reports the average reasoning tokens gen-
erated by each model, stratified by correctness and
modality. Across all evaluated MLLMs, incorrect
predictions are consistently associated with sub-
stantially longer reasoning traces than correct ones,
reinforcing the observation that models tend to
“think longer” when facing harder or ambiguous
inputs, partially mirroring human problem-solving
behavior. This effect is particularly pronounced for
stronger models. For instance, GPT-5 (M) exhibits
a ratio of 2.89 between incorrect and correct cases
under text input, indicating that failed attempts of-
ten trigger nearly three times as many reasoning
tokens. Similar trends are observed in Gemini-2.5-
Flash, whose ratios exceed 2.0 in the text modality.

This phenomenon generalizes to image and
video inputs, albeit with a noticeably attenuated
magnitude. In image settings, the ratios between
incorrect and correct reasoning length typically fall
within 1.2-1.7, while with video input, the ratios
further decrease to around 1.0-1.3. This compres-
sion suggests that the tendency to engage in longer
reasoning on more difficult cases, which is clearly
observed in the text-only setting, becomes less pro-
nounced once multimodal perception is introduced.
Rather than reflecting increased confidence, the re-
duced gap more plausibly indicates that multimodal
perception and alignment imperfections constrain
the model’s ability to adaptively allocate reason-
ing effort: when visual evidence is noisy, under-
specified, or imperfectly aligned with the language
space, the model may fail to trigger longer, ex-
ploratory reasoning even on genuinely difficult in-
stances. A further supporting signal is that increas-
ing the temporal resolution of video inputs does not
yield a systematic restoration of the gap. The ratios
observed at 2 FPS and 10 FPS remain highly simi-
lar across models, including GPT-5 and Gemini-2.5
variants, despite the substantially increased number
of frames. This suggests that the attenuation is not
primarily driven by insufficient temporal evidence,
but rather by broader limitations in multimodal un-
derstanding, such as imperfect robustness in visual
feature extraction, temporal integration, or cross-
modal grounding, which prevent additional frames
from translating into more accurately calibrated
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Model Text Image Video'2 /Ps Video'10 fps

Correct  Fault All Ratio Correct Fault All Ratio Correct Fault All Ratio Correct Fault All Ratio
Qwen3-VL-8B 1,688 2,905 2,046 1.72 255 303 285 1.19 390 414 407  1.06 252 275 267 1.09
GLM-4.1V-9B 179 304 218 1.70 278 379 339  1.36 335 400 382 1.19 318 397 374 1.25
Qwen3-VL-Plus 1,212 2,124 1429 1.75 360 431 401 1.20 1,264 1411 1,359 1.12 322 317 319 098
Gemini-2.5-Flash 818 1,755 1,006 2.15 1,090 1,827 1,447 1.67 719 938 845 1.30 720 934 843 1.30
Gemini-2.5-Pro (L) 347 349 347 1.00 132 135 133 1.02 76 73 74 095 82 84 83 1.02
Gemini-2.5-Pro (M) 1,133 1,755 1,228 1.55 941 1,281 1,073 1.36 700 788 746 1.13 708 803 757 1.14
Gemini-2.5-Pro (H) 365 532 390 1.46 915 1,177 1,015 1.29 675 757 718  1.12 699 797 749 1.14
GPT-5 (L) 248 637 291 257 339 494 391 145 325 395 359 1.22 353 442 394 1.25
GPT-5 (M) 635 1,837 759 2.89 1,017 1,614 1,214 159 1,093 1,420 1,245 130 1,312 1,701 1,480 1.30
GPT-5 (H) 1,392 3,737 1,628 2.68 2,248 3211 2,553 143 2,305 2,777 2,527 1.20 2,597 3,150 2852 1.21

Table 5: Detailed reasoning tokens across models and modalities. L, M, H: low, medium, and high reasoning effort

on the process of thinking before generating an answer.

Model Text V-L

top_.p topk T top_p topk T
LLaVA-NeXT-7B 0.95 50 1.0 095 50 1.0
LLaVA-NeXT-Video-7B  0.95 50 1.0 095 50 1.0
Qwen2/2.5-VL-Instruct 0.95 50 1.0 095 50 1.0
Intern-VL-3.5 0.95 50 1.0 095 50 1.0
GLM-4.1V-9B 0.95 50 1.0 095 50 1.0
Qwen3-VL-Instruct 1.00 40 1.0 0.80 20 07
Qwen3-VL 0.95 20 1.0 095 20 1.0
Gemini-2.5-Series 0.95 - 1.0 0.95 - 1.0
GPT-Series 1.0 - 1.0 1.0 - 1.0

Table 6: Detailed hyperparameters. T means tempera-
ture. V-L denotes multimodal input settings.

reasoning effort.

Conclusively, the results point to a modality-
dependent divergence in test-time behavior specific
to sign language understanding. Although MLLMs
display difficulty-sensitive processing in text-based
settings, this characteristic is notably attenuated
for visual inputs. Such attenuation suggests that
current models may struggle to effectively utilize
visual linguistic cues, indicating that limitations in
multimodal perception and alignment contribute to
the reduced adaptability observed in sign language
understanding tasks.

C.2 Detailed Prompt Tokens

As shown in Table 8, the consumption of prompt
tokens varies substantially across both input modal-
ities and models. For a fixed model, image and
video inputs consistently generate orders of magni-
tude more prompt tokens than text, resulting in an
extreme length gap in multimodal processing. This
disparity in multimodal processing may partially
account for the observed performance discrepan-
cies across modalities. Beyond modality effects,
the token usage also differs markedly under iden-
tical text inputs, which can be largely attributed
to heterogeneous tokenization and visual encoding

strategies (e.g., LLaVa-NeXT vs. Qwen). Such
tokenizer-induced prompt length variations may
further affect effective context allocation and rea-
soning budget, introducing an additional source
of performance variability in cross-model compar-
isons. Finally, closed-source models exhibit dis-
tinct budget characteristics shaped by their pricing-
oriented design choices. Although GPT-40-mini of-
fers a lower per-token cost, its substantially higher
token consumption for multimodal inputs results in
significantly increased overall usage, leading us to
exclude it from further evaluation due to prohibitive
cost considerations.

C.3 Instruction Following

As shown in Table 7, instruction adherence varies
substantially across models and input modalities.
While most large-scale open-source and proprietary
MLLMs achieve near-perfect instruction-following
accuracy across settings, several smaller-capacity
models and certain MLLM families exhibit pro-
nounced failures. Specifically, InternVL-3.5-2B
maintains high accuracy on text and image inputs
but collapses to around 15% accuracy on sign lan-
guage videos, indicating severe difficulty in jointly
satisfying visual, temporal, and task-level con-
straints. In contrast, an opposite pattern is observed
in Qwen2-VL-2B and models from the LLaVA-
Next family, where instruction-following perfor-
mance is already unstable across different modali-
ties. Beyond model scale, we further observe that
explicit CoT mechanisms may interact negatively
with instruction adherence, likely due to verbosity
and drifting constraints. For example, compared to
Qwen3-VL-8B-Instruct, Qwen3-VL-8B-Thinking
(marked with # in Table 7) exhibits a slight but
consistent degradation in instruction-following ac-
curacy. A similar trend is observed in Gemini-2.5-
Flash, whose instruction-following performance
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Model Text Image Video'2 fr Video'10 /7s

AW FS MA All AW FS MA All AW FS MA All AW FS MA All

Open& Close -source Image MLLMs 100%
LLaVA-NeXT-7B 1.2 6.5 2.5 4.9 612 546 623 628 688 714 737 712 - - - -
Qwen-VL-Plus 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 999 99.8 100.0 100.0 99.9
Qwen-VL-Max 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
Open-Source MLLMs
Qwen2-VL-2B 85.5 83.1 85.0 834 985 974 99.0 983 100.0 100.0 100.0 999 97.1 90.9 98.3 97.7
Qwen2.5-VL-3B 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
Intern-VL-3.5-2B 99.8 1000 99.7 994 993 974 978 975 15.2 15.6 16.4 15.3 17.4 14.3 16.4 15.4
Qwen3-VL-2B 99.8 100.0 100.0 99.9 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
LLaVA-NeXT-Video-7B 32 3.9 3.7 4.8 452 442 47.1 498 636 584 637 640 @ 60.0 584 633 62.6
Qwen2-VL-7B 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
Qwen2.5-VL-7B 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
GLM-4.1V-9B # 99.5 100.0 99.7 99.8 98.8 98.7 99.3 99.1 99.5 100.0 99.2 99.5 99.3 98.7 99.2 99.4 50%
Intern-VL-3.5-8B 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
Qwen3-VL-8B-Instruct 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
Qwen3-VL-8B 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
Qwen3-VL-8B & 99.0 96.1 949 99.1 100.0 100.0 100.0 100.0 100.0 100.0 99.8 100.0 100.0 100.0 100.0 100.0
Closed-Source MLLMs
Qwen3-VL-Plus £ 100.0 100.0 100.0 99.9 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
Gemini-2.5-Flash 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
Gemini-2.5-Flash # 99.8 1000 993 998 929 922 929 963 98.3  96.1 97.5 984 975 987 99.0 984
Gemini-2.5-Pro # 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
GPT-40-mini 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 - - - -
GPT-40 99.8 987 998 998 988 1000 992 989 99.5 100.0 993 992 99.0 98.7 983 98.6
GPT-5 & 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 0%
Table 7: Instruction Following. #» denotes inference with slow thinking.
Model Text Image Video? Video'X° C.4 Case Studies
Open-Source MLLMs L . . .
The qualitative cases in Figure 10 to Figure 14 pro-

LLaVA-NeXT-7B 272 2,453 8,913 - c e .

] vide intuitive insights into the sources of observed
LLaVA-NeXT-Video#=< 307 2,480 1,306 3,698 erformance differences and further illustrate the
Qwen2/2.5-VL 169 742 1,413 6,669 p
Intern-VL-3.5 195 415 2,102 10,659 challenges revealed by the CNSL-benchmark.
Qwen3-VL 158 590 1163 5,445 A . . .

rimary observation concerns modality sen-
GLM-4.1V-9B# 153 726 1,409 6,713 . .P y . y R
sitivity. For the lexical concept laptop (from Fig-
Closed-Source MLLMs . .
ure 10 to Figure 12), models consistently succeed
Qwen-VL-Plus 218 1,519 3,552 15,586 s .
under textual descriptions but frequently fail un-
Qwen-VL-Max 208 1621 3673 16892 : puon: quently
Qwen3-VL-Plus 206 1350 3375 20842  der sign language video inputs, despite correctly
Qwen3-VL-Plus# 210 1,396 3,228 14,334 recognizing the underlying typing motion. In con-
Gemini-2.5-Flash 225 4388 3,124 3,343 trast, image-based inputs sometimes enable correct
Gemini-2.5-Flash# 206 2,025 3,043 3,022 predictions by exposing complementary cues (e.g.,
Gemini-2.5-Pro#» 198 2,576 2,501 2,451 . . . «“ ’ .
. ’ ’ ’ typing combined with an “open” gesture). This
GPT-40-mini 270 71,274 230,971 - yping comet n--open - g )
GPT-4o 264 1993 5507 8.383 contrast indicates that sign language understand-
GPT-5# 202 1,161 3,219 8,382 ing is strongly affected not only by the presence

Table 8: Average prompt token consumption across
different input modalities. #» denotes inference with
slow thinking. &< indicates that videos are sampled
at a maximum of 6 FPS due to the context window
limitation.

decreases when slow thinking is enabled. These
findings suggest that instruction-following robust-
ness in sign language understanding is influenced
by modalities, architectural and training choices,
and may be further affected by the introduction of
explicit reasoning.

of visual information, but also by how spatial and
temporal cues are presented across modalities. Be-
yond modality effects, the cases suggest that sign
language comprehension often requires integrat-
ing perceptual recognition with implicit semantic
associations. As shown in Figure 13, Gemini-2.5-
Flash may correctly identify individual sign com-
ponents (e.g., a nose-related gesture corresponding
to “smell”) while failing to connect them to the
intended meaning in context. Such failures reflect
the fact that sign language is not a simple compo-
sition of isolated gestures, but relies on culturally
and linguistically grounded conventions that are
not always explicitly observable. At the same time,
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Z8AR (Laptop) ASBILABER | A Laptop
(=) QFHARG W, R, LU, wighit ek, :
() BB, LA, AR ETIFB1E. b B. Warrior
(1) Bend the fingers of both hands, with the fingertips pointing down, and | C. [}y (H1F) | C. Because/Due to
alternately tap a few times as if striking the keys of a computer keyboard.
K \ (2) Stretch both hands out horizontally, with the palms touching each other,
= and then make an upward opening motion with the right hand.

W:@

D& D. Transmit

Qwen3-
VL-2B

Qwen3-
VL-8B

""" A e XITERAEENREHRENEFE. ATED, RERENRTRE “BE” & N7 B8R, B o XTRER
CHF” R “4e” , EREF LT EFXTFET, HFANTFH: “AR7 BEES “ABEE" R “FB” , THRERTFHANTEXRIFES)
fEo “BA” BK“dIT7 WHREAREEM TS, ARAME. “HL” ﬂﬁﬁﬁ%’ﬂi?ﬁ?i&iﬂ, (AR REFoR “TehE” sRRBMARI. A" &AM
M, (RFEAREHENEROR . BRSZH BT E P A oo SRS XUTHEM, BOOAN, SREA TR BT, XUERMR T &R
AR . Z‘E'#“)Z? B, A ANFHER AN 8 AR }M“’%?LETZ, ~~~~~~ CRKAHE) oo ABIDAHE” TTHE, ﬁ%—"‘ﬂﬁ%ﬁiﬂ%ﬁﬂ A
BRRR “HBN” , {5 AR EEA. SRR B RSO E A “(e” BN~ AR IUR. (10— T G, LRI HAE: " il dﬂ’r%_
MR A2 " SERFINE . B30 muhBEEE, WREEOR RN BN o B UTENE, IiERoR Akl o AR R
IR FLATRED. CTN” WAL TS, RUNDREHER. o AEICALI MR, (15 M REk e, W iR i |
15 &R SRR, EETFICH, BHD M FAERRAER. Fok, RiEHED,

...... SHTENE: () WTTARSH, BRUIT, ZEASLT, Wit SR, TR A, TR BN B R .
(20 UFPBM, HOMAM, REETHA EITANSME. NPRHEOHEBTERES “FH” R “ExaE” , REETRETFTREES “07” R
“RIFT o BEPIANES, BERROR “ERARN” , FAZREBEARBMFE. fE ) BUlmEEE, MR, S
<‘) XXT—ffﬁﬁi‘% UHIG AT REROR B, ARG A T BT P RORIT I R RE . E TR, ELAMOE I FARORR AN 4. I, K fhik o

.D. f5#fl: BERAEFEEREE, TREEFHRARDEREIEE . EH3E (=) Rigddd, 3E () RITFER, XEHEHEAZ
1E$EEM iR ETES, SRAARNERENE: NN, PRI, BN, RUNABDAGREERNR. B, .
IR A B NZRA I A N . BOROE R R, AEA A R, BRZURIA . R, EU AL By Co DRI, PTLAf A
WA 2R . G, BRFZARA.

°Y GLM-4.1V

2
W
&

ROV B—05 WFRBEE, BRUT, XBRAILT, Dt EIEER" ——XREMRRE, MEpREHEX B85
CUFRE, BOAAM, REAFHE EITFSIMEY ——SEXHARE, MMETENARETARE? Fxf, B8, KEFEUD? X, AFHE
- P— ? REBERNFE. ... ? AR, CHIERFERNTFH “FR” BFFS? A, M (D) AR, R, WRRZWHT, B8, B
AL G , B ERTREAI B RAE, IBAREICARNG? SE AN, 5. DR ERT R AR . B ASER
RATHF B ? AR R BT AN ? BETTREEMAZRA? X, HARR. W, WHIEMETZA? A6, B8, R EEHD? ... 2 Axf, &
FOM: AR GRS IERITIF &, UG R ILA RN ? IEA? AN, WRRRME T . L
D? ... AREIEWERREA? A%, WA ZATEMRH T . s IEFATURA? BAHWIEA? R, FHE. B, WRERTFEEA. Fiikiba?

7
g

Gemini-
2.5-Flash

Gemini-
2.5-Pro

...... Let's start with part one: (—) XF L85 i, FHREAT, 2B AAJLF, s SAEEEDR. " This is the classic "typing” gesture, clear as day. The
fingers are curved, pointing down, and tapping like they're hitting keys. Pretty much screaming "keyboard."Next, part two: () SUFHifh, SOk, AREH
Fffm 3T FFI5/E. " Okay, we've got the hands extended, palms together, and then a right hand opening upwards. That’s a classic "opening"
motion. ..... This could be opening a book, a laptop, anything that opens. So, combining those two parts... Typing and Opening... Hmm... We're definitely
looking at something that involves a keyboard and has an opening mechanism. ... Now, let's look at the options. A. ZZicd A< Hi [ (bijibén diannio - laptop
computer): Bingo! This fits perfectly. Typing (keyboard) + opening (screen). The first part is the typing, and the second part is the laptop screen opening. This
is incredibly straightforward, from my knowledge and experience. B. .....C...... D.....Therefore, the best answer is A. It leverages my understanding of
CSL structures and the most common conceptual interpretations used.

...... The first part describes a "typing" action. That jumps out as very iconic. The second part describes something opening. This, combined with the
"typing," should immediately narrow down the possibilities. Now, I look at the options. "Laptop computer," "warrior,” "because,” and "to send a message." Let's
eliminate the obvious. "Warrior" ...... "Because” ...... And "To send a message” ...... Now I focus on the connection between the described actions and
"laptop computer." The "typing" is spot-on. That's a direct reference to using a computer. The "opening" gesture... that seals the deal. It clearly
mimics opening a clamshell-style device. The hands together at the start represent the closed laptop, and the opening is the screen. This is a direct
representation of a laptop in CSL. Let's quickly check the "send message" option. There's an association but using "send message” isn't a direct connection
like the other one. It's more about the action and not the object. The CSL sign is often expressed through hand movements from the mouth or other
gestures representing sending. Based on this, option A is the only logically correct answer. It maps perfectly to the two parts of the gesture sequence: typing
(computer) and opening (laptop). So, I need to make sure I format my answer correctly. The instructions say only the letter, no explanations. It's just "A."

Figure 10: Text-based sign language understanding for the lexical concept “laptop”. Under textual descriptions,
models successfully associate the described typing action with the intended concept, demonstrating robust perfor-
mance when sign language information is abstracted into natural language.

we observe emerging sign-specific capabilities in
stronger models. In Figure 14, Gemini-2.5-Pro
correctly maps a visual sign to the Chinese charac-
ter “neng” (meaning “can” or “ability”), indicating
partial acquisition of sign knowledge.

Conclusively, these examples emphasize that the
difficulties faced by current MLLMs stem primarily
from the intrinsic linguistic and multimodal com-
plexity of sign language, rather than from isolated
perceptual errors alone.
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ASERAER | A Laptop
B. %1
C.[A% (T | C. Because/Due to
DAL

4ERA (Laprop)

) MFFARD M, BRI, ZHEASLF, it ek,

(=) TR, B0, SREH T BT IR .

(1) Bend the fingers of both hands, with the fingertips pointing down, and
alternately tap a few times as if striking the keys of a computer keyboard.

(2) Stretch both hands out horizontally, with the palms touching each other;
and then make an upward opening motion with the right hand.

B. Warrior

D. Transmit

HRBOPEIRAA . BURERED, . EHDRE “1Ei”7 , HIETFIETEFARETS. ), L. C& “BA”, “BA” £FiE
oo BIWAR “EiRARBM” , EERERAE MIEM, U, HIBR “5, HLMTIETATRARENES o EIDR “HIR7 , .
BFEERR, (RFBAFEIHE, ()RS M. TRECIRMERTRAEA TR, HIERE. BREIMGN, ARBRA M, HERS
AR, HE. BRE L, BT aEENE TS, BT FHFE, EERRPTRAR. FTRAHE, EREMNIZED.

ERAILT, CR “HN (T 7 . Fifd “FR” @HMAFAORER, h—RERFEAR, A—RAFRFER, REFRENTHHE. EHbh
REAZORREIFHNME, i ) WREFHaE, () RS0, SaWiFiE, “FA” RHANTIERE. MR AZICAERN. B
Bk DRI, KB RI FARF AR ARG E DI E. W “fR” WTRAEIB G BITS, HETEHEERRRERRE. FERBHEC,

~y

AS)
@GLMA v

—

HARMREIZPEFEST R FHEE L RFETC “ WA (hT) 7, HEAMFHAREICE. Adr A HZE AR, AR L5, KR
AEXRE “[KN7 2 A, P s B EUREE, A aeRZ e iZaiRe sy i, WREEMEIURC? Axt, FRE. W, WTHREMmSRLC?
A, FHE. BEREITDE “HA GET) 7 WFEANE? AR, WRRZIET . A BETFES, AT THIE? SEREHCE “HA
CRT) 7, MERIRREA T3, MEC? 8w AeRATICH 72 BUEZ0 e — IERET. RICIEMIEIURC, Frilftic? A, BE. REF
i, ARECAU, FARKE: BHL, FHUAME: DEIR, AR, IR TRCTRRIER. FrAR&iEC?

Gemini-
2.5-Flash

...... Part (—) shows two hands, fingers slightly curled, like they're grabbing something or maybe vibrating over a wavy line. The wavy line is a
common indicator of repetitive action or something happening. ...... There's an arrow indicating this descending motion. Laptop signs usually have
clear handshapes resembling an open device. ...... "Because/Due To" is the strongest contender. Part (Z), with the dominant hand descending ......
Putting it all together, the two parts align perfectly with the structure of "because” ([ ) in CSL: 1. Part (—) sets the context, presenting the situation/reason.

2. Part (=) shows the dominant hand signifying the reason placing into the palm of the other hand representing the result. Considering this, option C, "E %
(because/due to)", looks like the clear winner.

...... First, I see two distinct M ()i a typing motion, palms down, fingers bent, hands moving up and down slightly. That's
clearly representing typing, almost universally. Next, Movement (—) depicts opening and closing, a hand moving down to cover another, shaped to
mimic a laptop closing. It's very clearly the laptop itself. Combining those, it has to be a "laptop". I know how CSL, and indeed many sign languages,
often use iconic gestures ...... D. f£ifl (chuanxun) - To send a message/dispatch: Could involve information, but the specificity of the gestures to a laptop are
too precise. Message uses index fingers. Based on that, I'm confident in "A". Therefore, the final output needs to be "A".

Gemini-
2.5-Pro

Figure 11: Image-based sign language understanding for “laptop”. With illustrative images, some models correctly
infer the target meaning by jointly recognizing multiple visual cues (e.g., “type” and “open” gestures), highlighting
the role of complementary spatial information in sign language interpretation.

EieA (Laptop) AZiLAHR | A. Laptop
O WEHAETH, HRE T, ZEALF, Wi R . X
(= XUFH, BoAi, RRATF A TR B. 54 B. Warrior
(1) Bend the fingers of both hands, with the fingertips pointing down, and .
alternately tap a few times as if striking the keys of a computer keyboard. C.H%y (H#iF) | C Because/Due to
(2) Stretch both hands out horizontally, with the palms touching each other, DAL D. Transmit

and then make an upward opening motion with the right hand.

M, NSRS, SRETHGM T AESIE. o EBURA “BA (T 7 KPR oo BT T IESIE: EAET, FIEIMEATRER “BHN”
gF T TR, B, RS RN (T TSRS FRMSIERRE, R XCT MR E FHREORAR . BUEGES, CEIUE “F
Jy GRT) 7, FTATEME R GG, RIEE LT, i By sk T TR, 8 S RO T R X ERE M T . R Eh
1B NPRMHRFLTE, BEXX, KAWER “FA” KITFHE. L, ERERMZRC.

Qwen3-
VL-2B

e WICRGA ZICAR, BB, CAN (T . DAL, - “ER” AIBRATRETR “FRMMEEMHE, TRELITER" KhE.
MBS E: 6T, WFEE, AT “BFA” MT5H. i, T Xads S (E, XaTaexss “BoN” . AR, &
CBEA (BT 7 ABRARPERATHORETRE, WRALE; BE L RERE TS, WmTEME; DLW kREBIEE, HR
WIS A ERR (-1 IMTFHO , B REHR “BR” . FEFHMIETED “BEA” MFH. BIK “BR” FER: —RTBERNN, 5—H
FHEM “RE” HFH, LWPREE, FREH, REHRERNESIEROEME. W6 108 B E Tt RHIXA. BT ERERR%RAC,

Qwen3-
VL-8B

AP B 5 AR D 1) R T A D TR S LI ¥ SRR ML T RS RN & . BECEA (BT 7 WFEHERE, SREFSHENN
Pio BRTAE T E AR, Al i X FOE PRI AT BRI 016, e . BEREREHRC? A, TRBESE. RETRRZIHERZ,
CER “BEA (BT ” WTEERI. FrlRgsc?

‘Y GLM-4.1V

...... The signer starts with relaxed hands at their sides. At the two-second mark, the hands move up, palms facing each other. Then, at three seconds, things get
interesting. The left hand forms a flat palm, facing upwards, and the right hand forms a flat palm facing downwards. And, importantly, the right hand
taps the left hand once. After that, the hands return to the relaxed starting position. ..... Tapping one flat hand on top of another, or placing one flat
hand on another, usually signifies "because,” "reason,” or "due to." ... A: 2532 & # (Laptop computer) No, that's usually shown by forming a
"laptop” shape with the hands or using a keyboard motion. Doesn't match. B: 51 (Warrior) Definitely not. That would involve gestures of strength,
fighting, or holding a weapon. Doesn't fit. C: [y (f1-F) (Because / Due to) Bingo! This gesture aligns perfectly with the hand movement in the video.
The foundation/reason concept is right on target. D: {£if\ (Transmit a message / Message) Doesn't seem right. That would involve a "sending" gesture or
something similar to writing. Therefore, my conclusion is that the sign in the video most likely represents **C: & (f1F) (Because / Due to).

Gemini-
2.5-Flash

...... First, I need to really look at the video itself. Hands down to start, then they come up. Ah, palms down, fingers extended, and together. The right
hand goes on the back of the left hand, forming a sort of base, right? It's held in front of the body, a bit lower than chest height. This really screams
"foundation” to me. ..... A. Laptop Computer: Nope. The sign for "laptop” just doesn't involve this handshape or movement. It's much more dynamic,
mimicking opening and closing a laptop. That's out. B. Warrior/Brave: No way. "Brave" usually has a fist gesture, near the chest or shoulder, signifying strength.
Totally different. C. Because/Due To: Wait a second... That's it! That's exactly the sign. The left hand is the foundation, and the right hand is placed on it,
showing the basis for something. Yes, that's spot on. D. Transmit a Message/Summon: Nope. The sign for "transmit" usually involves a movement away from
the face or head, showing the sending of information. This isn’t that at all. So it's gotta be "Because/Due To", option C.

Gemini-
2.5-Pro

* T

Figure 12: Video-based sign language understanding failure for “laptop”. Despite correctly recognizing the typing
motion in a continuous sign language video, models fail to recover the intended meaning, indicating that temporal
visual recognition alone is insufficient for reliable sign language understanding.
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RA, | 25, (Function) AJR %4 A. Server
(—) —FEMREY, fEk— Erksh—E.

() BT CQUER, FRmn, ETRILL. BRA (%4) |B. Weather/Air
(1) Raise the index finger of one hand and extend it vertically, then perform
a circular motion above one side of the head. (S C. Sect

(2) Form the handshape corresponding to the manual alphabet letter "Q"
with the fingertips oriented inward and positioned at the level of the nostrils.

DR D. Mango

FPBUERES N FEAERENEE. HRBEWHTOEE: F287D2 0, FENMFAFERTFRARAEL OTRES <87 R “TFHR” ), BER
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Analysis of the CSL Sign: Okay, so the user wants me to figure out what this sign means. Let's break it down: right hand up, fist closed, then down to the
nose, with the index finger and thumb pinching. Classic "smell" or "nose" in Chinese Sign Language (CSL). Easy enough. Now, the options. Server? Nope.
That's a "serve" and "machine” kind of deal. Sect? "Religion" and "group," definitely not. Mango? They're showing me cutting and peeling imaginary fruit,
totally off. But Weather/Air? Hmm... "Air" usually has an open hand, like a breeze, or moving around the face. The pinching's not quite right for "air"
on its own. However... what if it's about the smell of the air? Pollution, maybe? That's a possibility, but let's see. Looking at some signs for Weather and
Air in CSL, I see this gesture isn't a direct sign for those. Okay, let's keep digging. Searching for signs for each concept shows that it's just the sign for nose, or

Gemini-  smell, or the act of smelling. If I am being specific to the movement the options aren't right, yet it does appear that there's a connection. Mango is definitely out.

2.5-Flash Server and Sect are no go. Now for "Weather/Air". This is the only one I can even try and connect the sign to. In terms of CSL, is there any association between
it and the nose or the act of smelling? "Smelling the air,” could be linked. Given that this is a multiple choice quiz, and the sign means smell and the best
option to pick would be "Weather/Air", let's review the sign again. This sign means nose or smell, and in the CSL. So out of the options given, picking
"Weather/Air" is the closest and only reasonable interpretation in the given context. The sign is definitively "smell," and that strongly suggests "4/
(air)" when thinking about air quality or the sensory experience of the air (does it smell bad?). Even if it's not the primary sign, this is the best fit. I'm
going with "B. X5, (&) ".

Alright, here's what I'm thinking. I'm being asked to identify the sign language displayed in the video. Time to break it down systematically, as I always do. First,
L. I need to really analyze the video. Okay, so the woman starts with a fist near her shoulder, thumb up. Immediately, that shouts "sky" or "heaven” (3X) to
Gemini-  me. Classic. Then, she brings that closed hand to her nose. That's a clear "air" or "breath” (%) gesture, potentially even "air" (3¥%) on its own
2.5-Pro depending on the context. Now for the crucial part: putting it all together. It's almost certain that combining those two signs gives us "weather" (A*<). Next, |
need to evaluate the options provided, starting with A, "fI[R55%% (fa wu qi) - Server" Nope, the signs for "serve" or "server” (as in the machine) are totally
different; probably involve flat hands or motions related to computing. Doesn't fit. B, "K’5 (%3*{) - Weather (Air)"... Bingo! The combination of "sky" and
"air" directly translates to "weather" (K“%), or even "air" (%3/<) on its own. It's a perfect match. C, "%k (zong pai) - Sect/Denomination.” That's an abstract
concept. I'd expect signs related to "group" or "belief" for this, nothing close to what's in the video. Wrong. And finally, D, "% (mang gud) - Mango." No way.
The sign for mango would involve hand shapes depicting the fruit or the action of eating it. Completely off base. Therefore, the video demonstrably displays

the sign for "weather" or "air". The answer, without a doubt, is B.

+* <+

Figure 13: Partial semantic recognition without correct contextual integration. Models correctly identify individual
sign components (e.g., a nose-related gesture), but fail to integrate them into the intended semantic concept, reflecting
the implicit and convention-driven nature of sign language semantics.
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ThéE (Function) A A.Blue
(=) EFf. fIRSHFARERR “L7 7%, REHFRRELFHERE 7 7,

Ui “3h” . Bt i B. The Salar
(=) —FH, FEomsh, RER. b BH MEEH—TF. nationality
(1) First, the index and middle fingers of the left hand and the index finger of the right hand form

the shape of the character “gong” (T). Then, the index finger of the right hand writes the character | C. Riif (J#)) | C.phrase

“li” (7)) in the air beside the left hand, imitating the shape of the character "gong" (7).
(=) (2) Hold one hand upright with the palm facing outward, and then bend the index, middle, ring and D.ZhRE D. Function
little fingers once.
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Alright, let's break this down. The task is to decipher these Chinese Sign Language gestures. I'm seeing two distinct signs in the image, labeled (—) and ().
Analyzing (—), the first gesture, it looks like a "scissors" shape with the index and middle fingers extended on one hand. The other hand's index
finger is moving towards those "scissors." There's even a "JJ" symbol, hinting at force or emphasis during the movement. My initial thought is that
this could represent a kind of "cutting" or articulation, maybe relating to separating something. This could potentially represent the concept of "word" or
"phrase” in CSL. Now for (=). This one shows a hand with fingers extended, but then they curl down into a fist, or at least a relaxed position with the
fingertips pointing down. The downward curling indicates something is shortening. This is a very clear representation of "short" in CSL. Now, putting it all
Gemini-  together. Considering the options, let's eliminate the outliers first. "#" (Blue) is definitely out, as it would likely involve gestures related to the sky or eyes. "}
2.5-Flash #ij%" (Salar ethnic group) is unlikely, as it's too specific. And "Zifg" (Function) has nothing to do with shortening or words. That leaves us with "4 i
(4f]) " - "Phrase (Short Sentence)". This is where it gets interesting. "4i" (dudn, short) definitely maps to gesture (). "i&" (yi, language/speech/phrase)
is the key. Thinking about it, the movement in gesture (—) with the "scissors" and the index finger could be interpreted as "articulating” or
"separating" words. The "Jj" symbol would then reinforce the concept of force or emphasis. It represents words coming out in some way. I'm
pretty confident that the image depicts the signs for "4" and "i&" - or "#]", in the context of sentences. Let me double-check my internal knowledge of
CSL. Remembering CSL resources, "4i" (short) is often a downward movement of the fingers, which matches () perfectly. "iZ" (word/phrase) often involves
a tapping or movement between the fingers. Gesture (—) represents a form of articulation by using the index finger on the "scissors" like the mouth or the
sound of words coming out. I'm pretty confident in the final answer. Therefore, I'm going with C, "{&Gi& (fg4)) "

Alright, here's what I'm thinking. I'm being asked to decipher a Chinese Sign Language gesture. Okay, let's break it down methodically. First, I need to see
- what's going on in the image. (—) shows a hand using the "scissors" handshape, with another hand tracing the character "J;" (1i), meaning "power"
Gemini-  or "function”. l recognize that. Then, in (Z), the handshape changes to three fingers extended, and then they bend downwards. That signals the
2.5-Pro  character " é i ". Now, time to combine those. “/;” and “fi¢” together immediately bring to mind "Ihfig" (gong néng),
which translates to "function” or "capability So, I'll go through the options, just to be thorough. A 3% (1an - blue): Nope, that's not related. The sign for "blue”
would look entirely different. B. {f(#i % (Salazu - Salar people): No, the Salar sign wouldn’t use those handshapes or movements. C. %7if (4i%])) (dudnyl
(du&njt) - phrase/short sentence): Nope. The sign for “phrase” or “sentence” is a different gesture altogether. D. Zj§f (gongnéng - function): Bingo! That's
the combination of "J7" and "f". Therefore, the answer is D.

+

Figure 14: Emerging sign-specific symbolic understanding in advanced MLLMs. A stronger model successfully
maps a visual sign to the Chinese character “neng” (meaning “can” or “ability”), suggesting partial acquisition of
sign language knowledge, while still falling short of comprehensive understanding.
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