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https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2

Table 1: 2T LLaVA-1.5 [ 5 1% BHEERR M 00 45 5

Benchmark Untargeted Targeted (Ours)
Random Coincide PreSel Concept T Skill 1 C-S
VizWiz 28.4 + 0.7 28.7 28.4 30.2 28.6 +1.6
LlaVa-Bench 66.7 + 1.4 68.0 68.4 68.0 67.4  +40.6
VQAV2 72.2 £ 0.2 73.3 72.5 72.1 71.6 +0.5
TextVQA 52.0 + 0.3 52.1 51.1 54.8 544  40.4
GQA 52.7 + 0.5 53.6 52.0 54.1 54.0 +40.1
MME 1259.3 + 12.8 1343.0 1326.3 1302.4 1248.2 +54.2
MMBench(en) 55.8 + 1.4 55.2 57.0 57.1 57.0 +0.1
POPE 84.3 + 0.6 83.9 84.4 83.5 84.7 -1.2
STVQA 44.7 + 0.1 46.5 45.1 46.8 47.5 -0.7
SQA-T 65.9 + 0.5 66.3 66.7 65.8 68.7 -2.9
AI2D 50.8 + 0.6 50.5 51.1 49.1 53.8 -4.7
OK-VQA 45.2 + 0.7 51.7 42.4 43.2 50.8 -7.6
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Table 2: %F LLaVA-1.5 1 10 t% i Seun b .

Benchmark Untargeted Targeted (Ours)
Random Coincide PreSel Concept T Skill 1 C-S
VizWiz 288 £ 1.1 29.7 29.8 29.2 30.8 -1.6
LlaVa-Bench 67.0 £ 3.2 68.6 66.9 68.4 68.2 +0.2
VQAV2 74.0 £ 0.2 75.0 74.0 74.5 73.6 +0.9
TextVQA 53.5 £ 0.7 53.4 53.3 55.0 55.7 -0.7
GQA 56.0 &= 0.2 56.6 56.0 56.6 57.2 -0.6
MME 1349.6 + 34.1 1382.4 1387.3 1368.6 1302.7 +65.9
MMBench(en) 58.1 £ 0.8 60.8 57.7 57.7 59.5 -1.8
POPE 84.0 £ 1.0 84.3 84.3 84.9 84.3 -0.6
STVQA 47.1 £ 0.6 48.2 47.9 47.7 48.7 -1.0
SQA-I 67.7 £ 0.5 66.9 66.0 67.1 70.4 -3.3
AI2D 52.2 £ 0.5 53.3 51.5 51.9 54.2 -2.3
OK-VQA 49.5 + 1.3 53.7 50.4 50.7 51.9 -1.2
Table 3: ALLaVA 2.5 % FHiE 458 T sg JLiava-Bench
Y4 .U
[7p]
Benchmark Untargeted Targeted (Ours) '
Random Concept 1T Skill 1 C-S 4% 2.51 :\I\;Iglvﬁllz
VizWiz 210 + 0.4 3L1 305 406 g MMBenYREYA ~ TextVQA,
LlaVa-Bench 63.2 + 2.5 76.6 70.7  +5.9 c 0.01 Swﬂﬂi
. . ) . : S
VQAV2 52.5 + 2.8 723 709  +14 . °
TextVQA 36.6 + 3.2 522 528  -0.6 Y —2.51 SQA-I
GQA 348 £ 1.9 52.7 51.7  +1.0 5 ai2d
MME 854.4 £ 97.8 1208.5 12229 -14.4 € —5.01 o Concept+
MMBench(en) 29.9 + 1.8 52.0 54.8 -2.8 "8 Skill+
POPE 761+ 1.6 83.3 823 +1.0 8 -7.5- okvga
STVQA 29.8 + 3.5 46.8 475  -0.7 _6_2 —6.1 O:O 0:1
SQA-I 44.9 + 5.4 62.1 665  -4.4 .
AI2D 424 + 2.6 50.3 540  -3.7 Mutual rank difference
OK-VQA 04+03 384 247 +13.7
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Benchmark Concept-Skill Hybrids

Max Sum Split  Concept 1 Skill 1
GQA 53.9 54.9 53.7 54.1 54.0
MME 1312.3 1312.5 1337.2 1302.4 1248.2
SQA-I 70.1 69.3 68.1 65.8 68.7
OK-VQA 41.9 474 474 46.8 47.5
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Table 5: SQA FEAYHZRETNIA 5 HAE LLaVA-1.5 YIGRE & H it AP LK -

Samples from benchmark

Nearest neighbors in training set

To interpret the graph accurately and identify temperature
trends across the months.

The ability to interpret and analyze text and numerical data
related to temperature ranges.

One must analyze the beak shape of the birds to determine
adaptations for cracking hard seeds.

One needs to observe details of the bird’s beak shape,
feeding behavior, and surrounding environment.

Identifying and comparing the number of pink balls in each
solution.

One must identify and differentiate between various types of
balls in the image.

The ability to compare the number of seedlings in different
pots and analyze growth differences is required.

Observation, interpretation of visuals, and understanding of
growth requirements for plants.

Identifying organisms based on scientific names and recognizing
their taxonomic relationships within a specific context.

Identifying the animal’s species and recognizing its
characteristics for accurate scientific naming.
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Here is a list of questions about an
image:

[QUESTION_1]

[QUESTION_2]

[QUESTION_3]

Don’t answer the above questions
directly. What visual skills are
required to answer these questions?
Answer in one short sentence with
less than 20 words without any extra
reasoning.

FA1:8 15 COINCIDE (Lee et al., 2024) [
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Table 6: OK-VQA A5 HAE LLaVA-1.5 YIZRIE G o i it ARAEAS Z [0 1 B BEfi b LA

Samples from benchmark Nearest neighbors in training set

One must recognize the vehicle type and its design characteristics Identifying the vehicle type and recognizing its historical

to determine its historical context and invention date. context.

One needs to identify the meal’ s ingredients, presentation One must identify cultural elements in the dish’s presentation,
style, and cultural context to suggest a suitable side dish. ingredients, and style.

Identifying the pastry type, size, and any visible toppings One must identify colors, textures, and shapes of the filling

or fillings. in the pastry.

One must identify size, shape, and features typical of buses You need to identify and differentiate types of buses based
versus vans to answer the question. on visual characteristics.

Identifying logos, labels, and packaging design details in The ability to identify brand logos and labels on beverage

the image to determine the origin of the beverage. packaging.
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