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A. Statistics of evaluation question prompts Table 2. Statistics of fingerprint datasets used for FPBENCH

B. Dataset statistics

Tab 2 represents the fingerprint dataset statistics used in FP-
BENCH. Note that the datasets were cleaned to remove any
latent prints, palm prints, digital (RGB) fingerprint photos
or 3D prints prior to using them in FPBENCH.

C. Example ACE-V sheet

Fig | shows an example ACE-V sheet for fingerprint analysis
and evaluation for a pair of prints. The sheet concludes

The cumulative statistics for the questions in FPBENCH Dataset 1\.10' of No. O.f Total
evaluation is provided in Tab 1. Fingers | Impressions | Images
FVvC2000 [7] 440 8 3520
Table 1. Key statistics of questions in FPBENCH. FVC2002 [8] 440 8 3520
Statistic Number FVC2004 [9] 440 8 3520
Total questions 4940 NIST SD302d [5] 2000 1-3 5141
Total categories 5 NIST SD301a [4] 240 1-15 4366
Total tasks 8 GenPrint [6] 10000 15 150000
Public datasets used 6 Anguli [1] 10000 - 10000
Questions with multiple images | 3220 (65%)
Questions with single image 1620 (33%) Table 3. Configuration settings for closed-source models in FP-
Questions with only text 100 (2%) BENCH
Total images in all questions 13654 iode Zero-shot/chain-of-thought
Unique number of images 9034 ode Reasoning maxQOutputTokens
Unique question templates 419 GPT-5[12] reasoning_effort="minimal’/*medium’ 32/128,000
- 0 Gemini 2.5 Pro [3] thinkingBudget=128/dynamic 136/ 65,536
Maximum question length 1275
Maximum option length 160
Average question length 71.59 “Individualization” as Level 1 and Level 2 features are in
Average option length 6.80 agreement
Total options in each question 3or4 '
Frequency of A as correct option | 1330 (26.92%) .
Frequency of B as correct option | 1261 (25.52%) D. Proprletary models API Conﬁg
Frequency of C as correct option | 1299 (26.29%) Tab 3 refers to API configuration for proprietary models
Frequency of D as correct option | 1050 (21.69%) GPT-5 and Gemini 2.5 Pro in zero-shot and CoT settings.

E. Additional Results

The change in performance under different evaluation set-
tings is shown in Tab 4. Fig 2 depicts the performance of
all the models across all the tasks in the form of a heatmap.
This helps in understanding the individual and average per-
formance of the models across all the tasks. The radar plot
in Fig 3 indicates the accuracy with increasing value as one
moves away from the center (0%) towards the outer periph-
ery (100%); each axis on the concentric circle corresponds to
a single task. This depicts that the model with a larger area
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Figure 1. Example ACE-V sheet from the ACE-V analysis task on a sample fingerprint pair in FPBENCH. The template is referenced from

Document 9 of SWGFAST documentations [11].

(in all directions) has an overall better performance across
all categories and tasks.

F. Zero-shot vs. CoT output comparison

Manual review of the CoT response of Qwen3-VL-32b
model revealed reasoning inconsistencies (Fig 4). Despite
concluding a match, the model assigned incorrect and dis-
similar pattern classes to the images, indicating high-level
understanding without fine-grained discrimination. This
opens the path for domain adaptation that can potentially
improve the CoT reasoning capabilities of the models.

G. Tool Retrieval Questions Generation:

Following the approach in [10], we designed a detailed
prompt with 10 APIs and a total of 22 functions to gen-
erate the FPBENCH questions. We included APIs covering
a wide range of fingerprint understanding tasks, comply-
ing with real-world scenarios and systems. We generated
a total of 150 questions each from GPT-5 and Gemini 2.5
Pro, out of which 100 were selected. We manually reviewed
and rephrased the questions to maintain diversity and cor-
rectness. The detailed prompt for question generation is
provided below.

Prompt for Generating Tool Retrieval Questions:

You are an Al tasked with generating complex, real-world
scenario questions to assess a model’s ability to select the
correct API and function calls to accomplish nuanced tasks.
Use the list of APIs and functions provided below.

1. Pattern Classification:
api_name: api_1

e classify_pattern
Description: Predicts the pattern class in a given fin-
gerprint image.
Input: np.ndarray or str - The input fingerprint
image.
Output: str - The predicted pattern (‘loop’, ‘whorl’,
or ‘arch’).

* get_pattern_probabilities
Description: Returns probabilities for each pattern
class.
Input: np.ndarray - The input fingerprint image.
Output: dict - Probabilities for each pattern class.

* match_pattern
Description: Checks whether the fingerprint pair has
the same pattern class.
Input: Two str - Two fingerprint pattern classes.
Output: bool - True if fingerprint patterns match,
False otherwise.

2. Matching:

api_name: api_2

* extract_features
Description: Extracts fingerprint features from finger-
print images.
Input: np.ndarray or str - The input fingerprint
image.
Output: np.ndarray - Feature vector for the finger-
print.

* compare_features
Description: Compares two fingerprint feature vectors
for a match.
Input: Two np.ndarray - The feature vectors of



Table 4. Change in performance (accuracy %) under chain-of-thought compared to zero-shot evaluation setting in FPBENCH. Negative
values suggest a decrease in performance in the chain-of-thought as compared to the zero-shot setting.

Overall | Pattern | Minutiae Orientation | Verification | Sensor | Real/Synthetic | ACE-V Analysis | Tools Retrieval
(5000) (800) (800) (400) (800) (800) (600) (600) (100)
Open source MLLMs (<4B parameters)
LLaVA-OneVision-0.5b-OV | -18.99 -3.33 3.44 =32 -1.0 -5.97 -1.76 -1.17 -6.0
Qwen3-VL-2b-Instruct 3.23 -4.56 1.85 2.21 1.74 9.33 -3.16 4.32 -8.5
Open source MLLMs (4B - 13B parameters)
Gemma3-4b -33.32 | -12.07 -4.68 -3.94 6.09 -15.42 -2.63 2.33 -3.0
Chameleon-7b -15.07 0.99 0.12 -2.71 -2.98 -1.24 -8.6 -2.65 2.0
LLaVA-v1.5-7b -31.95 -13.3 -0.25 -8.62 -3.73 -3.98 -1.23 0.16 -1.0
LLaVA-NeXT-Interleave-7b 1.28 -1.23 -1.11 =32 0.12 -0.38 -1.75 -0.17 9.0
LLaVA-OneVision-7b-SI -39.02 | -11.57 -5.55 -5.67 -3.48 -1.12 -2.63 -1.0 -8.0
LLaVA-OneVision-7b-OV -13.64 -2.96 5.17 -2.95 1.24 0.99 -2.63 -0.5 -12.0
DeepSeek-VL-7b -11.06 1.97 1.23 -3.2 -0.25 -0.12 -0.35 -0.34 -10.0
Qwen3-VL-8b-Instruct -21.89 -7.63 -7.02 -1.97 -6.10 -4.35 -8.77 13.95 0.00
Monkey-Chat -3.17 -1.11 -1.10 -1.97 -1.37 -1.24 -0.88 0.50 4.00
Idefics2-8b -5.00 -591 2.46 0.74 -0.74 0.62 -0.35 0.17 -2.0
InternVL3-8b -62.16 -5.55 -3.7 -0.98 -6.84 -14.8 -13.16 -9.13 -8.0
Idefics-9b-Instruct -9.19 -3.45 -0.74 -0.98 3.11 -2.98 0.18 -0.33 -4.0
Gemma3-12b -55.78 -11.33 -4.31 -5.66 -4.48 -11.57 -5.44 -1.99 -11.00
Open source MLLMs (>13B parameters)
LLaVA-v1.5-13b -34.09 -9.61 2.09 -7.63 -1.24 -6.1 1.4 0.0 -13.0
Qwen3-VL-32b-Instruct -41.26 | -15.02 -6.15 -9.36 -2.61 -6.72 -1.23 -0.17 0.0
InternVL3-38b -52.98 -4.19 -0.62 -3.94 -6.47 -20.9 -7.54 -4.32 -5.0
Proprietary MLLMs
GPT-5 34.03 -4.31 7.15 -7.14 9.83 -6.47 4.74 30.23 0.0
Gemini 2.5 Pro -100.76 | -12.19 -19.46 -10.84 -17.53 -9.82 5.62 -35.54 -1.0
LLaVA-OneVision-0.5b-OV  34.73 23.28 33.50 29.23 44.65 26.32 34.72 46.00 34.05
Qwen3-VL-2B-Instruct 35.84 27.09 34.98 32.96 20.52 27.72 29.90 [EEN 34.38 90
Gemma3-4b 41.87 28.20 38.42 29.73 41.42 22.81 33.55 [[GER0eF 37.50
Chameleon-7b 24.75 22.54 26.85 19.90 23.01 20.53 18.60 34.00 23.77
LLaVA-v1.5-7b 36.70 24.63 28.82 24.00 40.42 17.37 33.89 44.00 31.23 80
LLaVA-NeXT-Interleave-7b 30.79 25.12 30.54 38.31 41.92 28.42 33.72 WSHVR 37.98
LLaVA-OneVision-7b-SI |48.89 29.56 40.15 32.46 34.33 30.35 32.23 Nl 70
LLaVA-OneVision-7b-OV  36.58 29.56 39.16 30.35 28.36 30.00 29.57 gEhMel]
DeepSeek-VL-7b '46.31 33.99 32.51 26.62 49.50 31.75 33.89 52.00 38.32 ;\3
Qwen3-VL-8b-Instruct 150.49 35.71 42.36 47.89 38.07 31.73 EEkMee] 60 >
Monkey-Chat 34.36 22.41 32.27 30.10 34.20 18.07 36.54 40.00 30.99 g
9]
1 - |9}
Idefics2-8b  39.41 24.88 28.08 25.37 36.69 22.81 31.23 [EEHelN 34.31 _50<
InternVL3-8b 41.26 29.93 37.19 44.78 48.01 34.74 46.51 EEloNel]
Idefics-9b-Instruct  33.13 23.40 30.54 20.65 43.53 21.05 34.22 41.00 30.94
Gemma3-12b 48.15 31.53 43.10 44.78 47.89 31.93 44.85 LNl 47.03 -40
LLaVA-v1.5-13b 37.32 24.88 27.83 24.00 31.47 17.37 34.22 52.00 31.14
Qwen3-VL-32b-Instruct ' 47.66 36.82 45.07 52.61 52.86 32.11 EEN[ON 52.39 30
InternVL3-38b 42.86 31.65 45.81 39.82 51.33 WMol 52.86
GPT-5 46.18 38.79 50.49 44.90 49.50 46.49 29.24 ElNR 50.20
Gemini 2.5 Pro | 46.92 48.77 45.57 54.35 49.50 35.26 WANEREEIN) -20
} AN
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Figure 2. Accuracy (%) of all models across various fingerprint tasks presented in the form of a heatmap. The Tool Retrieval task appears
to be the best-performing task across a majority of the models, whereas all the models struggle to distinguish between real and synthetic
fingerprints on the Real vs. Synthetic classification task.
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Identify the matching fingerprint pair among the three images.
(A) All of them

(B) Image 2 and Image 3

(C) All are from different fingers

(D) Image 1 and Image 3

[ZERO —SHOT RESPONSE:
B

CHAIN-OF-THOUGHT RESPONSE:
Let’s analyze the three fingerprint images step by step:

delta and core. The pattern is well-defined and typical of a standard loop.

terms of ridge flow, core placement, and delta location.

Now, comparing Image 2 and Image 3:

- The ridge flow, direction, and overall pattern are nearly identical.

- The core and delta positions appear to be in the same relative locations.

the clear loop patterns in Images 2 and 3.

Final Answer: B

-Image 1: This is a very low-resolution, grainy, and distorted fingerprint. The ridge patterns are broken and fragmented, making it difficult to discern the exact
pattern type. However, it appears to have a complex, possibly whorl-like structure with multiple bifurcations and ridges curving in different directions.
-Image 2: This is a clearer fingerprint with a distinct loop pattern. The ridges enter from one side, curve around, and exit on the same side, forming a single

-Image 3: This fingerprint also shows a loop pattern, similar to Image 2. The ridges curve in a similar direction, and the overall structure is nearly identical in

- The quality and clarity are similar, suggesting they may be from the same finger, possibly taken at different times or under slightly different conditions.
Image 1, on the other hand, is of much lower quality and appears to have a different ridge structure, possibly a whorl or a complex loop, which does not match

Therefore, the most reasonable conclusion is that Image 2 and Image 3 are the matching pair.

Figure 4. Comparison between responses produced by Qwen3-VL-32b[2] on the ‘verification’ task from zero-shot and CoT prompting.

two fingerprint images.
Output: bool - True if fingerprints match, False oth-
erwise.

* get matching_score
Description: Get matching score for a given fingerprint
image pair.
Input: Two str or np.ndarray - Input fingerprint
image pair.
Output: int - Matching score.

e identify_fingerprint
Description: Identifies a fingerprint impression by
comparing a feature vector to a database.

Input: np.ndarray features and dict database -
Feature vector to identify and known features.
Output: str or None - Label of the identified sub-
ject/impression/source, or None if no match.
3. Minutiae:

api_name: api_3

* extractminutiae
Description: Extracts fingerprint minutiae from a given
fingerprint image.
Input: np.ndarray or str - The input fingerprint
image.
Output: np.ndarray - List of x, y, theta, type of



minutiae points.

* plotminutiae_overlay
Description: Plots minutiae map over fingerprint im-
age.
Input: str or np.ndarray - Input fingerprint im-
age.
Output: np.ndarray - Overlaid minutiae over fin-
gerprint as image.

* get minutiae_count
Description: Get count of total minutiae, ridge end-
ings, and ridge bifurcations from minutiae points list.
Input: np.ndarray - List of minutiae locations (X,
y, theta, type).
Output: Three ints - Number of minutiae, ridge end-
ings, and ridge bifurcations.

. Orientation:

api_name: api_4

* get_orientation_angles
Description: Get orientation angles for every k x k
block in input fingerprint image.
Input: str or np.ndarray and int - Input finger-
print image and block size k.
Output: np.ndarray - 2D array of orientation an-
gles.

* plot_orientation_map
Description: Draw orientation flow map on fingerprint
image.
Input: str or np.ndarray and np.ndarray -
Input fingerprint image and orientation angles.
QOutput: np.ndarray - Output image of orientation
flow map overlaid on fingerprint.

. Sensor Classification:

api_name: api_5

e predict_sensor_type
Description: Predict the type of sensor used to capture
the fingerprint image.
Input: str or np.ndarray - Input fingerprint im-
age.
Output: str - Predicted sensor type (‘optical’, ‘ther-
mal’, ‘capacitive’, or ‘none’).

* get_sensor_probabilities
Description: Returns probability values for each sen-
sor type.
Input: str or np.ndarray - Input fingerprint im-
age.
Qutput: dict - Probabilities for each sensor type.

. Real vs Synthetic Classification:

api_name: api_6

e predict_real_synthetic
Description: Predict if the input fingerprint image is
real or synthetic.
Input: str or np.ndarray - Input fingerprint im-
age.

10.

Output: str - Predicted class (‘real” or ‘synthetic’).
* get_real probabilities

Description: Returns probabilities for each class.

Input: str or np.ndarray - Input fingerprint im-

age.

Output: dict - Probabilities for ‘real’ and ‘synthetic’.
* detect_bonafide

Description: Detect if the given fingerprint is bonafide

and not spoof.

Input: np.ndarray - Input fingerprint image.

Output: bool - True if bonafide, False otherwise.

. ACE-V Analysis:

api_name: api_7

* prepare_ace_sheet
Description: Prepare ACE-V style sheet with desired
fields from a pair of fingerprint images.
Input: Input fingerprint image.
Output: dict - Output ACE-V sheet.

* compare_fingerprint_ace
Description: Get ‘individualization’ or ‘exclusion’ de-
cision from the given ACE-V sheet.
Input: dict - ACE sheet.
Output: str - Decision for comparison (‘individual-
ization’ or ‘exclusion’).

. Fingerprint Enhancement:

api_name: api_8

* enhance_image
Description: Enhance given fingerprint image for fea-
ture extraction.
Input: str or np.ndarray - Input fingerprint im-
age.
Output: np.ndarray - Enhanced fingerprint image.

. Fingerprint Segmentation:

api_name: api_9

* segment_palmprint
Description: Segment the given palm print image into
five fingerprint segments.
Input: str or np.ndarray - Input palm print im-
age.
Output: Five np.ndarray - Five fingerprint images,
one for each finger. Returns None if no fingerprint
detected.

Fingerprint Quality:

api_name: api_10

e get_quality_score
Description: Get quality score for the given fingerprint
image.
Input: str or np.ndarray - Input fingerprint im-
age.
Output: int - Integer quality score from 1 to 100.

Guidelines for Generating Questions:

* Scenario Realism: Design questions reflecting realistic

application scenarios where multiple APIs must be used



in sequence or combined to achieve the correct outcome.
Each question should require 3-5 function calls.
Functional Complexity: Ensure each question involves
varied functions across multiple APIs without relying on
the same set of functions every time.

Logical Flow: Each question should suggest a sequence
that logically flows with the task requirements. Clarify
steps needed for functions that build upon each other to
reach the final answer.

Guidelines for Generating Options:

Complete API Chains: Provide four option chains, each
specifying a complete sequence of API function calls in
the correct order. One sequence should be correct; the
others should be logically incorrect but plausible.
Logical Plausibility of Distractors: Distractors should
appear reasonable and require reasoning to eliminate.
Randomized Answer Positioning: Shuffle options so the
correct answer appears randomly in position A, B, C, or
D.

Example Question: In an airport security system, a finger-
print is enhanced and checked for bonafide print and, if yes,
verified against the stored database. Which API sequence
should be applied?

A. api_8-enhance_image,

api_2-extract_features,
api_6-detect_bonafide,
api-2-identify_fingerprint

B. api_8-enhance_image,

api_2-extract_features,
api_2-identify_fingerprint,
api_6-detect_bonafide

C. api_8-enhance_image,

api_6-detect_bonafide,
api_2-extract_features,
api_2-identify_fingerprint

D. api_6-detect bonafide,

Correct

api-2-extract_features,
api_2-identify_fingerprint,
api_-8-enhance_image

Answer: C. api_8-enhance_image,

api_6-detect_bonafide,
api_2-extract_features,
api_2-identify_fingerprint
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