Specificity-aware reinforcement learning for fine-grained open-world classification

Supplementary Material

In this supplementary material, we present additional de-
tails and analyses that complement the content of the main
document. First, in Sec. A, we provide further implemen-
tation details, including the prompts we used for the LMM
and the LLM verifier, along with the optimization strategies
adopted to improve training efficiency. Next, in Sec. B, we
report the complete out-of-domain evaluation results for each
individual dataset in both fine-grained and very fine-grained
sets, along with further prompting baselines and additional
qualitative examples. Finally, in Sec. B.5, we extend the
ablation studies on the impact of training sets from differ-
ent domains and the training-set size on the performance of
SpeciaRL.

A. Additional implementation details

A.l. Prompts

Here, we report all the prompts used in our experiments.
These include the classification prompt P, provided to the
reasoning LMM &, the verification prompt P; used by the
LLM-as-a-judge U1y, and the prompt used to generate the
reasoning traces for the supervised fine-tuning (sf¥) baseline.

A.1.1. LMM prompts

In our experiments, we consider a total of three different
prompts when querying a LMM to classify an image.
Default. Our default prompt is shown in Fig. 1. Since
our work focuses on reasoning models, we not only request
a classification of the input image, but we also explicitly
instruct the model to first perform reasoning and then pro-
vide a single label. Specifically, we follow the standard
<think>/<answer> tags format. This structured output
simplifies the extraction of the final prediction and its subse-
quent verification by the LLM-as-a-judge.

“Be specific”. In the “Be specific” baseline, we explicitly
encourage the model to be specific in its prediction. To this
end, we modify the default prompt by adding the requirement
to be specific. The complete text query is reported in Fig. 2.
Format free. When considering the evaluation protocol
in [5], for consistency and fair comparison, we adopt the
same prompting strategy reported in the original paper [5],
as shown in Fig. 3. Since this previous work does not have a
focus on reasoning models, it adopts a more general-purpose
prompt without formatting requirements.

A.1.2. LLM-as-a-judge prompt

Figure 4 shows the prompt used when querying the LLM
verifier to categorize a prediction into the categories defined
in the main paper. This prompt provides a precise defini-
tion with in-context examples for each category. The place-

Default LMM prompt (P.)

Classify the image.

Output the thinking process in <think> </think>
and the final answer in <answer> </answer> tags.
The output answer format should be as follows:
<think> ... </think> <answer>a single label or
the word ‘None’ to abstain.</answer>.

Please strictly follow the format.

Figure 1. LMM default prompt for prediction.

“Be specific” LMM prompt (P.)

Classify the image, be specific.

Output the thinking process in <think> </think>
and the final answer in <answer> </answer> tags.
The output answer format should be as follows:
<think> ... </think> <answer>a single label or
the word ‘None’ to abstain.</answer>.

Please strictly follow the format.

Figure 2. LMM prompt for prediction for the “Be specific” baseline.

| Format free LMM prompt (P..) [5] |

‘ What type of object is in this photo? ’

Figure 3. LMM prompt used in the evaluation protocol of [5].

holder %s is replaced with the actual ground_truth and
prediction formatted in the specified JSON format. To
eliminate the possibility of invalid responses from the LLM
verifier, we utilize the vVLLM [8] guided decoding strategy to
constrain the model in generating only one of the predefined
categories as the response.

A.1.3. CoT generation prompt

Figure 5 reports the prompt used to generate a chain-of-
thought reasoning trace for each sample in the training set,
which are then used to construct the custom dataset for su-
pervised fine-tuning. This prompt provides the LMM with
the ground-truth label associated to the image, and requests
a thinking trace leading to the correct prediction.

A.2. Optimizations

Our study can be computationally demanding at training
and evaluation due to the LMM inference and LLM-as-a-
judge evaluation. We therefore adopt several optimizations
strategies to reduce computational costs.



LLM-as-a-judge prompt (P,)

Role: You are an expert Al classifier. Your goal is to classify a model’s prediction against a ground_truth
label.
Task: You will receive a single JSON object. Your output must be only the classification category and nothing else.

Classification Categories

 Specific: The prediction is an exact match or a direct synonym for the ground truth. This includes common
name/scientific name equivalence.
prediction: "Panthera leo" groundtruth: "lion"
prediction: "passiflora" ground_truth: "passion flower"

* Less Specific: The prediction is a correct, but closely related parent category (e.g., family, genus, product line) of
the ground truth.

rediction: "Warbler" round_-truth: "Golden-winged Warbler"

P g g
prediction: "Boeing 707" ground_-truth: "707-320"

¢ Generic: The prediction is correct, but a significantly broader category than the ground truth.
prediction: "dog" ground_truth: "samoyed"
prediction: "Commercial Airline" ground_-truth: "757-200"

* More Specific: The prediction is a correct, but more specific subtype or instance of the ground truth.
prediction: "samoyed" ground_truth: "dog"
prediction: "757-200" ground-truth: "Commercial Airline"

* Wrong: The prediction is factually incorrect, contradictory, malformed, completely unrelated to the ground truth, or
contains multiple options.

prediction: "cat" ground_truth: "dog"
prediction: "Blue-winged Warbler" ground_truth: "Golden-winged Warbler"
prediction: "blrd" ground_truth: "bird"
prediction: "robin or cardinal" ground_truth: "bird"
prediction: "_prototype" ground_truth: "Boeing 717"
* Abstain: The prediction is a refusal to answer.
prediction: "none"
prediction: "I don’t know"
prediction: "Cannot tell"

Input Format: You will receive a single JSON object with the following structure:

{"ground_truth": "<the_ground_truth_label>",
"prediction": "<the_vlm prediction>"}

Output Format: Your response must be a single word representing the classification category.

Prompt:

Classify the prediction in the following JSON object based on
the rules provided. Your output must be a single word.

INPUT:

)
S

Figure 4. Prompt for the LLM-as-a-judge verifier categorizing a prediction given the target ground-truth.




CoT generation prompt

Classify the image.
tags.

word *None’ to abstain.</answer>.
Please strictly follow the format.

follow the format.

Given the image and the correct classification label: {ground_truth}.
Generate a correct well-reasoned response that will answer the following question:

Output the thinking process in <think> </think> and the final answer in <answer> </answer>

The output answer format should be as follows: <think> ...</think> <answer>a single label or the

Describe the content of the image, then infer the correct classification label. The thinking process must proceed without
assuming or referencing the true label in advance. Use the correct classification label in the final answer and strictly

Figure 5. Prompt for generating the reasoning traces used to train the supervised fine-tuning baseline model.

Inference Engine. In our experiments, we used the
vLLM [8] inference engine both to generate the LMM pre-
dictions and to compute the LL.M-as-a-judge categorization.
This engine is highly optimized and enabled a significant
speed-up of the evaluation process. Among its key features,
it includes PagedAttention [8] for efficient memory manage-
ment, continuous batching, which is crucial in our setting
where variable-size image inputs make static batch selection
difficult, and prefix caching, which is beneficial since our
textual prompt is mostly fixed. For instance, generating 1000
predictions for Flowers102 with Qwen2.5-VL-7B on a A100
64 GB GPU takes 2.27 minutes with vLLM. In comparison,
a naive PyTorch implementation requires 25.11 minutes, us-
ing a batch size of 32, which is the largest batch size avoiding
out-of-memory errors across all our evaluation datasets. The
PyTorch implementation incurs computation time that is a
magnitude higher than using vLLM. Only when following
the evaluation protocol in [5], we used the same testing code
provided by the authors, which is built on PyTorch.

LLM-as-a-judge optimization via caching. We imple-
mented a caching mechanism to reduce the verification time
of the LL.M-as-a-judge categorization procedure. This sys-
tem stores a dictionary where (prediction, ground_truth) pairs
are associated to the corresponding verification_category.
This avoids repeating the LLM verification of a pair that has
already been categorized in a previous computation. The
cached data is persistent, allowing results to be reused across
different runs. We used this cache-based solution to speed up
the categorization process both during evaluation and during
the reward computation in RL training. During evaluation,
we run Llama-3-72B [6] using vVLLM with tensor parallelism
set to 4, distributing the model across four A100 GPUs. For
a test subsample of 1000 predictions from Flowers102, our
optimized implementation, with an initially empty cache,
completes verification in 6.77 seconds, with only 301 actual
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Figure 6. LLM-as-a-judge per-batch verification times during re-
inforcement learning training, showing the speedup obtained as
cache hit rates increase when starting from an empty cache.

LLM calls and a 70% cache hit rate. During reinforcement
learning, we use a total of six A100 GPUs: one four-GPU
node running the training loop with verl (an open source
implementation of [15]) and two additional GPUs on a sep-
arate node performing batched LLM-as-a-judge inference
using Qwen3-30B-A3B-Instruct-2507-FP8 [16] with tensor
parallelism set to 2. With a batch size of 256 and 10 rollouts,
each verification batch contains 2560 predictions. Analyz-
ing the reward calculation durations shown in Fig. 6, we
see an initial warm-up phase in which early batches require
2-14 seconds while the cache is being populated. After-
wards, the processing time quickly drops and stabilizes at
approximately 0.5 to 1 seconds per batch, except for a mid-
training bump that may be caused by cache misses caused
by the model exploration. Overall, reinforcement learning
training takes approximately 12 hours using our optimized
implementation.



Qwen2.5VL-7B |(Answer: Gentiana
Thinking: The image shows a single blue flower with a bell-
like shape, growing in a grassy area. The flower appears to
* |be a Gentiana, a genus of flowering plants in the family

~ |Gentianaceae, known for their vibrant colors and often found
in alpine or mountainous regions. The surrounding vegetation
§ |and the flower's structure are consistent with this
identification.

SpeciaRL|( Answer: Gentiana Acaulis ][ .S
Thinking: The image shows a single flower with a deep blue color, which is characteristic
of Gentiana acaulis, commonly known as the alpine gentian. The flower is surrounded by
green foliage, which is typical of alpine plants. The flower's structure, with its five petals
and the way it is growing, is consistent with the appearance of this species.

Qwen2.5VL-7B ]_[Answer: Magnolia .

Thinking: The image shows a white flower with six petals,
which is characteristic of a star magnolia. The flower is in full
bloom, and the background consists of branches and buds,
suggesting it is part of a tree. The flower's structure and color
are distinct and easily identifiable. )

Magnolia

SpeciaRL]_[ Answer: Magnolia Stellata ],.
Thinking: The image shows a white flower with six petals, which is characteristic of a star
magnolia (Magnolia stellata). The flower is in full bloom, and the surrounding branches
and buds suggest it is part of a tree. The petals are large and white, and the center of the
flower is green, which is typical for this species.

= "™ [ Qwen2.5VL-7B |(Answer: Salad] G
Thinking: The image shows a plate of food that appears to
be a salad. The salad includes ingredients such as lettuce,

tomato slices, cucumber slices, feta cheese, and an olive.

The presentation suggests a fresh and healthy meal.

Greek Salad

SpeciaRL)({ Answer: Greek Salad ][ S
Thinking: The image shows a plate of food that appears to be a salad.The salad includes
ingredients such as lettuce, tomato slices, cucumber slices, feta cheese, and an olive.
The dish is garnished with a sprinkle of what looks like crumbled feta cheese on top. The
presentation and ingredients suggest a fresh and healthy meal, possibly a Greek salad.

Qwen2.5VL-7B |[Answer: Dog ]| G

Qwen2.5VL-7B |[ Answer: Pasta Dish | G

Thinking: The image shows a close-up of a dish that

. |appears to be ravioli, a type of pasta, covered in a creamy

| |sauce and garnished with what looks like sage leaves. The
 |dish is likely a type of pasta dish, possibly a ravioli al burro e
.~ |sale (butter and salt ravioli) or a similar variation. The
presence of sage leaves suggests a savory and possibly
Italian-inspired dish.

= Ravioli
SpeciaRL][Answer: Ravioli)[ S

Thinking: The image shows a close-up of a dish that appears to be ravioli, a type of
pasta, covered in a creamy sauce and garnished with what looks like sage leaves. The
dish is likely a type of ravioli alla Romana, a traditional Italian dish. The presence of sage
leaves and the creamy sauce suggest a savory and possibly herbaceous flavor profile.

Thinking: The image shows a close-up of a dog with a light-
colored, shaggy coat. The dog appears to be a breed with a
distinctive facial structure and a friendly expression. The
dog's fur is thick and appears to be well-groomed. The dog's
eyes are dark and expressive, and its mouth is slightly open,
revealing its teeth. The overall appearance suggests that the
dog is a breed known for its friendly and affectionate nature.

Wheaten Terrier

SpeciaRL]_[ Answer: Soft Coated Wheaten Terrier
Thinking: The image shows a close-up of a dog with a light-colored, shaggy coat. The
dog appears to be a Soft Coated Wheaten Terrier, identifiable by its distinctive facial
features and coat texture. The dog's expression is relaxed, with its mouth slightly open,
showing its teeth. The breed is known for its friendly and energetic nature.

- [Qwen25vL-7B |[Answer: Basset Hound

- Thinking: The image shows a dog, specifically a Basset

Hound, lying on a carpet in a living room setting. The dog has|

long ears, a white chest, and a black and brown coat. The

background includes a fireplace and shelves with various
items.

= B;zsselt.;Hound

SpeciaRL]_[Answer: Basset Hound|| S
Thinking: The image shows a dog with long ears, a white chest, and a black and brown
coat, which are characteristic features of a Basset Hound. The setting appears to be a
home interior, with a fireplace and shelves in the background. The dog is lying on a
patterned rug, looking directly at the camera.

Thinking: The image shows a seaplane with the text

.. |"MALDIVIAN AIR TAXI" on its side, indicating it is used for air
taxi services. The plane is on water, which is typical for

seaplanes, and the registration number "8Q-MAP" is visible.

The setting appears to be a tropical location, possibly the

\Maldives, given the name on the plane.

DHC-6

SpeciaRL)(Answer: DHC-6 Twin Otter][S
Thinking: The image shows a seaplane with the livery of "Maldivian Air Taxi." The aircraft
is a de Havilland Canada DHC-6 Twin Otter, a popular model used for short-haul flights,
particularly in remote areas. The registration number "8Q-MAP" is visible on the fuselage,
and the aircraft is equipped with floats, indicating it is designed for operation on water.
The setting appears to be a tropical location, likely the Maldives, given the livery and the
environment.

| Qwen2.5VL-7B |(Answer: Seaplane ] G

Qwen2.5VL-7B |{Answer: Aircraft] G

~ " |Thinking: The image shows an airplane with the livery of

Alaska Airlines, which is a well-known airline. The aircraft is a

Boeing 737, identifiable by its size, shape, and the number of

engines. The image is taken on a tarmac, suggesting it is

either preparing for takeoff or has just landed. The presence

~ |of the Alaska Airlines logo and the aircraft's registration
number (N306AS) confirm the identity of the aircraft.

737-900

SpeciaRL][ Answer: Boeing 737 ](S~
Thinking: The image shows a commercial airplane on a tarmac. The livery on the aircraft
indicates it belongs to Alaska Airlines, as seen from the logo and the name "Alaska"
written on the fuselage. The aircraft is a Boeing 737, identifiable by its size, shape, and
the design of the engines and wings. The registration number "N306AS" is visible on the
rear of the aircraft.

[ Qwen2.5VL-7B |[Ans: Luxury Sports Car] G

low profile and a design that suggests it is a luxury vehicle.
The car has a coupe body style with a long hood and short
rear deck, which is typical of high-performance sports cars.
The wheels are large and have a multi-spoke design, and the
car has a modern and elegant appearance. The overall
design and features suggest it is a high-end vehicle, likely a
concept or production model from a luxury car manufacturer.

SpeciaRL](Answer: Bentley Continental GT
Thinking: The image shows a sleek, silver sports car with a coupe design, featuring a low,
profile and a streamlined body. The car has a modern and luxurious appearance, with a
prominent grille and alloy wheels. The design suggests it is a high-end vehicle, likely a

Bentley Continental
GT Coupe 2012

Thinking: The image shows a sleek, silver sports car with a )

Bentley Continental GT, given the style and features.

Qwen2.5VL-7B |[Ans: Convertible Car] G
L

Thinking: The image shows a red convertible car with a soft
top, likely a Ford Escort or a similar model, parked on a

street. The car has a sleek design with a sporty appearance,
and the setting appears to be a residential area with greenery
in the background.

Geo Metro
Convertible 1993

SpeciaRL][Answer: Geo Metro][S™
Thinking: The image shows a red convertible car with a soft top, likely a Geo Metro,
which is a compact car produced by General Motors. The car has a sleek design with a

sporty appearance, and it is parked on a street with a natural background. The car's
design and features are consistent with the Geo Metro models produced in the 1990s.

Figure 7. Additional qualitative examples of the think-answer output of the base model Qwen2.5VL-7B and SpeciaRL.



Fine-grained

Prediction categorization ‘ Metrics
Dataset Model S+t S S~ G A w ‘ spec. T corr. T HM 1
CaSED [4] 00% 574% 84% 147% 0.0% 19.4% | 0.883 0.806 0.842
InternVL2.5-4B [3] 02% 158% 1.8% 29.8% 20.0% 32.4% | 0.551 0.676 0.607
InternVL2.5-8B [3] 04% 264% 33% 151% 132% 41.6% | 0.688 0.584 0.632
Qwen2.5VL-3B [1] 0.1% 26.6% 2.7% 49.6% 19% 19.2% | 0.668 0.808 0.731
Qwen2.5VL-7B [1] 0.1% 472% 4.1% 348% 12% 12.7% | 0.779 0.873 0.823
Flowers102 [12] Qwen2.5VL-7B (“Be specific’) 0.2% 63.5% 58% 12.7% 3.0% 14.7% | 0.882 0.853 0.867
Qwen2.5VL-7B (sft) 13% 69.6% 85% 30% 0.0% 17.5% | 0956 0.825 0.885
Qwen2.5VL-7B (rft) 104% 703% 54% 1.5% 00% 124% | 0976 0.876 0.923
SpeciaRL-7B 13.6% 692% 50% 17% 00% 10.5% | 0976 0.895 0.934
Qwen2.5VL-7B (BoN-64) 44% 783% 37% 99% 0.6% 3.1% ‘ 0.935 0969 0.952
CaSED [4] 0.0% 33.0% 132% 353% 0.0% 185% | 0.743 0.815 0.777
InternVL2.5-4B [3] 05% 105% 14% 714% 2.6% 13.7% | 0.560 0.863 0.680
InternVL2.5-8B [3] 0.8% 10.6% 15% 46.3% 302% 10.7% | 0.483 0.893 0.627
Qwen2.5VL-3B [1] 1.5% 179% 2.5% 534% 78% 169% | 0.601 0.831 0.697
Qwen2.5VL-7B [1] 13% 32.0% 3.8% 478% 2.0% 13.2% | 0.697 0.868 0.773
Food101 [2] Qwen2.5VL-7B (“Be specific’) 1.8% 38.0% 4.6% 347% 5.6% 153% | 0.732 0.847 0.785
Qwen2.5VL-7B (sft) 35% 514% 9.1% 11.6% 0.5% 24.0% | 0.889 0.760 0.820
Qwen2.5VL-7B (rft) 32% 52.0% 74% 87% 0.1% 28.6% | 0912 0.714 0.801
SpeciaRL-7B 12% 543% 58% 19.7% 0.0% 18.9% ‘ 0.860 0.811 0.835
Qwen2.5VL-7B (BoN-64) 151% 52.1% 55% 265% 05% 02% ‘ 0.849 0998 0.917
CaSED [4] 0.0% 40.7% 102% 22.5% 0.0% 26.5% | 0.812 0.735 0.772
InternVL2.5-4B [3] 0.1% 79% 13% 61.8% 2.6% 262% | 0.550 0.738 0.630
InternVL2.5-8B [3] 09% 132% 52% 30.6% 18.7% 31.5% | 0.554 0.685 0.613
Qwen2.5VL-3B [1] 08% 74% 29% 573% 3.1% 28.6% | 0.557 0.714 0.626
Qwen2.5VL-7B [1] 27% 351% 52% 35.6% 1.0% 204% | 0.751 0.796 0.773
OxfordPets [13] Qwen2.5VL-7B (“Be specific’) 4.3% 458% 82% 19.7% 1.6% 20.4% | 0.835 0.796 0.815
Qwen2.5VL-7B (sft) 24% 721% 53% 32% 04% 16.5% | 0.961 0.835 0.894
Qwen2.5VL-7B (rft) 03% 347% 2.1% 39.0% 0.0% 23.8% | 0.737 0.762 0.749
SpeciaRL-7B 2.1% 66.6% 4.5% 10.7% 0.0% 16.1% ‘ 0.923 0.839 0.879
Qwen2.5VL-7B (BoN-64) 129% 59.8% 58% 19.5% 0.5% 1.4% ‘ 0.882  0.986 0.931

Table 1. Results on the individual datasets composing the fine-grained set.

B. Additional experimental analysis

We provide per-dataset evaluations of our method, in-domain
evaluation on the CUB [17] test set, additional qualitative
examples, additional results for prompting-based baselines,
and extended ablation studies.

B.1. Per-dataset evaluation

In the main paper, we reported results averaged over the
fine-grained and the very fine-grained test sets. Here, we
present the results for each individual dataset, with Tab. 1
corresponding to the fine-grained ones and Tab. 2 to the very
fine-grained ones. Considering overall performance, mea-
sured by the harmonic mean (HM), our SpeciaRL achieves
the best performance on three out of five benchmarks (Flow-
ers102, Food101, FGVAircraft) and the second best on the
remaining two (OxfordPets, StanfordCars). Notably, on
three datasets (Flowers102, OxfordPets, StanfordCars), our

method not only improves specificity relatively to the base
model, but also correctness. Overall, SpeciaRL performs
strongly on all evaluation benchmarks, even though these
datasets span domains significantly different from CUB [17],
which is used for training. These results support the effec-
tiveness of our method in eliciting a general classification
behavior oriented towards both specificity and correctness.

B.2. In-domain evaluation

The fine-tuned models in the main results are trained on the
same subset of CUB [17], implying that evaluations on the
fine-grained and very fine-grained sets are out-of-domain.
Tab. 3 reports the in-domain performance on the CUB test-
split. In this setting, all training-based variants achieve very
high specificity, exceeding BoN-64. In terms of correctness,
only the RL-based methods improve over the base model,
although they remain below BoN-64. Overall, the best har-



Very fine-grained

Prediction categorization ‘ Metrics
Dataset Model S+t S S G A w ‘ spec. T corr. T HM 1
CaSED [4] 0.0% 1.6% 13.9% 37.7% 0.0% 46.8% | 0.580 0.532 0.555
InternVL2.5-4B [3] 0.0% 0.0% 02% 66.0% 85% 253% | 0472 0.747 0.579
InternVL2.5-8B [3] 0.1% 22% 13% 59.1% 13.0% 244% | 0476 0.756 0.584
Qwen2.5VL-3B [1] 02% 1.6% 1.4% 824% 03% 14.1% | 0.514 0.859 0.643
Qwen2.5VL-7B [1] 0.1% 6.6% 54% 80.7% 05% 6.7% | 0.549 0933 0.691
FGVCAircraft [11] Qwen2.5VL-7B (“Be specific”) 0.5% 23.0% 20.8% 404% 12% 14.0% | 0.693 0.860 0.768
Qwen2.5VL-7B (sft) 1.0% 429% 334% 23% 0.1% 202% | 0.879 0.798 0.837
Qwen2.5VL-7B (rft) 22% 459% 250% 2.0% 0.0% 25.0% | 0904 0.750 0.820
SpeciaRL-7B 1.9% 46.5% 29.0% 17% 0.0% 20.9% ‘ 0.897 0.791 0.841
Qwen2.5VL-7B (BoN-64) 34% 489% 24.6% 229% 01% 0.1% ‘ 0.823  0.999 0.903
CaSED [4] 0.0% 02% 13.7% 743% 0.0% 11.8% | 0.540 0.882 0.669
InternVL2.5-4B [3] 0.0% 0.1% 23% 594% 2.6% 35.6% | 0499 0.644 0.563
InternVL2.5-8B [3] 0.0% 02% 102% 50.0% 182% 214% | 0476 0.786 0.593
Qwen2.5VL-3B [1] 0.0% 05% 63% 67.8% 4.6% 20.8% | 0.509 0.792 0.619
Qwen2.5VL-7B [1] 0.0% 13% 20.1% 684% 0.8% 9.4% | 0.561 0.906 0.693
StanfordCars [7] Qwen2.5VL-7B (“Be specific”) 0.1% 2.1% 37.8% 50.8% 13% 8.0% | 0.611 0.920 0.734
Qwen2.5VL-7B (sft) 0.0% 2.1% 68.1% 212% 0.1% 8.4% | 0.698 0916 0.792
Qwen2.5VL-7B (rft) 02% 35% 828% 50% 0.0% 85% | 0.746 0915 0.822
SpeciaRL-7B 02% 3.8% 794% 84% 0.0% 82% ‘ 0.738 0918 0.818
Qwen2.5VL-7B (BoN-64) 0.5% 12.4% 60.6% 263% 0.0% 0.3% ‘ 0.716  0.997 0.834

Table 2. Individual dataset results on the very fine-grained set.

Table 3. In-domain evaluation of the training strategies.

In-domain

Prediction categorization | Metrics
Model st s s G A W |spec.t comt HM?T
Qwen2.5VL-7B [1] 02% 23.0% 15.9% 48.1% 0.669
Qwen2.5VL-7B (“Be specific”) 0.2% 32.2% 13.7% 35.3% 0.726

Dataset

2.0%
2.6%

11.0%
16.1%

0.890
0.839

0.764
0.779

CUB [17] Qwen2.5VL-7B (sft) 0.1% 80.4% 0.7% 0.3% 0.0% 18.5%| 0.996 0.815 0.896
Qwen2.5VL-7B (rft) 1.0% 92.7% 0.0% 0.0% 0.0% 6.3% | 1.000 0.937 0.968
SpeciaRL-7B 0.6% 927% 0.0% 0.0% 0.0% 6.7% ‘ 1.000 0.933 0.965
Qwen2.5VL-7B (BoN-64) 1.1% 58.0% 14.1% 26.4% 0.1% 0.3% ‘ 0.831  0.997 0.907

monic mean is obtained by the two RL-based approaches,
surpassing BoN-64. These results suggests that the models
not only learn to adjust their classification behavior to be
more specific and correct, but also acquire domain-specific
information. Importantly, this does hinder generalization, as
demonstrated by the strong out-of-domain performance in
our extensive evaluations.

B.3. Additional qualitative results

We showcase additional qualitative classification outputs,
two per test dataset, in Fig. 7. Examples in the same row
are sampled from the same dataset, ordered from top to
bottom as follows: Flowers102 [12], Food101 [2], Oxford-
Pets [13], FGVCAircraft [11], and StanfordCars [7]. In line
with our quantitative evaluation, our SpeciaRL consistently
produces more specific classifications than the base model
Qwen2.5VL-7B. The reasoning traces of SpeciaRL contain
frequent reference to fine-grained visual evidences that sup-

port the final prediction or the intermediate reasoning process
(highlighted in green). The base model (Qwen2.5VL-7B)
exhibits such behavior more rarely. Interestingly, we observe
cases where the base model identifies a more specific label
during the reasoning process (highlighted in yellow), yet
outputs a more generic label as the final prediction. This ob-
servation further supports our hypothesis that the base model
does possess the knowledge and reasoning capabilities to
be more precise, however it is biased towards more generic
predictions.

We also investigate failure cases of SpeciaRL and report
some qualitative examples in Fig. 8. Although our train-
ing strategy aims to increase specificity without sacrificing
correctness, we find instances where our SpeciaRL makes
Wrong predictions when attempting to be specific in its clas-
sification (see Top & Center examples in the figure). Also,
we notice that SpeciaRL sometimes uses scientific names
even when referring to generic concepts. For example, we
found it predicts “Felis Catus” or “Canis Lupus Familiaris”
instead of “Cat” or “Dog” (see Bottom example in the fig-
ure). While these predictions are unusual, the LLM verifier
correctly categorizes them as Generic. We hypothesize that
this interesting behavior could be inherited from training
on the CUB [17] bird-species dataset, where the model is
positively rewarded for specific scientific names.



Qwen2.5VL-7B ]_[Answer: Aircraft]_ G
Thinking: The image shows an aircraft in flight, specifically
an Airbus A340-300, as indicated by the text on the fuselage.
The livery is that of Aerolineas Argentinas, a major airline
from Argentina. [...]

SpeciaRL]( Answer: Airbus A340-300 |(W
Thinking: The image shows an aircraft in flight, specifically an Airbus A340-300, as
indicated by the text on the fuselage. The livery is that of Aerolineas Argentinas, a major
airline from Argentina. [...]

—

Qwen2.5VL-7B |(Answer: Steak ] G

\ |Thinking: The image shows a close-up of a dish that
appears to be a piece of meat, likely a steak, served on a
plate with a dark sauce. The meat is cooked to a medium-
rare level, as indicated by the pink center. [...]

B Prime Rib il
SpeciaRL]_[Answer: Filet Mignon|| W

Thinking: The image shows a dish that appears to be a cut of meat, likely a filet mignon,
served on a plate with a dark sauce. The meat is cooked to a medium-rare doneness, as
indicated by the pink center. [...]

Additional LMM prompt (P. (v2))

Classify the image.

Optimize for high precision: do not guess. If you are
unsure, abstain with "None’. Only output a label when
you can justify it from clear visual evidence in the image.
When you do output a label, make it the most specific
label that the evidence supports.

Output the thinking process in <think> </think>
and the final answer in <answer> </answer> tags.

The output answer format should be as follows:
<think> ... </think> <answer>a single label or
the word ‘None’ to abstain.</answer>.

Please strictly follow the format.

Figure 10. Generated LMM prompt (P, (v2)).

Qwen2.5VL-7B |( Answer: Cat ]| G
Thinking: The image shows a cat lying on a red blanket. The
# |cat appears to be relaxed and is the main subject of the
image. The background is a dark patterned fabric, which
could be a couch or a chair. The cat is wearing a collar with a
tag, indicating it is a pet.

Egypﬁan Mau
‘JSpeciaRL]_[Answer: Felis Catus] G

Thinking: The image shows a cat lying on a red blanket. The cat appears to be a
domestic shorthair with a tabby pattern. The setting suggests a cozy indoor environment.

Figure 8. Failure cases. Qualitative examples of SpeciaRL provid-
ing a Wrong prediction (Top & Center) and of SpeciaRL unneces-
sarily using a scientific name for a generic concept (Bottom).

Additional LMM prompt (P, (v1))

Classify the image.

Prioritize correctness first. Be as specific as you can
ONLY when you are confident the finer-grained label
is correct. If you are not confident about a fine-grained
label, output a more general but correct label instead. If
you cannot provide a correct label, output ’None’.
Output the thinking process in <think> </think>
and the final answer in <answer> </answer> tags.
The output answer format should be as follows:
<think> ... </think> <answer>a single label or
the word ‘None’ to abstain.</answer>.

Please strictly follow the format.

Figure 9. Generated LMM prompt (P, (v1)).

B.4. Additional Prompting baselines

We report the performance of three additional top-
performing variants of the P, prompt. These variants were
generated using ChatGPT by requesting three different op-
timal predictor prompts given the full task context. As

Additional LMM prompt (P. (v3))

Classify the image.

Only care about precision/specificity: always output
the most fine-grained label you can. Do not abstain.
Do not output 'None’. If multiple fine-grained labels
are plausible, choose the single most specific label you
consider most likely.

Output the thinking process in <think> </think>
and the final answer in <answer> </answer> tags.

The output answer format should be as follows:
<think> ... </think> <answer>a single label or
the word ‘None’ to abstain.</answer>.

Please strictly follow the format.

Figure 11. Generated LMM prompt (P, (v3)).

Fine-grained ‘ Very fine-grained
spec. T corr. T HMT ‘ spec. T corr. T HMT
P. (“Be specific’)  0.816 ~ 0.832  0.822 | 0.652 0.89  0.751

P. (V1) 0.840 0.830 0.834 | 0.688 0.885 0.772
P (V2) 0.814  0.849 0.830 | 0.637 0902 0.746
P. (v3) 0.884 0.764 0819 | 0.777 0.832 0.799

Table 4. Performance comparison of additional prompting baseline.

shown in Tab. 4, while performance varies across prompt
designs, the overall impact is less significant compared to
the gains achieved by the training-based methods reported
in the main paper. The full text for these variants is provided
in Prompts 9, 10, and 11.

B.5. Additional ablation studies

In this section, we provide the extended ablation studies and
robustness checks as outlined in the main paper. Specifi-
cally, we analyze different training-data configurations for
SpeciaRL, varying the training domain, dataset scale, and



Fine-grained

Prediction categorization ‘ Metrics
Test set Training set St S S~ G A w ‘ spec. T corr. T HM T
Flowers102 0.0% 825% 27% 18% 0.0% 129% | 0.982 0.871 0.923
Food101 0.1% 66.5% 43% 104% 0.0% 18.7% | 0.923 0.813 0.864
Flowers102 [12] OxfordPets 02% 72.8% 6.5% 4.7% 0.0% 15.8% | 0.953 0.842 0.894
CUB 13.6% 692% 50% 17% 0.0% 105% | 0976 0.895 0.934
Flowers102 1.5% 60.4% 6.4% 94% 0.0% 223% | 0919 0.777 0.842
Food101 0.1% 79.7% 3.6% 15% 00% 92% | 0.949 0.908 0.928
Food101 [2] OxfordPets 1.6% 602% 68% 9.1% 0.0% 222% | 0919 0.778 0.843
CUB 12% 543% 58% 19.7% 0.0% 18.9% | 0.860 0.811 0.835
Flowers102 43% 67.6% 85% 2.8% 0.0% 168% | 0958 0.832 0.890
Food101 38% 44.1% 10.1% 33.7% 0.0% 83% | 0.789 0917 0.848
OxfordPets [13] OxfordPets 2.7% 872% 52% 0.0% 00% 49% | 0.986 0.951 0.969
CUB 2.1% 66.6% 4.5% 10.7% 0.0% 16.1% | 0923 0.839 0.879
Flowers102 0.3% 492% 73% 143% 0.0% 29.0% | 0.874 0.710 0.784
Food101 0.0% 332% 9.0% 368% 0.0% 21.0% | 0.739 0.790 0.763
CUB [17] OxfordPets 0.2% 53.1% 3.8% 62% 0.0% 36.7% | 0.936 0.633 0.755
CUB 0.6% 92.7% 0.0% 00% 00% 6.7% | 1.000 0.933 0.965

Table 5. Individual dataset results for SpeciaRL-7B trained with different fine-grained datasets. In-domain performance is highlighted in
blue italic and best out-of-domain results on each test set is highlighted in bold. Note that CUB is an additional dataset, i.e. not part of the

fine-grained test sets that are used in [5] and our main evaluation.

mixed-domain setups. We evaluate SpeciaRL across multi-
ple on-policy RL algorithms to assess whether its improve-
ments are consistent across optimization schemes, rather
than being tied to a particular training algorithm. Finally,
we validate the LL.M-as-a-judge through agreement analy-
ses across different models and judge-prompt variants, and
we assess training sensitivity to injected judge classification
errors.

B.5.1. training-data configurations

Impact of training set domain. To evaluate how the choice
of training data affects SpeciaRL, we independently train
three models, each one using a different dataset from the
fine-grained set in [5], that is: Flowers102 [12], Food101 [2]
and OxfordPets [13]. Table 5 shows the performance of
SpeciaRL on each test dataset, when trained on different
domains. On each test set, the models’ in-domain perfor-
mance is in general the best among their out-of-domain
results. Across the fine-grained test sets, the out-of-domain
results remain consistent, generally falling within 8-10%
of the in-domain performance. Interestingly, on the Flow-
ers102 dataset, CUB provides a measurable positive transfer
compared to the in-domain trained model (+1.1%). Despite
variations among different training set, these results indicate
that our proposed method achieves strong general perfor-
mance even if trained on other distributions. Specifically, we
use CUB as the training set in our main experiments as it is
outside the evaluation sets of [5], to facilitate fair comparison
against extensive baselines.

Impact of training set size. = We evaluate the effect of

Prediction categorization ‘ Metrics
Sample size ST S S~ G A w ‘spec.T corr. T HM 1
100 0.1% 53.1% 4.6% 8.7% 0.0% 33.5% | 0917 0.665 0.771
1000 02% 69.7% 5.4% 1.7% 0.0% 17.1% | 0.938 0.829 0.880
2000 09% 91.6% 0.0% 0.0% 0.0% 7.5% | 1.000 0.925 0.961
3000 0.6% 92.7% 0.0% 0.0% 0.0% 6.7% | 1.000 0.933 0.965

Table 6. In-domain results of SpeciaRL-7B trained with different
dataset sizes sampled from CUB, and evaluated with CUB test set.

training-set size on SpeciaRL by training models on subsets
of increasing size sampled from the CUB training set. The
number of epochs and all hyperparameters are kept identical
to those used in the main paper. In-domain results in Tab. 6
show an increasing trend in both specificity and correctness
as the dataset size grows, indicating the positive impact of
additional training samples on SpeciaRL. For the main com-
parisons reported in the paper, we adopt the 3000 sample
training subset from CUB as the default training dataset con-
figuration.

For completeness, the out-of-domain results averaged over
all fine-grained datasets are reported in Tab. 7. The model
trained with less data show a small degradation in perfor-
mance compared to the final model trained with 3000 sam-
ples. Performance in terms of HM stabilizes when the train-
ing set contains about 1000 samples. Yet, we observe that
the correctness continuously increases with the increasing
size of training set while the specificity exhibits a saturation
about 2000 samples, followed by a decreasing tendency.

Training data diversity. To study how training-data com-



Prediction categorization ‘ Metrics

Sample size ST S S™ G A w ‘spec. 1 corr. T HM T

100 25% 649% 6.8% 7.6% 02% 18.0% | 0.930 0.820 0.872
1000 32% 66.5% 62% 719% 0.0% 162% | 0.933 0.838 0.883
2000 6.0% 64.8% 62% 64% 0.1% 16.6% | 0941 0.834 0.884
3000 5.6% 63.4% 5.1% 10.7% 0.0% 15.2% | 0.920 0.848 0.883

Table 7. Out-of-domain results of SpeciaRL-7B trained with dif-
ferent dataset sizes sampled from CUB. Results are averaged over
fine-grained datasets.

position affects performance, we compare SpeciaRL trained
on a single source domain (3000 CUB samples) with a vari-
ant trained on an in-domain balanced mixture (500 sam-
ples from each of the six evaluation domains). This mixed
training set includes CUB as well as all domains present
in both the fine-grained and very fine-grained evaluation
group. As reported in Tab. 8, the in-domain mixture-trained
model expectedly outperforms the out-of-distribution (OOD)
CUB-trained model, having observed those domains during
training. Notably, the single-domain model still generalizes
strongly to both fine-grained and very fine-grained unseen
domains. We focus our analysis on this OOD setting to
rigorously assess the generalization capability of SpeciaRL.

CUB Fine-grained Very fine-grained
spec. T corr. T HM 1 ‘ spec. T corr. T HM T ‘ spec. T corr. T HM T
CUB 1.000  0.933 0965 | 0.920 0.848 0.833 | 0.818 0.855 0.830
Mixed 0.995 0.889 0939 | 0.963 0.878 0.918 | 0.863 0.860 0.852

Table 8. Comparison between SpeciaRL trained on a single domain
(CUB) versus a mixture of samples from all available domains.

B.5.2. RL algorithms configuration

Comparison with on-policy RL variants. We compare
the standard GRPO [14] algorithm with two recent variants
designed to improve token efficiency and training stability,
Dr.GRPO [10] and DAPO [18]. As shown in Tab. 9, Spe-
ciaRL consistently increases both specificity and correctness
across all three optimizers, and consequently improves HM
in every case, with gains ranging from +0.015 (Dr.GRPO)
to +0.058 (GRPO). Crucially, these results indicate that our
approach is not tied to a single RL formulation: our dynamic
reward is compatible with general online RL frameworks
and transfers robustly across different policy optimization
algorithms.

B.5.3. LLM-as-a-judge validation

Categorization agreement. We opt for large open-source
LLMs to maximize their effectiveness as evaluators. Prior
to model training, we (the authors) manually checked the
LLM categorization of 100 samples per dataset to ensure
human-aligned LLM judgment. For a more sysytematic
analysis, we then compute the Agreement Rate (AR) and

Prediction categorization ‘ Metrics

RL method St S S~ G A w ‘spcc.T corr. T HM 1
GRPO [14] 4.6% 522% 5.0% 162% 0.0% 21.5% | 0.875 0.785 0.825
SpeciaRL (GRPO) 5.6% 63.4% 5.1% 10.7% 0.0% 15.2% | 0.920 0.848 0.883
Dr.GRPO [10] 8.6% 59.3% 6.5% 5.3% 02% 20.1%| 0.942 0.799 0.864
SpeciaRL (Dr.GRPO) 6.6% 64.4% 6.0% 4.9% 0.0% 18.2% | 0.951 0.818 0.879
DAPO [18] 73% 61.0% 7.1% 3.2% 0.4% 21.0% | 0.951 0.790 0.862

0952 0.822 0.882

SpeciaRL (DAPO) 72% 64.3% 6.4% 4.4% 0.0% 17.8%

Table 9. SpeciaRL compared to static reward rft across different
on-policy RL algorithms. Best in bold. Results are averaged over
fine-grained datasets.

Fine-grained ‘ Very fine-grained
ARk | AR K

Qwen3-30B  0.90 0.84 | 0.92 0.82
Llama3-7B 0.75 0.64 | 0.69 0.48

P; (v1) 094 091 | 095 0.89
P; (v2) 091 087 | 091 0.80
P; (vs) 090 085 | 0.90 0.76

Table 10. LLM-as-a-judge validation across different models and
prompt variants.

Cohen’s k between Llama3-72B (ours) and alternative LLM
verifiers (Qwen3-30B/Llama3-7B). Table 10 reports the re-
sults. Qwen3-30B shows almost perfect agreement with
Llama3-72B (x > 0.81), while Llama3-7B has moderate
agreement, according to (Landis&Koch, 1997) [9]. More-
over, Llama3-72B is not sensitive to variations (v;: Fig. 12,
Fig. 13, Fig. 14) of the judge prompts P; generated by Chat-
GPT, as evidenced by high AR and « with our P; (reported
in Fig. 4).

Sensitivity to LLM-judge error. We conduct a controlled
experiment on 1k training samples (CUB) by injecting label
noise into the LLM-judge categorizations: with noise ratio
pe, we randomly upgrade/downgrade the predicted category
(e.g., S™ to S or GG). As shown in Tab. 11, SpeciaRL is
largely insensitive to moderate noise levels, with only a mi-
nor degradation at p. = 10%. At p. = 25%, we observe a

Prediction categorization \ Metrics

Pe ST S S G A w ‘spec‘T corr. T HM 1
0% 32% 66.5% 62% 7.9% 0.0% 162% | 0.933 0.838 0.883
5% 5.6% 653% 64% 54% 0.0% 17.3% | 0.946 0.827 0.882

10% 33% 64.7% 6.6% 84% 0.0% 169% | 0.928 0.831 0.877
25% 2.0% 64.5% 6.6% 10.5% 0.0% 16.4% | 0916 0.836 0.874

Table 11. Sensitivity of SpeciaRL to LLM-judge error. Results are
averaged over fine-grained datasets.

noticeable drop in performance. Overall, SpeciaRL remains
rather robust for p. < 10%, while higher noise levels start
to degrade the training signal.



Additional LLM-as-a-judge prompt (P; (v1))

Role: You are an expert Al verifier. You must classify a model’s prediction against a ground_truth.
Task: You will receive exactly one JSON object. Output only one category word and nothing else.

Allowed Categories (output exactly one)
Specific, Less Specific, Generic, More Specific, Wrong, Abstain

Canonical Meanings

¢ Specific: exact match or direct synonym (including common name < scientific name equivalence).

* Less Specific: correct but only a closely related parent of ground truth (nearby hypernym such as genus/family/model-
variant parent).

* Generic: correct but significantly broader than ground truth (coarse hypernym).

* More Specific: prediction is more specific than ground truth (a subtype/instance under the ground truth).

* Wrong: incorrect, contradictory, malformed, unrelated, or contains multiple options/hedged alternatives.

* Abstain: refusal/uncertainty/none.

Deterministic Decision Procedure (apply in order)
1. If prediction is an abstention/refusal/uncertainty (e.g., “none”, ”cannot tell”’, ”’I don’t know”): output Abstain.
2. If prediction is malformed, nonsense, unrelated, contradictory, or gives multiple options (e.g., ”A or B”, lists):
output Wrong.
3. If prediction and ground_truth denote the same entity via exact match or direct synonym: output Specific.
4. If prediction is a parent category of ground_truth:
« if the parent is close (e.g., genus for species): output Less Specific.
« if the parent is broad/coarse (e.g., animal for dog): output Generic.
5. If prediction is a child/subtype/instance of ground_t ruth: output More Specific.
6. Otherwise: output Wrong.

Input Format:

{"ground_truth": "<the_ground_truth_label>",
"prediction": "<the_vlm_prediction>"}

Output Format: A single word from the allowed categories.
Prompt:

Apply the decision procedure to classify the following JSON object.
Output exactly one category word.

INPUT:

)
S

Figure 12. Generated Prompt for the LLM-as-a-judge verifier.




Additional LLM-as-a-judge prompt (P;(v2))

Role: You are an expert Al classifier (verifier). Your goal is to label the relationship between prediction and
ground-truth.
Task: You will receive one JSON object. Output must be only one category word.

Categories
Specific, Less Specific, Generic, More Specific, Wrong, Abstain

Pre-processing Rules (apply before judging)

* Normalize: Treat case, punctuation, and surrounding whitespace as irrelevant.
* Treat common name < scientific name equivalence as a valid synonym match.
« If the prediction contains multiple candidates, alternatives, disjunctions (“or”, “/”, «,”
Wrong.

o If the prediction expresses refusal, uncertainty, or no-answer, classify as Abstain.

) or a list of labels, classify as

Semantics

* Specific: Normalized exact match or direct synonym of ground truth.

¢ Less Specific: Correct but a nearby hypernym (close parent category).

* Generic: Correct but a coarse hypernym (much broader).

* More Specific: Correct but a hyponym (more specific than ground truth).

* Wrong: Anything else (incorrect, contradictory, malformed, unrelated, multi-answer).
¢ Abstain: Refusal or no-answer.

Input Format:

{"ground_truth": "<the_ground_truth_label>",
"prediction": "<the_vlm prediction>"}

Output Format: One word: Specific | Less Specific | Generic | More Specific | Wrong
| Abstain

Prompt:

Normalize then classify the following JSON. Output exactly one category word.

INPUT:

)
S

Figure 13. Generated Prompt for the LLM-as-a-judge verifier.




Additional LLM-as-a-judge prompt (P;(v3))

Role: You are an expert verifier for label correctness and specificity.
Task: Given one JSON object with ground_truth and prediction, output only the correct category word.

Output Categories
Specific, Less Specific, Generic, More Specific, Wrong, Abstain

Internal Decision Checklist (Do NOT output the checklist)
¢ A) Abstention?

If prediction is “none” / refusal / uncertainty — Abstain
¢ B) Invalid / multi-answer?

If prediction is malformed, gibberish, contradictory, unrelated, or includes multiple options/hedges — Wrong
¢ C) Same meaning?

Exact same entity or direct synonym (incl. common/scientific name) — Specific
¢ D) Correct but different specificity?

If prediction is a parent category of ground truth:

— close parent — Less Specific

— broad parent — Generic

If prediction is a child/subtype/instance under ground truth — More Specific
* E) Otherwise — Wrong

Input Format:

{"ground_truth": "<the_ground_truth_label>",
"prediction": "<the_vlm_prediction>"}

Output Format: Return exactly one word from the category set and nothing else.

Prompt:

Classify the following JSON object. Return exactly one category word.

INPUT:

)
©S

Figure 14. Generated Prompt for the LLM-as-a-judge verifier.
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