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7. Prompt Templates

We adopt simple and concise prompts to perform image
captioning. For relation evaluation and hierarchical classifi-
cation, we prompt Qwen3 [77] models to answer the given
questions based on the candidate captions. The prompts are
detailed as follows:

Prompt For Image Captioning
Caption this image as accurately as possible, without
speculation. Describe what you see.

Prompt For Relation QA

I will give you a passage of caption. Please answer the

following 5 questions with "Yes", "No", or "n/a" based on

the given caption. Output like this: 1: Yes, 2: No, 3: Yes, 4:

n/a, 5: Yes. Don't output extra text.

Caption:

Questions: 1. 2, 3. 4,
5.

Prompt For Species Classification
Caption:

Check if the caption explicitly mentions any
Answer exactly yes or no.

Prompt For Breed Classification
Caption:

Check if the caption explicitly mentions the
breed

Answer exactly yes or no.

Figure 6. Prompts for image captioning, relation evaluation,
and hierarchical classification.

8. Additional Experiments

8.1. Comparisons with more Models

We evaluate Qwen2-VL-7B [72], ShareCaptioner [83],
Gemini-1.5, and Claude-3.7 for image captioning and com-
pare the results on the DOCCIS00 [49] benchmark, as
shown in Tab. 6. We observe that closed-source mod-
els (Gemini-1.5 and Claude-3.7) generally outperform the
baseline Qwen2-VL-7B in CAPTURE, Object F1, Attribute
F1, and Relation QA metrics. However, after applying
our proposed reinforcement learning method CIM to the
Qwen2-VL-7B SFT model, the model (‘SFT + Ours’)

achieves the best performance across all metrics, surpass-
ing both open-source and closed-source models.

Objects Attributes Relations
F1 QA
Qwen2-VL-7B [72]  29.39 16.59 57.96 6647  52.65 17.57
ShareCaptioner [83]  39.09 23.05 57.90 66.05 5227 19.47

Model BLEU-4 METEOR CAPTURE

Gemini-1.5 24.70 16.25 60.34 68.17  55.69 28.90
Claude-3.7 41.36 20.17 61.02 69.48  55.57 28.78
© SFT + Ours 45.16 24.88 64.31 73.87  58.68 36.32

Table 6. Performance comparison of open-source and closed-
source models on the DOCCI500 [49] benchmark. Best results
are highlighted in bold. Our model achieves the best performance
across all metrics, surpassing both open-source and closed-source
models.

8.2. Comparisons with Larger Models

As shown in Tab. 7, reinforcement learning with CIM con-
sistently boosts the performance of 7B/8B models, enabling
them to surpass much larger models (72B/76B/78B) on both
COCO-LN500 [54] and DOCCIS00 [49]. Averaged over
all backbones and benchmarks, our models achieve im-
provements of 2.3%, 3.6%, 2.0%, 4.3%, 5.0%, and 5.1%
on BLEU-4, METEOR, CAPTURE, Objects F1, Attributes
F1, and Relation QA compared to their larger counterparts.
These results demonstrate that our CIM-based reinforce-
ment learning framework has substantially unlocked the po-
tential of 7B/8B models, enabling them to generate more
detailed and precise captions than their much larger coun-
terparts.

8.3. Training on the DOCCI Training Set

We also use the training set of DOCCI [49] which consists
of 9.7K image-caption pairs as the training set for super-
vised fine-tuning and reinforcement learning of Qwen2-VL-
7B [72]. Evaluation results on the COCO-LN500 [54] and
DOCCI500 [49] benchmarks are reported in Tab. 8. Our
proposed method consistently outperforms both the SFT
model and SC-Captioner [83] by a substantial margin. For
instance, compared with SC-Captioner, our models achieve
improvements of 1.2% in Attributes F1 on COCO-LN500
and 1.3% on DOCCI500. Similarly, it achieves improve-
ments of 4.8% in Relations QA on COCO-LN500 and 7.3%
on DOCCI500. These consistent gains across both datasets
highlight the robustness and generalizability of our rein-
forcement learning approach.



Objects Attributes Relations
Base Model Benchmark ~ Method BLEU-4 METEOR CAPTURE

Precision Recall F1 Precision Recall Fl1 QA

7B-Base  39.57  20.42 46.52 81.12 61.82 69.47 6648 42.86 48.68 20.47
COCO-LN500 - 72B-Base  39.37 19.77 47.20 82.52 62.89 70.72 69.36 42.78 49.38 27.46

e 7B-Ours  39.63 27.06 48.64 80.90 72.23 7580 7245 54.08 58.22 38.71
Qwen2-VL [72]

7B-Base  29.39 16.59 57.96 83.69 56.79 6647 69.96 4327 52.65 17.57
DOCCI500 72B-Base  30.79 17.57 59.56 84.02 6021 69.14 71.63 4431 53.92 2721
e7B-Ours 37.21  21.53 63.12 81.99 64.61 71.43 7449 50.19 59.18 32.12

7B-Base  29.11 1458 44.12 8235 5572 6537 6630 39.90 46.25 23.76
COCO-LN500 -72B-Base 40.21  22.57 48.06 81.21 66.37 7242 6846 48.21 5297 32.13

e7B-Ours  37.15 26.81 48.93 79.28 7591 77.59 7249 5446 58.51 44.15
Qwen2.5-VL [4]

7B-Base  22.68 14.67 55.89 84.64 5496 65.06 72.15 42.13 5227 24.35
DOCCI500 72B-Base  33.72 19.01 61.09 82.17 6292 70.35 7237 46.18 55.46 30.71
e7B-Ours 39.80  22.72 63.46 7928 6697 71.88 73.52 50.45 59.08 34.70

8B-Base 31.44  21.28 45.86 8046 6520 71.05 70.63 47.40 52.73 26.65
COCO-LN500 -76B-Base 37.31 22.29 47.64 80.57 67.25 72.66 70.69 46.90 54.50 31.60
8B-Ours 41.89  25.85 49.06 82.05 69.40 74.57 73.50 52.59 57.49 35.54

InternVL2 [8]
8B-Base  31.49 17.97 58.83 81.49 59.54 67.72 70.84 4424 5351 22.65

DOCCI500 76B-Base  38.69 21.21 61.09 81.42 64.77 71.19 7090 46.80 55.57 29.67
e8B-Ours  32.01 19.49 60.82 82.16 6035 68.66 7416 47.51 56.98 26.36

8B-Base  38.04 18.54 47.09 82.42 64.02 7142 72.00 46.03 52.50 27.29
COCO-LN500 - 78B-Base 41.22 20.79 48.25 8138 6459 7142 7125 46.84 52.85 2892
e8B-Ours 3927  22.85 48.28 80.31 70.42 74.53 71.85 51.71 56.07 36.96

InternVL2.5 [7, 74]
8B-Base  24.23 15.29 58.64 84.11 58.07 67.62 73.48 4479 54.69 24.63

DOCCI500 78B-Base  23.60 15.79 59.37 8578 59.12 68.80 75.12 4550 55.74 26.92

e 8B-Ours  30.89 17.84 60.75 82.17 62.28 69.99 7296 46.64 56.07 28.90

8B-Base  33.21 16.16 47.88 8251 6331 71.00 71.14 43.97 50.66 26.44
COCO-LN500 -78B-Base 40.60 19.50 48.48 82.46 65.02 72.07 71.76 46.22 52.50 29.61

e 8B-Ours  40.64 25.64 48.90 80.33 73.33 76.14 7333 54.54 58.70 38.67

InternVL3 [86]
8B-Base  12.57 11.66 56.95 8598 5539 66.08 7475 43.19 53.72 25.11

DOCCI500 78B-Base  18.32 13.89 58.52 86.18 5823 6830 75.69 44.33 55.01 27.85
e8B-Ours 2825  18.54 62.18 8273 62.86 70.47 76.22 49.58 59.26 30.39

Table 7. Performance of Reinforcement Learning with CIM on Base Models over COCO-LN500 [54] and DOCCIS00 [49]. Best
results are highlighted in bold. The results indicate that post-training the base model with our CIM enhances its ability to generate high-
quality captions, and even 7B/8B models can outperform much larger baselines.

In the COCO-LNS500 [54] setting, the ground-truth cap- thereby penalizing the precision metric even when these el-
tions are generally shorter, which leads to relatively low ements are correctly identified by the model. Similarly, the
precision scores. This occurs because shorter captions of- highest BLEU-4 score observed for the base model can be

ten omit certain objects and details present in the images, attributed to this characteristic of the dataset.



Objects Attributes Relations

Base Model Benchmark Method BLEU-4 METEOR CAPTURE
Precision Recall F1 Precision Recall Fl QA
Base 39.57 20.42 46.52 81.12 61.82 6947 6648 42.86 48.68 20.47
SFT 34.93 25.97 47.63 78.03 7042 73.43 6791 53.51 56.31 30.06
COCO-LN500
SC-Captioner [83] 32.75 26.17 47.92 78.58 72.09 74.60 69.01 54.03 56.93 32.01
o SFT + Ours 32.34 26.50 48.36 7876 7293 7513 69.72 55.23 58.10 36.76
Qwen2-VL-7B [72]
Base 29.39 16.59 57.96 83.69 56.79 6647 6996 43.27 52.65 17.57
SFT 40.29 25.44 62.53 78.01 6530 70.31 67.13 4933 56.08 25.43
DOCCI500
SC-Captioner [83] 41.95 26.38 63.83 78.85 67.59 72.05 69.77 50.64 58.00 28.58
o SFT + Ours 42.62 27.13 64.48 80.03 68.59 73.10 71.83 51.58 59.30 3591

Table 8. Performance of Reinforcement Learning with CIM on the SFT Model, trained on the DOCCI [49] training set, over
COCO-LN500 [54] and DOCCIS00 [49]. Best results are highlighted in bold. Our model outperforms both the SFT model and SC-
Captioner [83].

9. Visualization Examples

9.1. Comparisons with the Base Model

To directly illustrate the effect of reinforcement learning
with CIM on the base model, we present qualitative exam-
ples comparing the original base model and the base model
trained with CIM, as shown in Fig. 7. We mark correct de-
scriptions in green for clarity. As can be observed, captions
generated by the base model often overlook fine-grained de-
tails, whereas our method is able to generate more com-
prehensive descriptions, demonstrating improved descrip-
tive capability.

9.2. Comparisons with the SFT Model

To further validate the effectiveness of our approach, we
provide a qualitative comparison among the base model,
the SFT model, and the SFT model trained with reinforce-
ment learning using CIM, as shown in Fig. 8. Correct de-
scriptions are marked in green and incorrect descriptions
in red. It can be observed that captions generated by the
base model often miss fine-grained details. In contrast, our
proposed method can generate more detailed descriptions
while maintaining caption precision compared with SFT
model.



Qwen2.5-VL-7B: A is painted a .

The background wall has a , speckled surface, and the

handprint is in the image. )

Qwen2.5-VL-7B w/ Ours: A a

The handprint is in the of the image, with the

on the and the on the . The wall has a
surface and a few small and

scattered the handprint. There is

running the wall the handprint.

v

Qwen2.5-VL-7B: leading to the
, with signage indicating the train lines (
)and a about entering with or buying a
Qwen2.5-VL-7B w/ Ours: leading down to a
the stairs, there is a sign that reads
with circles containing the
letters . the sign, there is another

sign that says
On both the and

sides of the stairs, there is a with a
. At the of the stairs, there is a
with . In the background, there is a
with a car parked on it. j
Qwen2.5-VL-7B: Stacked blocks with on a
' 4
Qwen2.5-VL-7B w/ Ours: stacks of ,
with a circle in the , stacked on of
each other, placed on a with it.
the cylinders, there is a with a in a
running on a black surface. In the background, there is
a with and a onh the side. A
is partially visible on the side of the image.

The cylinders are placed o1 a . J/

Figure 7. Qualitative comparison between the base model and the base model trained with reinforcement learning using CIM.
Green annotations indicate correct descriptions. Our method enhances the base model’s ability to produce more detailed captions.




Qwen2-VL-7B: The image shows a divided

into . The section is , while the

section is . On the bottom section,
there are painted on the wooden
planks. The crosses are and have a distinct
design, with a blue cross in the center and a red cross on
each side.

W,

Qwen2-VL-7B w/ SFT: The image shows a divided into
. The section is , while the section is . On the
lower section, there are . The blue crosses are on

the left and right sides, and the red crosses are in the middle. The crosses are painted in
bright colors, contrasting with the wooden background.

v

Qwen2-VL-7B w/ SFT + Ours: The image shows a with
. The section is , while the section is . On the
light brown section, there are . From left to right,
, and . Painted in

bright colors, the crosses contrast with the wooden background.

v

Qwen2-VL-7B: The image shows five arranged in a
on a . The bananas are

with some , indicating they are ripe. The
arrangement creates a with the bananas

forming the outline.

Qwen2-VL-7B w/ SFT: Five are arranged in a ona
. The bananas are , forming a . The wooden surface has
a , with visible and . The bananas are placed o the
surface, with the stems pointing outward. )
Qwen2-VL-7B w/ SFT + Ours: are arranged in a ona
. The bananas are , creating a . The wooden table
has a , with visible and . The bananas are placed on the table,

each with

)/
Figure 8. Qualitative comparison among the base model, the SFT model, and the SFT model trained with reinforcement learning

using CIM. Green annotations indicate correct descriptions, while red annotations indicate incorrect descriptions. Compared with the base
model and the SFT model, our method produces more detailed captions while maintaining the precision of caption.
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