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H I G H L I G H T S

• We propose ReCoD, a training-free 

method that enhances image descrip­

tions through an iterative feedback 

mechanism.

• The feedback mechanism consists of two 

complementary stages: image retrieval 

and comparison.

• ReCoD is applicable to any LVLM includ­

ing black-box models, and strengthens 

vision-language connections, contribut­

ing to multi-modal research.
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A B S T R A C T

To effectively utilize the large language models (LLMs) in the vision domain, it is essential to establish a strong 

connection between the visual and textual modalities. While deep embeddings can facilitate this connection, 

representing images as detailed textual descriptions offers significant advantages in terms of the usability and 

interpretability inherent in natural language. In this paper, we introduce a method of image description enhance­

ment designed to generate highly detailed descriptions that include discriminative attributes of the given image, 

without requiring additional training. Our method, ReCoD, consists of two main components: 1) “image retrieval”, 

which retrieves the image most similar to the descriptions of the target image, and 2) “comparison”, which iden­

tifies and describes the differences between the target image and the retrieved image. These two components are 

complementary and form an iterative feedback mechanism. As this process iterates, the retrieved image becomes 

visually closer to the target image, and the descriptions become progressively more informative. Extensive ex­

periments demonstrate the effectiveness of bridging the gap between the two modalities and the quality of our 

enhanced descriptions. The code is available at https://github.com/gyjung975/ReCoD.
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1 . Introduction

The field of multi-modal research is rapidly advancing with vision-

language models (VLMs) that integrate vision and language to address 

a wide range of real-world challenges. Among the pioneering efforts, 

CLIP [1] has made significant contributions to the field by mapping deep 

embeddings of visual and textual data into a shared space. However, 

its encoder-only architecture limits its applicability to specific tasks. 

Subsequent models have incorporated generative language models [2–4] 

to improve usability. They can perform various tasks with a genera­

tive language models, ranging from image captioning to visual question 

answering. Recently, the integration of high-performing large language 

models (LLMs) has notably boosted the performance of VLMs, resulting 

in large vision-language models (LVLMs). Although they address their 

dependence on textual decoder efficacy, they continue to lag behind the 

capabilities of LLMs, primarily due to the challenges in aligning the two 

modalities.

To date, deep embeddings have been used in all LVLMs to bridge the 

two modalities. Visual embeddings are mapped to a textual embedding 

space that LLMs can comprehend, via a lightweight network designed 

specifically for this purpose. As another way of connecting two modal­

ities, De-Diffusion [5] has shown that precise and comprehensive text 

can serve as an effective cross-modal interface. Since text is the native 

input format for LLMs, training for modality alignment is unnecessary. 

More importantly, regardless of what the task is and which LVLMs is 

being used, many tasks can be done with any LLM, once the images are 

represented as text. Therefore, significant advantages can be gained by 

simply representing images with text.

Image captioning is the most common and simplest way of repre­

senting images in text. It involves generating brief and concise captions 

for a given image, requiring a blend of image understanding and text 

generation abilities. As a fundamental vision-language task, it has been 

achieved by the models that follow the architecture of typical VLMs. 

While effective, these models face scalability issues and struggle to adapt 

to new, unseen data due to the dependency of visual embeddings on a 

specific textual decoder, which necessitates retraining whenever the de­

coder is changed. To overcome these challenges, an alternative strategy 

is to freeze the visual and textual networks and train only a lightweight 

network to bridge the two modalities, which has shown substantial suc­

cess [6,7]. Despite notable advancements, image captions are short, 

high-level summaries of the images that do not fully represent the visual 

content.

The emergence of large language models [8–10] has driven the devel­

opment of more capable VLMs [11–15], commonly referred to as LVLMs. 

They are not only superior to earlier image captioning models but also 

able to generate detailed textual descriptions of images. By leveraging 

vast image-text datasets and extensive modeling, LVLMs create more di­

verse and detailed descriptions. Despite their success, challenges remain. 

They often focus primarily on the most prominent features of the main 

object, overlooking subtler details such as colors, object arrangements, 

and camera perspectives. Moreover, their ability to produce longer and 

more descriptive descriptions raises the risk of generating misleading 

or incorrect information not present in the image, a problem known as 

hallucination.

In this paper, we propose ReCoD, a novel approach to iterative de­

scription enhancement aimed at producing detailed and discriminative 

descriptions for cross-modal understanding. Inspired by the “Spot the 

Difference” and natural human observation skills, ReCoD enhances de­

scription generation by comparing a target image with a similar one. As 

illustrated in Fig. 1, by merely providing a similar image, the model’s 

focus shifts to finer details. Our method consists of two components: 

1) “image retrieval”, which finds the most similar image to the gener­

ated descriptions, and 2) “comparison”, which identifies and describes 

the differences between the target image and the retrieved image. There 

are two types of comparison: image-based and text-based, where the 

comparison targets are the retrieved image itself and the paired text of 

Fig. 1. Illustration of description enhancement by comparison. (a) With a single 

image and a naive prompt, the LVLMs provides a general scene description. 

(b) Given a similar comparison target together, they generates a more detailed 

description by focusing on differences, i.e., “one window” and “a bird”.

the retrieved image, respectively. Through iterative loops, the retrieved 

image becomes visually closer to the target image, and the generated de­

scription correspondingly becomes more detailed and informative about 

the target image. This process establishes an iterative feedback mecha­

nism between these components, allowing our approach to progressively 

enrich the detail of the descriptions without the need for training. In ad­

dition, ReCoD is a plug-and-play module that can be applied to any 

LVLM, including black-box models accessible only via APIs, without 

requiring internal model access.

Extensive experiments in knowledge-based visual question answer­

ing (VQA) demonstrate the effectiveness of our method. Given recent 

attempts to convert knowledge-based VQA to QA to leverage LLMs, we 

conduct it to demonstrate the value of our descriptions as a cross-modal 

interface. ReCoD yields competitive or even superior performance com­

pared to task-specific training methods. This suggests that ReCoD can 

be utilized as an alternative to deep embeddings for connecting the 

two modalities. Furthermore, the POPE-based hallucination [16] exper­

iments and qualitative results demonstrate that it effectively reduces 

hallucinations from two perspectives: the descriptions themselves and 

the cross-modal interface. Therefore, generating such detailed descrip­

tions with our ReCoD goes beyond the simple task of image description 

generation, and has a broader impact on multi-modal research.

The main contributions are summarized as follows:

• We introduce ReCoD, a novel approach that improves image de­

scriptions through an iterative retrieval and comparison feedback 

mechanism in a training-free manner. It can be integrated into any 

LVLM, even black-box models.

• By generating detailed and comprehensive descriptions, ReCoD

strengthens the vision–language connection and mitigates hallu­

cinations from two perspectives, thereby advancing multi-modal 

research.

• We achieve state-of-the-art performance in knowledge-based vi­

sual question answering (VQA) tasks, even including methods that 

require a training step.

2 . Related work

2.1 . Vision-language models

Vision-language models (VLMs) [1,17,18] are trained on large-scale 

image-text pairs using contrastive learning to align visual and tex­

tual modalities within a shared embedding space. By using text as 

labels, they demonstrate strong zero-shot capability and can perform 

open-vocabulary tasks across a wide range of vision applications, such 
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Fig. 2. Overall framework of ReCoD. 1) The image retrieval stage retrieves an image using the generated descriptions of the target image based on the similarity 

of the CLIP’s features. 2) Using the retrieved image as a reference, LVLM generates fine-grained descriptions of the target image. The reference, i.e., the comparison 

target, can be the retrieved image itself or two randomly selected entries from the paired text set for the retrieved image. The retrieved images and the target image 

are framed in red and green, respectively.

as object detection and semantic segmentation. Building upon VLMs, 

open-vocabulary object detection methods [19–22] are proposed to 

recognize novel categories beyond pre-defined label sets, overcoming 

the limitations of traditional approaches [23–26]. Similarly, VLMs en­

able open-vocabulary semantic segmentation [27–29], extending their 

zero-shot capability to dense prediction tasks.

In addition, they also made significant progress in multi-modal tasks, 

with image captioning being the most representative task. Image cap­

tioning is the task of generating short and concise text that provides 

a summary for an image. Recent advances in this task have focused 

on scaling the data and model size, substantially increasing the cost of 

pre-training and fine-tuning [30,31]. Instead of jointly training two net­

works from both modalities, some previous works like ClipCap [6] and 

I-Tuning [7] use pre-trained models that remain frozen while only a 

lightweight connection module is updated. Although these approaches 

significantly reduce computational resource, they have a major draw­

back due to the low quality of the training dataset. They are trained to 

mimic captions that are too short and ignore unique image details. To 

generate more visually descriptive captions, DiscriTune [32] trains its 

text decoder via reinforcement learning, using self-image retrieval score 

of the generated captions as a reward. By optimizing for self-image re­

trieval rather than replicating human-annotated captions, it mitigates 

dataset quality issue and succeeds in capturing more discriminative de­

tails. More recently, memory-based approaches [33–35] proved their 

effectiveness. For instance, DeCap [33] represents visual embeddings 

as a weighted sum of textual embeddings stored in memory, which are 

then fed into the decoder. SmallCap [34] generates captions conditioned 

on both an input image and related captions retrieved from an external 

datastore.

However, captions generated by existing image captioning models 

remain overly generic and often lack the detail needed to effectively 

represent the images as a cross-modal interface.

2.2 . Large vision-language models and image descriptions

Following the foundational work in the vision-language domain by 

CLIP [1], several notable large vision-language models (LVLMs) like 

BLIP-2 [36], instructBLIP [13], and LLaVA [37] have emerged. BLIP-2 

enhances image-text alignment through an effective querying trans­

former. InstructBLIP builds on BLIP-2 by adding the ability to follow 

complex text instructions. LLaVA connects a visual encoder and an LLM 

for general-purpose vision-language understanding. It integrates visual 

and linguistic understanding in a more sophisticated way, enabling gen­

eration of detailed image descriptions. However, they still have some 

limitations. Short descriptions may lack detail by focusing only on major 

objects, while longer descriptions risk inducing hallucinations.

De-Diffusion [5] introduces a unique vision-language model that 

combines a text-to-image generator, i.e., Stable Diffusion [38], with vi­

sual encoder instead of LLMs. It generates text using a visual encoder 

and query tokens, which are then used as input prompt for the text-to-

image generator. It is fine-tuned based on how closely the generated 

image matches the original one. Although representing images with text 

instead of deep embeddings is successful, its reliance on word-level se­

quences rather than complete sentences restricts interpretability and the 

depth of conveyed content. Moreover, the high computational cost of 

text-to-image generation limits its scalability and practicality.

2.3 . Knowledge-based visual question answering

Knowledge-based visual question answering (VQA) extends the VQA 

task by requiring additional external knowledge beyond what is visually 

presented in the image to answer the question. Early studies have uti­

lized open-source databases such as Wikidata [39] and ConceptNet [40] 

as sources of external knowledge. With incredible advances in LLMs, re­

cent research [41–45] has leveraged them to achieve remarkable results. 

However, since LLMs are language-only, they are unable to process im­

ages directly. To resolve this issue, PICa [41] first converts the image 

into a caption using an image captioning model, and then prompt the 

LLMs with this caption instead of the image. Recognizing the limitations 

of generic captions in PICa, which miss vital visual details and thus neg­

atively impact performance, subsequent works [42–44] have tried to 

create question-aware captions. The performance of these methods re­

lies entirely on the quality of the textual representations used in place 

of the input images.

3 . Method

The proposed method, ReCoD, is a two-stage iterative framework 

that enhances image descriptions. It does not require any additional 

training or human intervention, such as prompt engineering or costly 

annotations. The overall framework of ReCoD is illustrated in Fig. 2. 
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The image retrieval stage finds an image for comparison, and the subse­

quent comparison stage generates a comparative description using the 

retrieved image as a reference. Each component is described in Sections 

3.1 and 3.2.

3.1 . Image retrieval

Most of the image-to-text generation models in vision-language 

domain rely on supervised learning to train models to replicate human-

generated reference text. Due to the low quality of the ground-truth 

reference text, they have a significant limitation in that the detail and 

richness of the generated text is bounded to their training data. However, 

there are no well-curated datasets for training models to generate more 

detailed descriptions. In the absence of such high quality datasets, we 

utilize the result of text-to-image retrieval as guidance to improve the 

detail of the descriptions in a training-free manner.

In the image retrieval stage, we search for an image to use as a 

comparison target in the following comparison stage. We retrieve an 

image that is most similar to the generated descriptions from the data­

store D. The datastore consists of either image-only data or image-text 

pairs, depending on the type of comparison, which will be detailed in 

Section 3.2:

D =

{

{𝐼𝑖}
𝑁
𝑖=1, for image-based comparison

{(𝐼𝑖, 𝑇𝑖)}
𝑁
𝑖=1, for text-based comparison,

(1)

where 𝐼𝑖 ∈ 𝐷𝐼  and 𝑇𝑖 ∈ 𝐷𝑇  denote an image and its paired text, respec­

tively, and 𝑁  is the size of the datastore. Since text-to-image retrieval 

requires well-connected multi-modal features between the two modali­

ties, we adopt CLIP [1] textual encoder 𝜙(⋅) and visual encoder 𝜓(⋅) for 

feature extraction.

Formally, given the generated descriptions of the target image 𝐂 =
[𝑐0, 𝑐1,… , 𝑐𝑡] and all images in the 𝐷𝐼 , their textual features 𝐰 and visual 

features 𝐳 can be obtained as follows:

𝐰 = 𝜙(𝐂) ∈ R(𝑡+1)×𝑑 (2)

𝐳 = 𝜓(𝐷𝐼 ) ∈ R𝑁×𝑑 , (3)

where 𝑑 is the dimension of the output features of CLIP encoder. Then, 

we calculate the similarity between each of the textual and visual fea­

tures. To find the image most similar to all the given descriptions, 

retrieval score of each image 𝑟𝑖 is computed by averaging its similarity 

with each description:

𝑟𝑖 =
1
|𝐂|

𝑡
∑

𝑗=0
sim(𝑤𝑗 , 𝑧𝑖), (4)

where sim(⋅) denotes the cosine similarity. Finally, the image with the 

highest score is selected as the output image of the image retrieval stage:

𝐼𝑖∗ = ImageRetrieval(𝐂,D), where 𝑖∗ = argmax
𝑖
𝑟𝑖 (5)

Note that the features of the images in the datastore can be pre-

computed for efficiency. We use the MS-COCO [46] train split for the 

default datastore to avoid data leakage during evaluation. Alternatively, 

any image dataset with or without paired text, such as Conceptual 

Captions [47] and WikiWeb2M [48], can be used. An ablation study 

on the datastore is presented in Section 4.4.2.

3.2 . Comparison: spot the difference

While recent LVLMs are superior to traditional image-to-text gener­

ation models by a large margin, they rely excessively on the scale of 

the model and the training dataset. To mitigate this dependency, we ap­

ply a simple strategy inspired by the game “Spot the Difference”. When 

we describe an image, our responses often focus on its overall appear­

ance or the primary object alone. However, providing a similar image 

Algorithm 1 ReCoD.

Target image 𝑥
Initial description 𝑐0, 𝐭𝐭𝐡 description 𝑐𝑡
textual encoder 𝜙(⋅), visual encoder 𝜓(⋅)
Datastore D = {(𝐼𝑖, 𝑇𝑖)|𝐼𝑖 ∈ 𝐷𝐼 , 𝑇𝑖 ∈ 𝐷𝑇 }𝑁𝑖=1
1: 𝐂 = [𝑐0]
2: 𝐳 ← 𝜓(𝐷𝐼 )
3: for 𝑡 = 1, 2,… , 𝑁loop do

4: 𝐰 ← 𝜙(𝐂)
5: 𝑟𝑖 ← avg𝑗 (sim(𝑤𝑗 , 𝑧𝑖))
6: 𝑖∗ ← argmax𝑖 𝑟𝑖
7: 𝑐𝑡 ← 𝐋𝐕𝐋𝐌(𝑥, template(RandSample(𝑇𝑖∗ ))
8: 𝐂.append(𝑐𝑡)
9: end for

10: return 𝐂

for comparison invokes consideration of a wider range of visual details 

and differentiating secondary attributes, such as background, counts, 

color, size, etc. Similarly, models with strong image recognition and un­

derstanding capabilities would pay closer attention to the details of the 

target image when given a comparison target.

In the comparison stage, we prompt the LVLMs to identify the dis­

tinguishing visual features of the target image compared to the similar 

image retrieved in the previous image retrieval stage. There are two 

types of comparison: image-based and text-based, each utilizing the re­

trieved image itself and paired text of the retrieved image, respectively. 

Given the target image 𝑥 and the result of previous image retrieval stage 

𝑅, the comparative description 𝑐 is generated as follows:

𝑐 = 𝐋𝐕𝐋𝐌(𝑥,𝑅), where 𝑅 =

{

𝐼𝑖∗ , for image-based comparison
𝑇𝑖∗ , for text-based comparison

(6)

For text-based comparison, when 𝑇𝑖∗  contains more than two texts, we 

randomly sample two of them for use. This sampling process corresponds 

to the “RandSample” operation in Alg. 1. Note that image-based com­

parison has the significant advantage of utilizing a datastore consisting 

solely of images, whereas text-based comparison requires a datastore 

with paired image-text data.

To guide the LVLMs in generating descriptions via comparison, 

we construct input prompts based on the corresponding instruction 

templates:

<image-based comparison>
Reference:

𝐼𝑖∗
Describe the first image by thinking about how it is different 

from the second image, without mentioning the difference, but 

giving details only about the first image.

<text-based comparison>
Reference descriptions:

𝑇𝑖∗
Describe this image by thinking about how it is different from 

the descriptions above, without mentioning the difference, but 

giving details only about the image.

Finally, with these templates, the process of comparative description 

generation is as follows:

𝑐 = 𝐋𝐕𝐋𝐌(𝑥, template(𝑅)) (7)

In contrast to a naive prompt, e.g., “Describe the image in great 

detail”, prompting LVLMs to describe the image by concentrating on dif­

ferences between the image and the given comparison target stimulates 
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Fig. 3. The pipeline of GPT-3 in-context learning for knowledge-based VQA inference. The red contexts of each question are the descriptions generated by LVLMs. 

Text-only GPT-3 conducts VQA by replacing the images with descriptions. The input prompt is composed of the user instruction, the in-context examples, and the 

test sample.

them to capture the specific details. The resulting description is then 

fed back into the image retrieval stage to retrieve a more similar image, 

thereby increasing the chance of detecting more subtle differences in the 

subsequent comparison stage.

3.3 . Iterative feedback mechanism

Our method combines the two aforementioned stages—image re­

trieval and comparison—into an iterative feedback mechanism. The 

outputs of both stages are complementary and act as feedback for 

each other. The more similar an image is used for comparison, the 

finer and more differentiated observations can be made by shifting the 

model’s gaze to subtle differences. Also, detailed descriptions that pro­

vide specific visual features help to retrieve a more similar image in 

the subsequent image retrieval stage. In the context of this mutual feed­

back setting, in which the retrieved images inform the quality of the 

generated descriptions, we perform image retrieval based on the gen­

erated descriptions rather than on the target images. As a result, this 

complementary feedback mechanism enables us to gradually enrich the 

descriptions without careful prompt design, additional training, large 

datasets, or human supervision.

The overall algorithm of text-based comparison is described in Alg. 

1. In case of image-based comparison, it does not require an image-text 

paired datastore, thus there is no need for 𝐷𝑇 . Also, RandSample(𝑇𝑖∗ ) in 

line 7 would be replaced with the retrieved image 𝐼𝑖∗ .

3.4 . VQA inference with GPT-3

To evaluate the effectiveness of ReCoD, we conduct a knowledge-

based visual question answering (VQA) task. Following the trend of 

leveraging LLMs for this task by converting images to text, we also adopt 

GPT-3 [49]. Since performance in this setup relies heavily on how ef­

fectively the text represents the original images, this task allows us to 

clearly assess the impact of ReCoD. We begin by generating descriptions 

for each image using ReCoD, replacing the images with these descrip­

tions as context. Consistent with prior works, we employ the in-context 

learning paradigm, where LLMs are guided to perform new tasks by pro­

viding relevant examples. Fig. 3 illustrates the inference pipeline using 

GPT-3.

3.4.1 . In-context example selection

As in-context learning becomes increasingly important for effectively 

using LLMs, research has consistently shown that LLM performance is 

strongly influenced by the examples provided. Hence, it is essential to 

select examples that are closely related to the test sample. To ensure rele­

vance, we adopt the approach used in PICa [41], where we calculate the 

similarity between the test sample and all available examples, and then 

select the top 𝑛 examples with the highest similarity scores. Similarity 

is measured by the sum of the cosine similarities of CLIP embeddings 

for both images and questions. For consistency, all images in both the 

examples and the test sample are replaced with their corresponding 

descriptions.

4 . Experiments

4.1 . Experimental setting

In this section, we perform knowledge-based VQA experiments to 

evaluate the quality of descriptions generated by ReCoD. Using the OK-

VQA [50] and A-OKVQA [51] datasets, ReCoD consistently improves 

the performance without training and achieves state-of-the-art results, 

even outperforming methods specifically designed for this task.

4.1.1 . Dataset

We use two knowledge-based VQA datasets, OK-VQA and A-OKVQA. 

OK-VQA contains 9009 train and 5046 validation image-question pairs. 

We use soft accuracy from VQAv2 [52] as the evaluation metric. A-

OKVQA is the largest knowledge-based VQA dataset and is divided into 

three splits: 17,056 train, 1145 validation, and 6702 test data. It has 

a direct-answer (DA) task, which requires correct answers to the open-

ended questions, as in OK-VQA, and an additional multiple-choice (MC) 

task, which selects the correct answer from given choices. The MC task 

has 4 choices for each question.

4.1.2 . Implementation details

We adopt CLIP (ViT-L/14)  [1] for image retrieval, and LLaVA-1.5 

(13B)  [15] and “claude-3-haiku-20240307” of Claude3 [53] for gen­

erating comparative descriptions. As mentioned earlier, any LVLM can 

be used—even a black-box model accessible only via an API, such as 

Claude3— since ReCoD requires neither training nor internal model 

access. Unless specified otherwise, LLaVA and Claude refer to LLaVA-

1.5 and Claude3, respectively. Since LLaVA is unable to understand two 

images simultaneously, we only perform a text-based comparison. All 

models are frozen with no training throughout the entire process.

The maximum output length of the LVLMs and the total number of 

feedback loops 𝑁loop are set to 40 tokens and 10, respectively. We use a 

temperature = 0.2 and a top_p = 0.7 as the default parameters for LLaVA 

with ReCoD. For vanilla LLaVA, both the temperature and top_p are set 

to random values for diversity in descriptions. In the case of Claude, the 

temperature is 0.2, while the top_p remains at its API default. A single 

loop means that both stages, image retrieval and comparison, are run 

one time. All descriptions acquired up to the current loop are used to 
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Table 1 

Results on OK-VQA with the method of representing images, question-awareness, and source 

of external knowledge. The upper part lists methods that require a training step, while the 

methods below do not require training and are based on zero-shot or in-context learning. 

Question-awareness is marked only for methods that use text as image representations.

Method
Image Question

Knowledge-source Acc(%)
Representation aware

End-to-End Training

MUTAN [51] Feature – 26.4

ConceptBert [54] Feature ConceptNet 33.7

KRISP [55] Feature Wikipedia+ConceptNet 38.9

MAVEx [56] Feature
Wikipedia+ConceptNet

39.4
+Google Images

KAT [57] Caption+Tag+Feature ✓ GPT-3 (175B)+Wikipedia 54.4

REVIVE [58] Caption+Feature ✓ GPT-3 (175B)+Wikipedia 56.6

Prophet [45]
Caption

✘ GPT-3 (175B) 57.5
+Answer-candidate

PromptCap [44] Caption ✓ GPT-3 (175B) 58.4

Zero-shot

PNP-VQA [59] Caption ✓ UnifiedQAv2 35.9

LAMOC [42] Caption ✓ FLAN-T5-XXL 40.3

Img2LLM [43] Caption ✓ OPT (175B) 45.6

In-context learning

PICa-Full [41] Caption ✘ GPT-3 (175B) 46.9

LLaVA-1.5 [15] Description ✘ GPT-3 (175B) 53.2

+ReCoD Description ✘ GPT-3 (175B) 55.3

Claude3 [53] Description ✘ GPT-3 (175B) 52.1

+ReCoD Description ✘ GPT-3 (175B) 54.4

+ReCoD𝑖𝑚𝑔 Description ✘ GPT-3 (175B) 53.7

retrieve a similar image, and the images which are retrieved once are 

excluded from the datastore. The initial description for the first image 

retrieval is generated by each LVLM without comparison.

4.1.3 . In-context learning details

We use “GPT-3.5-turbo-0125” engine for GPT-3 [49] in VQA infer­

ence and select the 𝑛 = 16 most similar examples to the test sample 

in the training split of each dataset. All images of the examples are re­

placed with a description generated by LVLMs using a naive prompt. 

Consequently, the only difference between with and without ReCoD lies 

in the descriptions of the test sample.

4.2 . Main results

Table 1 compares our ReCoD with other methods on the OK-

VQA validation set. ReCoD and ReCoDimg  represent the text-based and 

image-based comparisons, respectively. We specify how the images are 

represented and where the external knowledge comes from. If text is 

used for image representation, we also mark whether it is conditioned on 

the corresponding question. The upper part of the table contains meth­

ods that require training to perform the task, whether or not they use 

the training set of OK-VQA for training. The lower part of the table lists 

zero-shot and in-context learning methods that do not require training. 

Two baselines, LLaVA-1.5 and Claude3, indicate that the descriptions 

which replace the test images are generated by themselves with a naive 

prompt, i.e., “Describe the image in great detail”. Each loop for them is 

entirely independent, with no iterative feedback.

PICa [41] was the first work using GPT-3 as an external knowl­

edge source in knowledge-based VQA. It converts an image into a 

caption using an image captioning model and then uses it as the con­

text for answering the question. However, it relies on generic captions 

that are neither relevant to the question nor detailed, and thus does 

not fully activate the capability of GPT-3. As an alternative approach, 

later works [42–44,59] generate captions depending on the question. 

Although they showed promising results, their usability is limited in that 

the captions are only applicable to specific VQA tasks, i.e., each caption 

Table 2 

Comparison with existing methods on A-OKVQA. It has two differ­

ent types of tasks: direct-answer (DA) and multiple-choice (MC). 
† denotes training-free methods.

Method 𝐷𝐴 𝑀𝐶

val test val test

ViLBERT [60] 30.6 25.9 49.1 41.5

LXMERT [61] 30.7 25.9 51.4 41.6

ClipCap [51] 30.9 25.9 56.9 51.4

KRISP [55] 33.7 27.1 51.9 42.2

PNP-VQA† [59] 36.0 – – –

LAMOC† [42] 37.9 – – –

Img2LLM† [43] 42.9 40.7 – –

GPV-2 [62] 48.6 40.7 60.3 53.7

PromptCap [44] 56.3 59.6 73.2 73.1

Prophet [45] 58.2 55.7 76.4 73.6

LLaVA-1.5† 54.7 51.6 70.4 71.1

+ReCoD† 58.1 53.0 71.4 72.1

Claude3† 50.8 48.5 70.6 71.6

+ReCoD† 52.5 49.9 71.3 72.5

+ReCoD†
𝑖𝑚𝑔 55.8 50.2 72.1 72.7

is tied to a single corresponding question. These problems can all be 

resolved by simply providing highly detailed image descriptions.

Even though ReCoD is not a specialized method for the knowledge-

based VQA task, but only for enhancing image descriptions, it achieves 

the highest performance (55.3%) among the training-free methods in 

the lower part of the table. It also shows the remarkable results on A-

OKVQA in both direct-answer (58.1%) and multiple-choice (72.7%), as 

shown in Table 2. These are the best performance, excluding methods 

that require any training. Additionally, regardless of the comparison 

type, both types of comparison lead to performance improvements. Since 

the only difference with baselines, LLaVA-1.5 and Claude3, is the de­

scriptions of the test sample, it is apparent that the improvements have 

been driven by enhanced descriptions that are sufficiently representa­

tive of the image. This suggests that the GPT-3 understands the image 
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Fig. 4. Comparison of answer hit rate (AHR) over the loops on both datasets. ReCoD is increasing more steeply than LLaVA.

Table 3 

Mean and standard deviation of performance. The devi­

ations are significantly reduced when ReCoD is applied.

Method OK-VQA A-OKVQA

LLaVA-1.5 52.62 ± 0.42 54.60 ± 0.47

+ReCoD 55.35 ± 0.12 58.16 ± 0.03

Claude3 51.89 ± 0.15 51.12 ± 0.23

+ReCoD 54.38 ± 0.09 52.74 ± 0.17

+ReCoDimg 53.73 ± 0.08 55.83 ± 0.07

Table 4 

Performance across loops on each dataset. The performance gains are 

much larger when ReCoD is applied.

Method OK-VQA A-OKVQA

1 5 10 1 5 10

LLaVA-1.5
52.1

52.7 53.2
51.4

54.0 54.7

+ReCoD 54.1 55.3 55.4 58.1

Claude3

49.8

51.9 52.1

48.3

49.5 50.8

+ReCoD 52.9 54.4 51.4 52.5

+ReCoDimg 52.5 53.7 54.4 55.8

well enough by looking at our descriptions instead of the image itself. 

Moreover, descriptions from ReCoD are question-independent, com­

pletely removing usability constraint. In this sense, we would like to 

emphasize that the outstanding ability of ReCoD to generate detailed 

descriptions of the images can be useful in a wide range of multi-modal 

tasks with LLMs, and can therefore play a valuable role in bridging the 

two modalities.

4.2.1 . Statistical analysis

Table 3 shows the mean and standard deviation of performance 

across three runs on both datasets. The mean accuracies are consis­

tent with those reported in Tables 1 and 2, and the deviations are 

significantly reduced when applying ReCoD. The baselines have higher 

deviations due to less informative descriptions, leading GPT to rely more 

heavily on its internal knowledge to answer the questions. In contrast, 

the detailed descriptions generated by ReCoD result in much lower 

deviations, as they provide sufficient information.

4.3 . Feedback mechanism

We conduct extensive experiments to quantitatively measure the ef­

fect of the feedback mechanism, which is the key strategy of ReCoD. We 

use a validation split of OK-VQA and A-OKVQA.

4.3.1 . Performance by loop

Table 4 shows the change in accuracy for each loop. We accumulate 

the generated description at each loop and use all these descriptions as 

replacements for each image. Loop 1 denotes the use of a single initial 

description generated by each LVLM via a naive prompt.

Table 5 

Results of using LLaMA-3 instead of GPT-3. It achieves state-of-the-art 

performance while being much smaller than GPT-3.

Method OK-VQA A-OKVQA

1 5 10 1 5 10

LLaVA-1.5
59.3

59.7 59.9
57.2

58.3 59.3

+ReCoD 60.7 61.6 59.8 61.2

Claude3

58.8

60.0 60.0

56.6

56.5 57.4

+ReCoD 60.8 61.5 58.5 59.2

+ReCoDimg 60.9 61.9 59.3 60.2

On the OK-VQA dataset, both LVLMs with ReCoD consistently show 

a larger increase in accuracy as the loop progresses compared to without

ReCoD. The results are also consistent on the A-OKVQA dataset, and the 

improvement in ReCoDimg  is remarkable. The fact that ReCoD increases 

accuracy much more than LVLMs alone as the loop continues suggests 

that the performance gain from ReCoD is not merely a consequence of 

increasing the number of descriptions in the test sample.

4.3.2 . Answer hit rate

In this section, we evaluate how meaningful the visual context en­

coded in the descriptions is for answering the corresponding question 

by calculating the answer hit rate (AHR). The AHR is the proportion 

of question-answer pairs that include the ground-truth answer in their 

context descriptions. As our main purpose is enhancing the image de­

scriptions, we only consider the context descriptions of the test sample, 

excluding those of in-context examples.

Fig. 4 plots the change in AHR of LLaVA with and without ReCoD

over the loops on both datasets. Although both increase consistently,

ReCoD has a steeper rise compared to LLaVA. This implies that the 

feedback mechanism is considerably effective in capturing diverse and 

detailed information. High AHR naturally leads to high accuracy because 

it means that more of the strongest cues to answer the question, i.e., ex­

act answer word, are provided. It is quite notable that ReCoD achieves 

high AHR even though it generates general-purpose descriptions rather 

than question-conditioned descriptions. In addition, the results further 

support the reduction in deviations observed in Section 4.2.1.

4.4 . Ablation studies

We conduct ablation studies on the inference LLM, target LVLM, 

datastore, and sampling hyperparameters to understand the impact of 

each component.

4.4.1 . Analysis of LLM impact on performance

To verify whether the performance gains are due to the remarkable 

capability and huge size of GPT-3 (175B), we conduct knowledge-based 

VQA under the same settings, only replacing GPT-3 with a smaller 

LLaMA-3 (70B) [9]. Table 5 confirms that LLaMA-3 also consistently 

performs better when ReCoD is applied. Surprisingly, ReCoD achieves 

Neurocomputing 676 (2026) 133025 

7 



G. Jung, J. Park, H. Lee et al.

Fig. 5. Answer hit rate (AHR) over the loops on both datasets using Qwen2-VL. Qwen2-VL alone gives a marginal gain, but the increases with ReCoD are remarkable.

Table 6 

Results with Qwen2-VL-7B. The effect of ReCoD is strong even 

for model of size 7B.

Method OK-VQA A-OKVQA

Qwen2-VL 52.83 55.41

+ReCoD 56.16 59.94

+ReCoDimg 54.50 59.65

Table 7 

Ablation on two additional datastores. ReCoD leads to significant 

performance improvements regardless of the size and quality of the 

datastore.

Method OK-VQA A-OKVQA

CC3M WikiWeb2M CC3M WikiWeb2M

LLaVA-1.5 53.19 53.19 54.70 54.70

+ReCoD 54.24 54.20 58.64 58.57

Claude3 52.07 52.07 50.82 50.82

+ReCoD 54.49 54.05 52.68 52.56

+ReCoDimg 54.51 53.84 56.40 56.19

state-of-the-art performance on each dataset (61.9% and 61.2%), outper­

forming all existing methods, even those that require a training step. It’s 

worth noting that the same results can be reproduced with the smaller 

open-source model, as opposed to the GPT-3 API which has a non-

negligible cost. Furthermore, the results also demonstrate the usability 

of ReCoD for any LLM, enabling the effective connection between vision 

and language.

4.4.2 . Ablation on target LVLM and datastore

We performed further experiments with Qwen2-VL-7B [63], which 

is much smaller than LLaVA and Claude. Table 6 shows that even a 7B 

model achieves substantial performance gains with ReCoD in both text-

based and image-based comparisons. Notably, as illustrated in Fig. 5, 

Qwen2-VL-7B alone yields minimal improvement in AHR over the loops, 

whereas ReCoD leads to a significant increase. The successful appli­

cation of ReCoD not only to black-box models but also to small-scale 

models demonstrates its broad applicability.

Table 7 presents results using two additional datastores: Conceptual 

Captions 3M (CC3M) [47] and WikiWeb2M [48], which contain approx­

imately 3.3M and 2M images, respectively. Although both datastores 

have one text per image and text quality is relatively low, they still 

yield notable performance improvements. Moreover, the strong perfor­

mance with the default datastore, COCO—despite being only 5% of their 

size—demonstrates robustness of ReCoD.

4.4.3 . Ablation on LVLM sampling hyperparameters

We ablate the decoding hyperparameters of LVLMs—max_new_tokens, 

temperature, and top_p—using LLaVA on the A-OKVQA dataset. Table 8 

presents the performance with varying maximum output length of 

Table 8 

Results under different max_new_tokens settings.

Method max_new_tokens

40 80 120

LLaVA-1.5 54.7 54.4 54.0

+ReCoD 58.1 57.8 57.6

Fig. 6. Sensitivity analysis of temperature and top_p.

Table 9 

Comparison of time and memory for the two stages 

per loop. Retrieval is a shared part regardless of 

LVLMs.

Method Time (s) Memory (GB)

Retrieval

CLIP 0.0085 0.0035

Generation

LLaVA-1.5 2.6642 1.1598

+ReCoD 2.6836 1.1797

Qwen2-VL 1.5219 0.3446

+ReCoD 1.5360 0.3595

+ReCoDimg 1.5837 0.4911

LVLM, i.e., max_new_tokens. ReCoD improves accuracy across all set­

tings, with the best result at 40 tokens, which we use by default. This 

suggests that increasing the output length does not necessarily lead 

to richer or more informative content. Fig. 6 illustrates the sensitivity 

analysis of temperature and top_p. ReCoD remains stable across ranges, 

indicating low sensitivity to these hyperparameters.

4.5 . Time and memory analysis

To investigate the additional cost of applying ReCoD, Table 9 reports 

the average wall-clock time (s) and GPU memory usage (GB) per feed­

back loop. We measure the retrieval and generation stages separately. 

The retrieval stage—which exists only in ReCoD—is shared part inde­

pendent of LVLMs. As Claude is a black-box model accessible only via 
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Fig. 7. Heatmaps of cosine similarity of the CLIP textual embeddings between descriptions across loops. The results are the average for all samples in each dataset. 

The descriptions from ReCoD have low similarity.

Table 10 

Results of five reference-based metrics.

Method BLEU-4 METEOR ROUGE-L CIDEr SPICE

LLaVA 12.18 26.48 36.79 1.94 22.97

+ReCoD 12.84 26.46 37.95 10.40 23.10

Table 11 

Winning rates (%) evaluated by GPT-4o and human. The descriptions 

generated by ReCoD are always better than baselines.

Method OK-VQA A-OKVQA

GPT-4o Human GPT-4o

LLaVA w/ ReCoD 79.3 55.0 79.0

Claude w/ ReCoD 63.7 60.0 54.0

Claude w/ ReCoDimg 63.0 64.0 71.7

API, Qwen2-VL is used for the image-based comparison. All experiments 

are conducted on two NVIDIA A6000 GPUs.

As shown in the top row, CLIP-based retrieval is extremely 

lightweight, taking only 8.5 ms and 3.5 MB—essentially negligible. The 

lower block compares generation with and without ReCoD. As described 

in Section 3.2 about instructions, text-based comparison only adds two 

reference texts to the text prompt that will be input to the LLMs or 

LVLMs. Therefore, incorporating ReCoD to LLaVA increases time by just 

0.019 s (≈ 0.7%) and memory by 0.02 GB (≈ 1.7%). For Qwen2-VL, the 

overhead is only 0.014 s and 0.015 GB, underscoring the efficiency of 

our method.

The image-based comparison ReCoDimg  introduces slightly larger 

cost since it processes both the retrieved and target images, resulting in 

an additional 0.062 s (≈ 4%) and 0.15 GB (≈ 43%). This overhead can 

be reduced through efficient visual encoding—for example, by caching 

target image tokens, or by reducing the number of visual tokens, which 

has recently been actively studied as a major computational bottleneck 

of LVLMs [64,65].

4.6 . Textual quality evaluation

We analyze the quality of our descriptions from the perspective 

of the text itself. First, we measure five traditional reference-based 

metrics: BLEU-4 [66], METEOR [67], ROUGE-L [68], CIDEr [69], and 

SPICE [70]. Table 10 shows that ReCoD achieves comparable or supe­

rior results across all metrics. While traditional image-to-text generation 

models aim to imitate reference text, LVLMs generate longer and more 

diverse descriptions, making these metrics unsuitable for evaluating 

open-ended outputs. As an alternative, we evaluate both datasets using 

GPT-4o [71] and human judgments on OK-VQA. Both GPT-4o and hu­

man were asked to choose the better of the two descriptions generated by 

LVLMs with and without ReCoD. We randomly sample 100 images from 

Table 12 

Accuracy on the VQAv2 dataset.

Method VQAv2

LLaVA-1.5 57.9

ReCoD 60.0

each dataset. Table 11 shows the winning rates against the correspond­

ing baselines, i.e., LVLMs without ReCoD. Our descriptions significantly 

outperform baselines. For GPT-4o, results are averaged over three runs, 

and for human evaluation, we apply majority voting from three workers.

4.6.1 . Diversity of descriptions

In this section, we analyze how diverse the generated descriptions 

are across feedback loops. Fig. 7 presents heatmaps of the average cosine 

similarity between the CLIP textual embeddings of descriptions at each 

loop. Since the baseline LLaVA generates descriptions solely based on 

the target image, its outputs always remain highly similar. In contrast,

ReCoD generates more diverse and semantically varied descriptions, as 

each loop employs a different comparison target.

4.7 . Qualitative results

The five descriptions generated by LLaVA with and without ReCoD

are presented in Fig. 8, as well as predicted answers. GPT-3 has to cor­

rect the open-ended answer of each question based on these descriptions 

without the image. It produces the correct answers when using the de­

scriptions of ReCoD as the context of the image, but is unable to do 

so with the generic descriptions from LLaVA. The exact answer words 

only contained in the descriptions of ReCoD, e.g., “pelican” or “screen 

saver”, allow GPT-3 to properly answer the questions. The underlined 

parts mark additional information that is not available without ReCoD

and can be clues to answer arbitrary questions. Keep in mind that all this 

information comes from general-purpose descriptions that are not con­

ditioned on any specific question. More qualitative results are provided 

in Appendix B.

Fig. 9 illustrates the patch-wise similarity between the target image 

and the generated descriptions. The left image shows the similarity to the 

initial description, while the right image presents the average similar­

ity over all descriptions up to loop 5. The text labeled “Initial” denotes 

the initial description, and the bullet-pointed texts below correspond 

to partial descriptions at loop 5. As the loop progresses, the number of 

patches with high similarity increases and additional fine-grained details 

emerge, which are highlighted in green.

4.8 . Factual information preservation

It is important to generate detailed descriptions while maintain­

ing the factual information of the image. To demonstrate that ReCoD

generates rich and informative descriptions while preserving factual 
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Fig. 8. Qualitative results of generated descriptions on OK-VQA. The ReCoD make the GPT-3 answer correctly by including the ground-truth answer in the descriptions 

while failing with generic descriptions from LLaVA. We underlined details that are seen only in ReCoD.

content, we conduct the same experiment on the VQAv2 [52] dataset. 

In contrast to knowledge-based VQA, VQAv2 only contains questions 

about objective facts visible in the image. Table 12 reports the perfor­

mance on 5000 samples at loop 10, showing an improvement of 2.1 

percentage points when ReCoD is applied. Additionally, Fig. 10 pro­

vides qualitative results, where the generated descriptions accurately 

reflect the factual content of the image, leading to correct answers to the

questions.

4.9 . Hallucination analysis

4.9.1 . Perspective of descriptions

To evaluate the hallucinations in the descriptions, we adopt 

POPE [16]. POPE is a polling-based approach originally designed for 

evaluating object hallucinations in LVLMs. Given a ground-truth object 

list of the image, it queries the LVLMs to answer yes or no regarding 

whether each object is in the image or not. The hallucinations are eval­

uated by posing questions about objects that are not in the ground-truth 

object list and checking whether they answer “no”.

However, since we aim to evaluate hallucinations in the generated 

descriptions rather than in the LVLMs themselves, we modify POPE’s 

Table 13 

Hallucination accuracy (%) of generated descriptions across loops on OK-VQA 

and A-OKVQA, evaluated using the POPE-based pipeline. Accuracies indicate 

the percentage of “yes” answers. The values in parentheses represent the average 

number of extracted objects per image.

Method OK-VQA A-OKVQA

5 10 5 10

LLaVA-1.5 87.6 (4.3) 86.0 (4.6) 88.6 (4.3) 87.6 (4.6)

+ReCoD 87.6 (5.0) 85.9 (5.4) 88.9 (5.1) 87.7 (5.4)

Claude3 88.8 (5.1) 87.8 (5.6) 90.6 (4.3) 89.5 (5.3)

+ReCoD 88.9 (5.2) 88.5 (5.6) 90.8 (5.3) 90.0 (5.8)

+ReCoDimg 89.1 (5.9) 88.2 (6.5) 90.7 (6.0) 90.0 (6.6)

pipeline accordingly. Specifically, we first extract object nouns from 

each description using GPT-4.1 [10]. Because this step is a simple noun-

extraction task, the use of GPT-4.1 does not introduce errors. We then 

follow the POPE procedure by querying whether each extracted object 

is present in the image. The answers are also obtained via GPT-4.1. As 

our focus is on hallucinations in the descriptions, we omit the object 
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Fig. 9. Patch-wise similarity between the target image and the generated descriptions. The text marked “Initial” represents the initial description, and the bullet 

points indicate partial descriptions at loop 5. As the loop progresses, patches with high similarity increase, and finer-grained details are provided.

disruptor and treat any object that is identified as not present (“no” 

answer) as hallucinated.

Table 13 reports hallucination accuracy (%) at 5 and 10 

loops, measured as the proportion of “yes” answers, where higher 

values indicate fewer hallucinations. The values in parentheti­

cal denote the average number of extracted objects per im­

age. Across both OK-VQA and A-OKVQA, ReCoD consistently im­

proves accuracy. Notably, it reduces hallucinations while gener­

ating more detailed descriptions. Remarkably, the average num­

ber of extracted objects per image is even higher, demonstrating 

that ReCoD enhances descriptive richness without sacrificing factual

accuracy.

Fig. 11 provides qualitative examples comparing LLaVA and ReCoD. 

Each pair shows a target image, a retrieved image, and the corre­

sponding object lists extracted from the generated descriptions. While 

LLaVA often mentions only a few dominant objects, ReCoD yields 

richer and more diverse lists by leveraging the retrieved images as 

comparison targets, highlighting its ability to produce more informative 

descriptions.

4.9.2 . Perspective of cross-modal interface

ReCoD also has huge advantage for hallucination in the perspec­

tive of a cross-modal interface. It can reduce hallucinations in LLMs 

in situations where they are given the generated descriptions instead 

of the deep embeddings. Generally, LVLMs only describe what is 

visible in a given image. This can be potentially problematic when 

used as a cross-modal interface. Any information that is not explicitly 

described in the descriptions may result in hallucinated outputs driven 

by LLMs’ internal knowledge or bias, such as co-occurrence or object

counts.

Fig. 12 displays the target image and generated description, as 

well as the retrieved image that is used to generate the descrip­

tion. The bold parts demonstrate that ReCoD is able to explicitly 

negate non-existent objects through comparison. For example, it can 

identify that there are no clouds when compared to an image of a 

cloudy sky (top left), or that there is only one plane when com­

pared to an image of two planes (bottom right). Sky and clouds, roads 

and cars, refrigerators and food, and so on, are usually paired to­

gether. Therefore, explicitly informing LLMs of an absence helps reduce

hallucinations.

5 . Limitations and future works

Although the feedback loop continually enriches the descriptions, 

it suffers from three limitations: (i) a naive retrieval method, (ii) 

information redundancy, and (iii) lack of factual content. Leveraging 

the natural strength of CLIP—which aligns image and text modalities in 

a shared embedding space—and following its wide adoption in multi-

modal zero-shot classification [1] and retrieval [32,34], our simple 

CLIP-based retrieval works reasonably well. However, due to the remain­

ing modality gap [72], this naive retrieval process may miss subtle or 

fine-grained details. A more advanced retrieval strategy could further 

enhance the overall performance of the framework. In addition, only 

small amounts of discriminative detail are added in each loop, while the 
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Fig. 10. Qualitative results of generated descriptions on VQAv2. They include factual information about the image, and answer questions correctly. The answer words 

are highlighted in green.

general base content tends to be repeated, resulting in redundancy in the 

final descriptions. We attempt to mitigate this by summarizing the final 

descriptions using LLMs, but distinctive details that appear only once are 

often omitted during summarization. This redundancy can be effectively 

addressed either by filtering out generic content during generation or 

by summarizing in a way that preserves important information. Lastly, 

since the descriptions are generated through an iterative retrieval–

comparison process, they can be influenced by retrieval noise and may 

emphasize inter-image differences, thereby overlooking essential factual

content.

Beyond these limitations, extending ReCoD to the video domain rep­

resents another promising research direction. Directly processing entire 

videos exacerbates redundancy and incurs substantial computational 

costs, especially for video-based comparisons. Effective video handling 

further requires explicit modeling of temporal relations, actions, and 

motion, as well as LVLMs capable of understanding and comparing 

two videos simultaneously. These challenges are non-trivial and beyond 

the scope of our current work, but we plan to explore them in future

studies.

6 . Conclusion

We presented ReCoD, a novel training-free approach for enhanc­

ing image descriptions without the need for large-scale datasets. Our 

framework enables models to iteratively refine descriptions through 

a feedback loop between retrieval and comparison stages, capturing 

more fine-grained details. Such highly detailed descriptions serve as a 

cross-modal interface, effectively connecting the vision and language 

modalities. As an alternative to deep visual embeddings, it offers sig­

nificant advantages such as improved usability and interpretability. 

Furthermore, ReCoD can be easily applied to any LVLM, including 

black-box models. We demonstrated the quality of the descriptions gen­

erated by ReCoD on a knowledge-based visual question answering task, 

achieving state-of-the-art performance. Additional hallucination analy­

sis reveals that hallucinations can be mitigated from two perspectives: 

the descriptions themselves and the cross-modal interface. ReCoD con­

tributes to multi-modal research by providing rich and informative 

descriptions that enhance understanding and interaction between vision 

and language modalities.
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Fig. 11. Examples of a target image, one of the retrieved images, and extracted object lists from the generated descriptions by each method. The list from ReCoD

includes more diverse and detailed objects.

Fig. 12. Qualitative analysis of hallucinations from the perspective of a cross-modal interface. The descriptions include the information about “no” as a result of the 

comparison with the retrieved image, e.g., “no cloud” and “no cars”. The bold and underline are object negation and detail information, respectively.
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Appendix A . More implementation details

To avoid data leakage, we used COCO [46] 2014 and COCO 2017 

train split as the datastore for OK-VQA [50] and A-OKVQA [51], re­

spectively. Each dataset contains 82,783 and 118,287 images with 5–6 

paired texts per image. For the initial description and the output of the 

comparison stage, we removed the non-informative phrases, e.g., “The 

image shows”, in post-processing.
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Appendix B . More qualitative results

B.1 . Textual quality

Fig. B.13 displays additional qualitative results of descriptions generated by ReCoD. The descriptions contain details and supplementary 

information that go beyond the primary objects, explicitly providing the correct answer to the given question.

Fig. B.13. Additional qualitative results on OK-VQA.
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B.2 . Factual content

Fig. B.14 shows additional qualitative results on VQAv2 [52]. The generated descriptions not only capture fine-grained details but also accurately 

reflect factual content of the images.

Fig. B.14. Additional qualitative results on VQAv2, demonstrating that the generated descriptions include factual content of the images.
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B.3 . Object diversity

Fig. B.15 presents qualitative results comparing the object lists extracted from the descriptions generated by each method. Consistent with Fig. 11, 

the lists produced by ReCoD are richer and more diverse. Notably, they include the words “face” and “eyes”, which are taken from the face-shaped 

alarm clock. They also captures the “city lights” visible outside the window.

Fig. B.15. Additional qualitative results of object lists extracted from descriptions. ReCoD contains more diverse and detailed objects than LLaVA.

Data availability

The data that has been used is publicly available.
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