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Figure 1: Demonstration of MmLINK’s samples containing each kind of objects. Each sample in our MmLINK dataset consists
of an image pair, a corresponding language instruction, and a textual answer for the instruction. The images in the same pair
depict the same object with different poses, lighting conditions or view angles. To ensure the diversity of the image objects in
our MmLINK dataset, we collect images with variance objects (e.g., characters, furniture items, icons, and book covers) from
different image sources.

1 DATASET CONSTRUCTION DETAILS
As illustrated in Section 3 in the paper, each sample in our MmLINK
dataset consists of an image pair, a corresponding language instruc-
tion, and a textual answer for the instruction. The two images in
the same pair depict the same object with different poses, lighting
conditions or view angles. To ensure the diversity of the image
objects in our MmLINK dataset, we collect images with variance
objects (e.g., characters, furniture items, icons, and book covers)
from different image sources, as shown in Figure 1. Number of
samples containing each kind of objects in our MmLINK dataset is
shown in Table 1.

1.1 Construction details for different objects
For different types of objects appeared in our MmLINK dataset,
slightly various pipelines are employed to create the corresponding
samples. In this section, we provide information on the construction
pipeline for samples involving all kind of objects.

1.1.1 Characters. The construction detail of character data is illus-
trated in Section 3 of the paper.

1.1.2 Furniture Items. Compared to characters, the construction
detail of samples involving furniture items has only minor dif-
ferences as illustrated in Figure 2. Specifically, in the first step,
we construct image groups for different furniture items from the
Amazon Berkeley Objects (ABO) Dataset [5], which contains a com-
prehensive 360-degree perspective of furniture items. We select
two different perspectives of the same furniture items as the source
images. Different from character data, we do not include two other
different furniture images here, considering that multiple items
may pose challenges for inpainting. When the source images are
prepared, the remaining steps are identical to those featuring char-
acters: firstly, we segment each item from the source image using
Segment Anything [12], and place them onto a 512 × 512 mask

Table 1: The distribution of samples containing each type of
object in MmLINK.

Object Sample Number

Characters 3543
Furniture Items 16079

Icons 27741
Book Covers 21012

Total 68375

image separately with diverse positions and sizes. In this way, we
obtain two mask images featuring the same furniture item, which
exhibit different view angles and sizes between the images.

In the second step, we inpaint the two mask images with diverse
background descriptions generated by ChatGPT. The inpainting
process is also achieved by Stable-Diffusion-Inpainting [26], which
can generate background pixels smoothly integrated with the items
according to the background descriptions. The two inpainted im-
ages serve as the visual components of each training sample in
MmLINK, challenging models to identify the same furniture item
across images despite varied contexts. Finally, we employ Instruct-
BLIP [6] to generate descriptions of the shared furniture items and
use ChatGPT to obtain refined descriptions, which serve as the
textual components in the final multi-modal samples.

1.1.3 Icons. The Icon645 dataset [19] offers 645K colored icon pic-
tures across 377 categories, such as cake and dog. We construct
2 groups of icon images, where each group contains 4 to 6 icon
categories. The categories are randomly selected, and we ensure
that only one category will appear in both groups. In this way, the
two groups of icon images have only one icon images in common,
serving as the linking information between them. Then we place
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Figure 2: Demonstration of our proposed 2-step sample synthesis pipeline when creating samples containing furniture items as
the linking information. We begin by selecting images featuring furniture items in different view angles. The selected images
are segmented to isolate each item, after which they are merged into mask images. Inpainting technology is then utilized to
fill in the background areas of these mask images to obtain the final images, using descriptions generated by ChatGPT. Text
annotations are generated by InstructBLIP and further refined with ChatGPT.

each group of icon image onto a white background image, where
each icon image has a random size and rotation angle. The result-
ing two images serve as the visual components of each training
sample, challenging models to identify the same icon across images
despite varied contexts and presence of other icon images. The
construction detail of textual components are the same as the one
of furniture items, that is, we employ InstructBLIP [6] to generate
descriptions of the shared icon image and use ChatGPT to obtain
refined descriptions as the final answer.

1.1.4 Book covers. We construct samples involving book covers
fromOCR-VQA [20] dataset. The origin dataset contains about 207K
book cover images, with attributes including author, publish year
and genre. We randomly select two images, which share at least
one identical attribute, as the visual components. Then we extract
the identical attributes of the two images from the original dataset,
and utilize ChatGPT to organize them into the final answer. These
training sample involving book covers aim to enhance model’s
semantic alignment between objects recognized by its OCR ability.

1.2 Prompts for dataset construction
In our 2-step sample synthesis pipeline, we utilize ChatGPT for
diverse background descriptions generation and final answer re-
finement. We list the detailed prompts in Figure 4. Note that the
italicized text enclosed in braces in Figure 4 is the content that
needs to be filled in for each sample.

2 FRAMEWORK OF ADAPTIVE ADJUSTMENT
As introduced in Section 4.3 in the paper, we illustrate the detailed
framework of the adaptive adjustment module in our proposed
bidirectional semantic guidance mechanism in Figure 3. Please
recall that 𝑃 is the patch number in the visual features extracted
by vision encoder, 𝑖 denotes the currently perceived image index
and 𝑚 ≠ 𝑖 denotes the contextual image (i.e., images other than
the currently perceived image) index. The patch-level features of

Adaptive Adjustment

Linear
𝛼"!,#

𝛼"!,$

🔥 𝐼!̅,#

𝐼!̅,$

…𝐼!,#

𝐼!,$

…

Origin Image Feature

…

Reweighted Image Feature

Softmax

Figure 3: Detailed framework of the adaptive adjustment
module in our proposed bidirectional semantic guidance
mechanism. For each image feature extracted by the vision
encoder, the adaptive adjustment module uses a linear layer
and the softmax function to generate normalized patch-level
weights, and then reweights each patch feature using the
normalized weights.

the 𝑚-th (𝑚 ≠ 𝑖) image are denoted as {I𝑚,𝑗 }𝑃𝑗=1. To eliminate
the prominence of irrelevant patches, we assign weights to each
image patch with the adaptive adjustment module. Firstly, it uses
the linear layer Linear(·) and the softmax function softmax(·) to
generate normalized patch-level weights 𝛼𝑚,𝑗 :

𝛼𝑚,𝑗 = softmax(Linear(I𝑚,𝑗 )) (1)

Then, the adaptive adjustment module re-weights each contextual
patch features and sums up the re-weighted patch features to obtain
the merged contextual features Î:

Î = {Î𝑗 }𝑃𝑗=1, Î𝑗 =
∑︁
𝑚≠𝑖

(𝛼𝑚,𝑗 ∗ I𝑚,𝑗 ) (2)

This process reduces the influence of irrelevant patches and ampli-
fies important ones, improving patch-level alignment between the
merged contextual features Î and the currently perceived ones.
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Figure 4: Prompt templates of ChatGPT for dataset construction. ChatGPT is utilized in our 2-step sample synthesis pipeline for
diverse background description generation (1, 2) and response refinement (3, 4, 5, 6). The italicized text enclosed in braces is the
content that needs to be filled in for each sample. Specifically, {original furniture item statement} in 2 is the item descriptions
from the original ABO dataset [5].
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3 IMPLEMENTATION DETAILS
3.1 Test dataset details
We conduct zero-shot evaluation on Group Captioning and Sto-
rytelling tasks to evaluate SAM’s generalization ability. Since the
chosen datasets are not naturally suited for testing multi-modal
large language models, we preprocess the raw data and filter out
some dirty data, forming the final test sets, each comprising 500
samples. In the group captioning task, the model is tasked with
generating descriptions that capture commonalities within a given
set of images. Specifically, for this task, we select three datasets:
Conceptual [16], Animal and Vehicle [9]. Note that each sample
in the original Conceptual dataset contains 20 images, requiring
models to describe a group of target images (5 images) in the con-
text of another group of related reference images (15 images). We
only keep the 5 target images during our test. The storytelling
task provides 𝑁 related pictures and a story description for each of
the first 𝑁 − 1 pictures. The model is required to generate a story
that corresponds to the content of the last picture and maintains
coherence with the proceeding stories. For this task, we select three
public datasets: AESOP [25], VIST [10] and DM800K [3].

In addition, we conduct experiments on the change captioning
task, demonstrating that SAM still retains the ability of discovering
correlations between highly similar images. We select 4 change
captioning datasets used by Li et al. [15]: IEdit [2], Spot-the-Diff
[11], Birds-to-Words [8] and CLEVR-Change [23]. Each dataset con-
tains 500 samples, challenging models to describe subtle differences
between two highly similar images.

3.2 Metric details
To comprehensively evaluate the model, we use various evaluation
metrics.

3.2.1 ROUGE-L. ROUGE-L (Recall-Oriented Understudy for Gist-
ing Evaluation) [17] is a metric commonly used to evaluate the
quality of text summarization or machine translation outputs by
comparing them to a set of reference summaries. ROUGE-L calcu-
lates the longest common subsequence (LCS) between the generated
summary and the reference summaries. It measures the recall of
the generated summary by computing the ratio of the LCS length
to the length of the reference summary. This recall score is then
used to evaluate the quality of the summary. In essence, ROUGE-L
emphasizes the importance of capturing the longest common subse-
quence of words between the generated and reference summaries,
providing a measure of how well the generated summary covers
the content of the reference summaries.

3.2.2 CIDEr. CIDEr (Consensus-based Image Description Evalu-
ation) [28] is a metric commonly used to evaluate the quality of
image descriptions generated by machine learning models. It as-
sesses the consensus between generated descriptions and human
reference descriptions. The calculation process involves computing
cosine similarity between n-grams (sequences of n words) in the
generated descriptions and reference descriptions. These similari-
ties are then aggregated and transformed into a final score using
various techniques like TF-IDF weighting and inverse document
frequency smoothing. CIDEr emphasizes consensus by considering

multiple reference descriptions and has been shown to correlate
well with human judgments of description quality.

3.2.3 BLEU-4. BLEU (Bilingual Evaluation Understudy) [22] is a
metric commonly used to evaluate the quality of machine-translated
text by comparing it to one or more reference translations. BLEU is
based on the idea that “good” translations are those that are simi-
lar to reference translations and use similar n-grams (contiguous
sequences of n items, typically words). BLEU calculates precision
by counting the number of n-grams in the candidate translation
that match any n-gram in the reference translations. BLEU scores
range from 0 to 1, where 1 indicates a perfect match between the
candidate and reference translations. In this paper we use BLEU-4,
which specifically refers to the use of 4-grams in the calculation
and provides a more comprehensive evaluation compared to lower
n-gram values.

3.3 Baseline details
For a comprehensive comparison, we consider open-source state-
of-the-art MLLMs as well as industrial multi-modal chatbots.

3.3.1 MiniGPT-4. MiniGPT-4 [30] enhances vision-language un-
derstanding by integrating a pre-trained vision encoder with an
advanced LLM through a single projection layer. It is pre-trained
on 5M image-text pairs and then fine-tuned with a 3.5K visual in-
struction dataset for improved natural language generation. The
tested version is “MiniGPT-4 (LLaMA-2 Chat 7B)”.

3.3.2 LLaVA. LLaVA [18] is an end-to-end trained model that inte-
grates a vision encoder (i.e., ViT-L/14 from CLIP [24]) with a LLM
(i.e., LLaMA [27]) using a simple fully-connected layer, enabling it
to comprehend and respond to multi-modal instructions. It lever-
ages machine-generated instruction-following data, created using
GPT-4, to improve zero-shot capabilities across new tasks. Using
this 158K instruction data, LLaVA fine-tunes the FC layer and the
LLM. The tested version is “llava-v1.5-7b-lora”.

3.3.3 BLIP2. BLIP2 [14] uses a trainable module called Q-Former
in a two-stage pre-training process: first for vision-language rep-
resentation learning from a frozen image encoder (i.e., ViT-g/14
from EVA-CLIP [7]), and second for vision-to-language generative
learning from a frozen LLM (i.e., FlanT5 [4]). BLIP-2 is trained on
a dataset comprising 129M images including various sources. The
tested version is “blip2-pretrain-flant5xl”.

3.3.4 InstructBLIP. InstructBLIP [6] introduces an approach to
vision-language instruction tuning using the BLIP-2 model, trans-
forming 26 datasets across 11 task categories into instruction format.
It features an instruction-aware Q-former for adaptive visual fea-
ture extraction, trained on a mix of held-in datasets for instruction
tuning and evaluated on held-out datasets for zero-shot generaliza-
tion. The tested version is “blip2-vicuna-instruct-7b”.

3.3.5 Otter. Otter [13] introduces a multi-modal model that lever-
ages instruction tuning to enhance instruction-following abilities
in multi-modal contexts. It employs the MIMIC-IT dataset, compris-
ing image-instruction-answer triplets with contextual examples for
training. Otter integrates a LLaMA-7B language encoder and a CLIP
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Table 2: Detailed performance on change captioning tasks. R-L indicates ROUGE-L, C is CIDEr and B-4 is BLEU-4. The best is
bolded and the second best is underlined.

Model
IEdit Spot-the-Diff Birds-to-Words CLEVR-Change Average

R-L C B-4 R-L C B-4 R-L C B-4 R-L C B-4 R-L C B-4

MiniGPT-4 8.37 1.46 0.24 14.07 0.97 0.62 15.63 0.86 0.37 14.99 0.39 0.52 13.27 0.92 0.44
LLaVA 7.16 0 0.18 13.75 0.13 1.06 13.48 0.49 0.55 13.72 1.19 0.88 12.03 0.45 0.67
BLIP2 12.81 1.69 0 18.54 7.82 1.02 9.46 1.57 0.35 12.94 0 0 13.44 2.77 0.34

InstructBLIP 10.08 4.51 0.32 11.65 1.82 0.88 12.05 0.78 0.59 9.81 0.38 0.21 10.9 1.87 0.5
Otter 4.23 0.87 0.37 15.35 5.73 0.64 14.95 2.85 0.4 13.48 0 0 12 2.36 0.35
MMICL 10.26 3.14 0.38 18.09 4.56 1.02 14.7 2.39 0.58 15.88 0.05 0.07 14.73 2.54 0.51

GPT-4V 8.45 0.95 0.61 19.47 10.02 2.31 18.7 2.35 1.44 21.84 0.2 0.45 17.12 3.38 1.2
Gemini Pro 11.34 1.23 0.47 19.8 7.15 1.83 18.43 2.8 1.17 20.78 0.31 0.71 17.59 2.87 1.05

SAM 12.24 4.95 0.52 22.32 7.05 3.02 14.8 3.3 0.76 14.97 0.05 0 16.08 3.84 1.08

ViT-L/14 vision encoder, involving approximately 1.3 billion train-
able parameters. The tested version is “OTTER-Image-MPT7B”.

3.3.6 Cheetah. Cheetah [15] introduces VPG-C module for en-
hancing MLLMs to better understand and follow demonstrative
instructions by focusing on missing visual details within images.
VPG-C operates alongside a frozen LLM and a vision encoder. It
employs a synthetic discriminative training strategy, which gen-
erates 64K training samples, making the training process efficient
and less data-dependent. The tested version is “cheetah-vicuna-7b”.

3.3.7 MMICL. MMICL [29] is designed to enhance MLLMs by
efficiently handling multi-modal inputs through a novel context
scheme and a constructed multi-modal in-context learning (MIC)
dataset. The training involves a two-stage processwhere themodel’s
components, except for the image encoder, Q-former, and LLM, are
adjusted during the multi-modal in-context tuning phase using part
of the 5.8MMIC dataset. The tested version is “MMICL-Instructblip-
T5-xxl”.

3.3.8 GPT-4V. GPT-4V [21] is an advanced version of OpenAI’s
language models, incorporating multi-modal capabilities that al-
low it to understand and generate not only text but also images
and other forms of media. This enhancement enables GPT-4V to
perform a broader spectrum of tasks effectively, ranging from pro-
viding detailed descriptions to creating intricate visual content. It
can interpret queries that involve both textual and visual contexts,
making it ideal for applications in creative industries, educational
sectors, and technical fields. With a profound grasp of nuanced
language and multimedia content, GPT-4V delivers richer, more
contextually aware interactions, showcasing significant strides in
AI’s ability to mimic human cognitive functions. The tested version
is “gpt-4-vision-preview”.

3.3.9 Gemini Pro. Gemini Pro [1] is Google’s latest breakthrough
in artificial intelligence, integrating advanced multi-modal capabil-
ities that enable it to process and understand both text and visual
inputs. This cutting-edge technology enhances Gemini Pro’s adapt-
ability across various platforms and tasks, from generating artful
visual content to providing sophisticated textual analysis. It’s de-
signed to support a wide range of applications, including creative

endeavors, educational tools, and complex problem-solving scenar-
ios. Gemini Pro leverages deep learning algorithms to deliver more
intuitive and context-aware responses, making it a powerful tool for
industries seeking to harness the full potential of AI in diverse and
dynamic environments. The tested version is “gemini-pro-vision”.

4 MORE EXPERIMENTAL RESULTS
4.1 Detailed performance on the change

captioning task
In issue 2 analyzed in Section 5.3 of the paper, we report the aver-
age performance on the 4 datasets of the change captioning task,
demonstrating that SAM still performs well when reasoning on
highly similar images. We provide detailed performance of each
model on each dataset in Table 2.

4.2 Detailed performance with different data
volumes

In issue 4 analyzed in Section 5.3 of the paper, we report the average
performance on the group captioning task and storytelling task
with different training data volumes, demonstrating that training
SAM is data-efficient. We provide detailed performance of each
training data volumes in Table 3.

4.3 Detailed performance of different
interaction layers

In issue 5 analyzed in Section 5.3 of the paper, we report the aver-
age performance on all 6 test datasets with different bidirectional
interaction layer configurations, demonstrating that the final layers
of the Q-former and the W-former are the best positions to conduct
bidirectional semantic guidance. We provide detailed performance
of each interaction layer configuration in Table 4.

4.4 More case studies
In this section, we provide comparisons of our SAM model with
the baselines on some group captioning and storytelling samples
in Figure 5 - 9.
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Table 3: Detailed performance with different data volumes.

(a) Group Captioning

Data Volumes
Conceptual Animal Vehicle Average

ROUGE-L CIDEr BLEU-4 ROUGE-L CIDEr BLEU-4 ROUGE-L CIDEr BLEU-4 ROUGE-L CIDEr BLEU-4

0 12.61 13.69 1.11 14.46 2.81 2.15 15.55 2.45 1.79 14.21 6.32 1.68
23K 16.29 12.85 1.68 18.58 8.87 2.48 19.44 8.07 2.74 18.10 9.93 2.30
46K 17.46 13.63 2.10 19.19 14.23 3.24 20.42 12.54 3.28 19.02 13.47 2.87
69K 20.93 20.19 2.78 19.40 19.92 3.27 20.36 18.35 3.62 20.23 19.49 3.22
92K 19.74 16.54 2.46 19.15 16.01 3.19 20.15 15.33 3.17 19.68 15.96 2.94

(b) Storytelling

Data Volumes
AESOP VIST DM800K Average

ROUGE-L CIDEr BLEU-4 ROUGE-L CIDEr BLEU-4 ROUGE-L CIDEr BLEU-4 ROUGE-L CIDEr BLEU-4

0 19.12 18.28 2.72 16.96 28.79 2.38 8.21 7.75 1.22 14.76 18.27 2.11
23K 20.36 22.63 3.63 16.68 27.19 2.04 12.07 7.42 1.30 16.37 19.08 2.32
46K 21.76 21.83 3.62 19.69 34.71 3.04 13.76 13.58 2.20 18.40 23.37 2.95
69K 23.45 25.92 4.13 20.85 39.32 3.65 14.33 11.16 1.97 19.54 25.47 3.25
92K 22.97 25.01 3.90 20.70 39.90 3.75 14.08 11.27 1.96 19.25 25.39 3.20

Table 4: Detailed performance with different interaction layers. 𝑙 is the layer that conveys initial visual tokens, 𝑘 is the layer
that conveys contextual semantics, 𝑘 ≥ 𝑙 (𝑙 and 𝑘 are defined in Section 4.2 of the paper).

(a) Group Captioning

𝑙-𝑘
Conceptual Animal Vehicle Average

ROUGE-L CIDEr BLEU-4 ROUGE-L CIDEr BLEU-4 ROUGE-L CIDEr BLEU-4 ROUGE-L CIDEr BLEU-4

3-3 18.1 12.73 2 19.36 12.36 2.72 20.44 11.98 2.73 19.30 12.36 2.48
3-6 18.41 16.92 2.2 18.85 14.12 3.07 20.55 15.75 3.19 19.27 15.60 2.82
3-9 18.97 16.9 2.3 19.43 16.14 3.2 20.31 16.65 3.4 19.57 16.56 2.97
3-12 19.86 18.16 2.58 19.2 17.3 3.39 19.98 18.87 3.32 19.68 18.11 3.10
6-6 18.51 14.15 2.3 19.26 14.37 2.83 20.62 16.06 3.33 19.46 14.86 2.82
6-9 18.83 15.39 2.21 19.1 16.39 3.04 20.03 17.81 3.4 19.32 16.53 2.88
6-12 19.7 17.17 2.6 18.95 17.45 3.36 20.13 17.55 3.35 19.59 17.39 3.10
9-9 19.35 17.9 2.41 19.23 17.83 3.16 20.07 16.16 3.18 19.55 17.30 2.92
9-12 19.68 16.63 2.6 19.27 16.79 3.22 20.14 16.41 3.22 19.70 16.61 3.01
12-12 20.93 20.19 2.78 19.40 19.92 3.27 20.36 18.35 3.62 20.23 19.49 3.22

(b) Storytelling

𝑙-𝑘
AESOP VIST DM800K Average

ROUGE-L CIDEr BLEU-4 ROUGE-L CIDEr BLEU-4 ROUGE-L CIDEr BLEU-4 ROUGE-L CIDEr BLEU-4

3-3 22.14 24.32 3.78 19.16 32.68 2.35 14.35 6.35 1.73 18.55 21.12 2.62
3-6 21.56 22.74 3.32 19.25 34.64 3.05 13.12 11.67 1.44 17.98 23.02 2.60
3-9 22.43 23.89 3.9 19.44 34.65 3.01 14.35 13.37 1.91 18.74 23.97 2.94
3-12 22.67 25.12 3.68 19.85 35.88 3.11 14.25 11.94 2 18.92 24.31 2.93
6-6 22.2 24.25 3.62 19.21 33.48 2.48 14.59 5.92 1.52 18.67 21.22 2.54
6-9 22.64 23.78 3.72 19.64 35.77 3.18 14.13 12.63 1.57 18.80 24.06 2.82
6-12 22.86 25.01 3.75 20 36.27 3.19 14.07 15.16 2.1 18.98 25.48 3.01
9-9 22.57 22.96 3.91 19.44 33.68 2.85 14.32 11.24 1.73 18.78 22.63 2.83
9-12 22.97 24.96 3.85 20.05 37.03 3.24 13.89 13.48 1.89 18.97 25.16 2.99
12-12 23.45 25.92 4.13 20.85 39.32 3.65 14.33 11.16 1.97 19.54 25.47 3.25
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Figure 5: Comparisons of SAM model with the baselines on group captioning samples.
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Figure 6: Comparisons of SAM model with the baselines on group captioning samples.
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Figure 7: Comparisons of SAM model with the baselines on group captioning samples.
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Figure 8: Comparisons of SAM model with the baselines on storytelling samples.
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Figure 9: Comparisons of SAM model with the baselines on storytelling samples.
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