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Abstract Large language models (LLMs) have demonstrated formidable capabilities in both task-oriented and chit-chat

dialogues. However, when extended to large vision-language models (LVLMs), we found LVLMs excel in objectively describing

the content in the image, while subjective multimodal emotional chit-chat (MEC) dialogues ability is insufficient, a shortfall

we attribute to the scarcity of high-quality MEC data. The collection and annotation of high-quality MEC dialogue data are

helpful, but the cost of such processes makes the acquisition of large-scale data challenging. Addressing this gap, we introduce

an adversarial LLM-based data augmentation framework U2MEC for generating MEC dialogue data from unimodal data.

Our framework is inspired by user behaviors in multimodal dialogues, including two patterns: image to prove text and text

to explain image, which makes the generation process conformable to human habits. Utilizing U2MEC, we have generated

and constructed a Chinese instruction dataset named MEC-chat, which contains 23k high-quality MEC dialogues. We also

propose an evaluation benchmark named MECBench to assess the chit-chat abilities of LVLMs. Empirical results confirm

that fine-tuning LVLMs on the MEC-chat leads to significant improvements in both MECBench and human assessments.
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1 Introduction

Large vision-language models (LVLMs), which are composed of large language models [1, 2] and vision
networks, have shown outstanding performance across many multimodal tasks such as image caption [3]
or visual question answering (VQA) [4]. Recently, chatbots [5–8], which are built upon the raw power of
LVLMs, have received widespread attention both inside and outside academia.

An excellent multimodal chatbot should also have strong emotional dialogue capabilities. However,
previous work [9] found that after adding visual modality, the language ability especially the emotional
dialogue capabilities of LLMs has decreased. We evaluate LVLMs’ performance in the task-oriented
dialogue setting and the emotional chit-chat setting. As shown in Figure 1 [10], we find that LVLMs
perform well in existing multimodal tasks, such as image captions. However, when users want to chat with
LVLMs, they still tend to reply with the description of the image. Their emotional chit-chat capability
is severely reduced, which limits their application in multimodal dialogue scenarios that require a high
degree of anthropomorphism and emotional capacities.

Finetuning on high-quality multimodal emotional chit-chat (MEC) data is a promising way to enhance
LVLMs’ emotional conversation ability. However, the existing pre-training data in the image-text pair
format are mostly with neutral sentiment polarity, the emotional chit-chat conversation is also rare in
instruction datasets. Artificially constructing high-quality MEC dialogue datasets is equally challenging.
It requires high costs and is time-consuming. Meanwhile, it may suffer from issues of personal privacy
and insufficient diversity.
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Figure 1 (Color online) Example of LVLMs (VisCPM [10]) and our MEC-LVLM performance in (a) the task-oriented dialogue

setting and (b) the chit-chat setting.

Considering the difficulty of manual construction and the success of automated data construction [11],
we propose to utilize high-quality emotional visual datasets and emotional dialogue datasets to construct
the MEC dataset to solve the data scarcity problem. Inspired by user behaviors in multimodal chat
conversations, we propose an adversarial LLM-based U2MEC framework. U2MEC includes text-to-
multimodal generation (T2M, corresponding to image to prove text) and image-to-multimodal generation
(I2M, corresponding to text to explain image), enabling retrieval-enhanced missing modal completion
and multimodal collaborative rewriting. Meanwhile, through adversarial learning [12], it fits generated
samples with the real sample distribution.

Meanwhile, to verify the MEC capability of existing LVLMs and evaluate the quality of the data gen-
erated by the U2MEC framework, we propose MECBench evaluation. MECBench covers three basic
multimodal dialogue ability dimensions and five multimodal emotional chit-chat dialogue ability dimen-
sions. Experimental results have shown that after additional fine-tuning on the 23k high-quality MEC
instruction data (MEC-chat) generated by the U2MEC framework, the model shows significant improve-
ment in the MECBench evaluation and manual assessments.

Our contributions are as follows. (1) We propose a novel LLM-based unimodal-to-multimodal data
adversarial generation (U2MEC) framework to imitate user behavior in multimodal emotional chit-chat
conversations, which can generate high-quality MEC instruction data for LVLMs training without manual
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data collection and annotation. (2) We have constructed the generated MEC-chat dataset, which contains
23k multimodal emotional chit-chat dialogues. Extensive experimental results have shown that three
different LVLMs with fine-tuning on MEC-chat exhibit stronger multimodal emotional chatting abilities.
(3) We are the first to propose a comprehensive benchmark namely MECBench to evaluate the multimodal
emotional chit-chat ability of LVLMs, which enriches the landscape of emotional intelligence evaluation
of LVLMs.

2 Related work

2.1 Large vision-language models

Large language models (LLMs), such as GPT-3 [1], Flan-T5 [13], PaLM [14] and LLaMA [2], exhibit
powerful capabilities that have not been witnessed before. Large vision-language models (LVLMs) are
typically built on LLMs and equipped with visual perception modules to enable multimodal perception
ability, which can realize multimodal dialogue and complete multimodal tasks such as generating image
captions and answering questions based on multimodal content. Flamingo [15] uses the multimodal inputs
as prompts and shows remarkable few-shot performance for multimodal downstream tasks. Subsequently,
BLIP-2 [16] and Kosmos-1 [17] feed the visual features into LLMs as soft prompts. MiniGPT-4 [18],
mPLUG-Owl [19], LLaVA [8] and GPT-4(V) [20] have introduced visual instruction tuning to improve
the instruction following ability of LVLMs.

2.2 Multimodal emotional chit-chat dialogue

To use the power of LLMs in dialogue scenarios that require a high degree of anthropomorphism, some
scholars [21, 22] have proposed using emotional dialogue data and psychological consultation data to
improve the emotional dialogue capabilities. However, for LVLMs, most existing research [7, 23–27]
focuses on enhancing their multimodal understanding capabilities, such as improving multimodal task
performance or adding more modalities, ignoring the enhancement of MEC capabilities. Some studies [9]
have found that after adding a visual perception module, the language ability of LVLMs will decline,
which limits its application in multimodal dialogue scenarios. Enhancing multimodal emotional chit-chat
capabilities is inseparable from data support. However, unlike the rich accumulation of textual emotional
dialogue data [28,29], high-quality image-text pair dialogue data are scarce and costly to build. Low-cost
construction of MEC dialogue data to train LVLMs can broaden its application scenarios.

In addition, we found that the existing multimodal evaluation [5,30,31] still focuses on visual emotional
understanding, like the read emotion from facial expressions task and the understand how visual content
arouses emotions task. And the evaluation of the model’s MEC capabilities is not comprehensive, such as
emotional expression ability, active guidance ability, and fun gender, which also limits the development
and application of LVLMs.

2.3 Multimodal data augmentation with LLM

Data augmentation is a widely employed technique to alleviate the data scarcity problem. Recently,
LLM-based data augmentation methods have achieved remarkable results in natural language process-
ing tasks [32–34]. To our knowledge, there is still no LLM-based multimodal emotional dialogue data
augmentation method. Some studies [35–37] are similar to our approach to converting unimodal data to
multimodal data. Mda [35] utilizes a cross-modality matching network to select image-text pairs from
existing unimodal datasets for multimodal emotion classification. Dialogcc [36], a multimodal dialogue
dataset creation pipeline that involves matching large-scale images to dialogues based on CLIP similarity.
Imad [37] utilizes text-to-image similarity and sentence similarity to identify which utterances could be
replaced with an image and create the IMAD dataset. Unlike the above methods, which are limited
to data transformation from text to multimodal or rely on image-text matching. This paper models
user behaviors in multimodal social dialogue and proposes an adversarial LLM-based data augmentation
framework that independently constructs MEC data from both visual emotional datasets and emotional
dialogue datasets.
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Figure 2 (Color online) Illustration of the U2MEC framework.

3 Methodology

3.1 Overview

Figure 2 shows the overall structure of the U2MEC framework. For the textual emotional dialogue data,
the text-to-multimodal (T2M) generator generates textual content that can be replaced by an image
(TRI) for image retrieval and rewrites the dialogue to separate TRI from the conversation. Then, the
TRI is sent to the web retriever to get images. We adopt CLIP-ViT-L/14 [38] to calculate the relevance of
the rewrite conversation and retrieved images and select the image with the highest relevance to construct
a new MEC sample. For the emotional visual data, given an image with the emotional label, the image-to-
multimodal (I2M) generator first generates a dialogue topic according to the image caption and emotion
label. Then, generate a conversation by an LLM to construct a new MEC sample. Thereafter, the
generated example and mini-batch real examples are sent to the discriminator. If the generated example
successfully confuses the discriminator, we regard it as a good example. In this way, we use the parameter-
efficient fine-tuning (PEFT) method [39, 40] to finetune the LLM in generators to encourage generating
tough examples for the discriminator, and the generated examples are used in the training stage of the
discriminator. By alternatively training the generator and the discriminator, the generated examples will
fit the real examples distribution.

3.2 Generator

The key to the generation stage is to model the behavior of social media users in multimodal chit-
chat conversation and simulate and generate more realistic MEC dialogue data. According to existing
research [41], the common behavior mode of a social media user is the matching and filtering of images
and text into a post. To be more specific, while writing a caption for a photo or attaching a picture
for textual content, users would retrieve words and phrases in mind or search in their album to find a
best-matched picture [35]. We attempt to model this matching process and formulate it to generate MEC
dialogue data from the emotional dialogue datasets and emotional image datasets.

In the text-to-multimodal (T2M) generation stage, we feed the text dialogue into the LLM guided by
chain-of-thought (COT) [42] to obtain the text that can replaced by an image (TRI) and the rewritten
dialogue. The TRI refers to a subject in the first sentence of a conversation and its attribute detected
from the entire conversation can be replaced by an image, such as “sunny weather” and “map of London
Underground stations”. The rewritten dialogue will remove TRI from the sentence and add prompts such
as “see picture” and “look at picture”, and use LLM to improve the fluency of the dialogue. Afterward,
we retrieved n corresponding images from the internet based on TRI and used CLIP [38] to select the
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image with the highest relevance to the rewritten dialogue and combine it into new data. Since TRI
comes from conversational content in a public dataset that complies with data protection requirements,
the retrieved information does not contain issues involving personal privacy. In addition, we ensure that
all images downloaded are legal, come from publicly available websites, and do not involve copyrighted
images or content that violates the website’s usage regulations.

Gt = LLMs(promptT2M, XT ; θt). (1)

In the image-to-multimodal (I2M) generation stage, to ensure the quality of generated dialogue and
improve data generation speed, we used the image caption model to convert the image into text for input
to LLM instead of LVLM. We feed the caption and emotional labels of images into a COT-guided LLM,
which first identifies the dialogue topics that may be involved in the image, and then generates MEC
dialogues based on the topics.

Gi = LLMs(promptI2M, XI ; θi). (2)

3.3 Discriminator

In this subsection, we detail the discriminator of MEC data classification. The input is an image-text
pair and the output is a label y ∈ {real, fake-T2M, fake-I2M}. We implement the pre-trained model
ResNet-101 [43] and Bert-base [44] to encode the image I and text T , respectively.

ResNet(I) = {rj‖rj ∈ R
2048, j = 1, 2, . . . , 49}, (3)

vI = Wv ·ResNet(I), (4)

vT = Wt · BERT Encoder(T ), (5)

where Wv and Wt are learnable parameters.
Then, we adopt a multimodal transformer (MEncoder) [45] to fusion the unimodal features for classi-

fication.
H = MEncoder(concat([vI , vT ]), (6)

where H represents the final hidden state of the “[CLS]” token, which is used for classification. Therefore,
we can learn from partial fake and real MEC data to generalize for all data with the discriminator C.
Specifically, we introduce the cross-entropy loss to train the discriminator C on these partial data as
follows:

LC = Ex∼{DFM,DRM}[y · log(ŷ) + (1− y) · log(1 − ŷ)]. (7)

3.4 Adversarial learning

To improve the authenticity of the generated samples and better fit the chat conversation scenario,
our goal is to learn generator parameters θi, θt to make the distribution of generated samples PG(x; θi)
and PG(x; θt) fit the real sample distribution Pdata(x) as closely as possible. As mentioned above, the
discriminator C is used to assess the difference between PG(x; θi) and PG(x; θt) with Pdata(x). The goal
of training the U2MEC framework is to learn generators G∗m,m ∈ {t, i} to minimize maxCV (Gm, C):

G∗m = argmin
Gm

max
C

V (Gm, C), (8)

V (Gm, C) = Ex∼Pdata
[logC(x)] + Ex∼PGm

[log(1− C(x))] . (9)

In practice, when Gm is poor, C can reject samples with high confidence because they are clearly different
from the training data. In this case, we use a larger fixed LLM to generate mini-batch fake MEC samples
DFM for discriminator training. To train the generator model, we propose to simultaneously minimize
the generator loss measured by the discriminator model C:

min
θm

LGm
= Exm∼XM

[1− logC(Gm(xm)] . (10)

Through iterative training of the generator and discriminator in a competitive manner, the discrimina-
tor becomes increasingly adept at distinguishing between real samples and generated samples, while the
generator becomes more skilled at creating samples that are increasingly difficult to differentiate from
real data. This adversarial training process drives improvements in both the generator and discrimina-
tor, ultimately producing high-quality samples that closely resemble the distribution of real data. We
summarize the whole training process of the proposed framework as in Algorithm 1.
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Algorithm 1 Unimodal-to-multimodal adversarial data augmentation.

Input: The image set: DI ; the textual dialogue set: DT ; mini-batch real MEC dialogue set: DRM. The I2M generator Gi(x; θi).

The T2M generator Gt(x; θt). The discriminator C(x; θ).

1: Initialize θi, θt with pre-trained weights, θ with random weights;

2: Sample mini-batch unimodal set from DI and DT ;

3: Generate mini-batch fake multimodal dialogue set DFM by sent unimodal set to frozen LLM-based generator models;

// Train the discriminator C with {DFM,DRM}

4: Update discriminator parameters θ by descending its stochastic gradients for generators:

θ ← θ − µ · ∇θLC(DFM,DRM; θ);

5: for each training step i do

6: Sample a mini-batch image set XI and textual dialogue set XT ;

7: if i is in adversarial generator training period time then

8: Generating the corresponding mini-batch of multimodal emotional dialogues XM ;

9: Update parameters θi and θt by descending their stochastic gradients for generators:

θi ← θi − µ · ∇θi
LGi

(XI ,DRM; θi),

θt ← θt − µ · ∇θt
LGt

(XT ,DRM; θt);

10: else

11: Update parameters θ by descending its stochastic gradients for generators:

θ ← θ − µ · ∇θLC(XM ,DRM; θ);

12: end if

13: end for

Table 1 Basic statistics of our MEC-chat datasets.

Category Details

Total dialogues 23041

Utterances 79001

Average number of utterances per dialogue 3.42

Average number of tokens per dialogue 238.18

Source dialogue dataset LCCC [46], DuRecDial [47], ChatHaruhi [48]

Dialogues generated from dialogue dataset 19690

Source visual dataset Emotion6 [49], Twitter [45], EmoSet [5]

Dialogues generated from visual dataset 3351

Language Chinese

4 MEC-chat dataset

In this section, we propose to use the U2MEC framework to create the MEC-chat instruction dataset,
which is a large-scale multimodal emotional chit-chat dialogue dataset. The statistics of the MEC-chat
dataset are summarized in Table 1 [5, 45–49].

4.1 Source dataset

The source unimodal datasets we utilized can be classified into two main categories: textual dialogue
datasets and emotional visual datasets.

LCCC [46]. LCCC dataset is the current largest open-source Chinese dialogue data collected from
the Internet, including more than 12 million rounds of dialogues.

DuRecDial [47]. This dataset is a two-person Chinese dialogue recommendation dataset, collected
from real conversations, where one person plays the recommendation seeker and the other plays the
recommendation bot.

ChatHaruhi [48]. This dataset covers 32 Chinese/English TV/anime characters with over 54k simu-
lated dialogues. We mainly use 13166 Chinese data from this dataset.

Emotion6 [49]. For each image, Emotion6 annotates the emotions triggered by the image, including
anger, disgust, fear, joy, sadness, surprise and neutral.

Twitter [45]. The Twitter dataset is a multimodal dataset containing text and corresponding images,
which annotates target entities and their emotional tendencies expressed in the image-text pair.

EmoSet [5]. EmoSet includes 118102 images from social networks and artistic image datasets con-
taining high-quality emotional annotations.

In addition, to train the discriminator, we manually collected 150 real high-quality multimodal dia-
logues, as mentioned in Subsection 3.3.
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Table 2 Comparison of LLM capabilities through PEFT in generators. We divide the real MEC data into a training set and

a test set in a ratio of 2:1. The ACC represents the accuracy of the TRI extraction task. #Steps N represents after N steps of

U2MEC training. The ↑ symbol indicates that larger values correspond to better performance, while ↓ indicates that smaller values

correspond to better performance. Bold numbers highlight the best results.

#Steps Model Few-shot
T2M generator I2M generator

ACC ↑ (%) BLEU-1 ↑ BLEU-4 ↑ BLEU-1 ↑ BLEU-4 ↑ ROUGE-1 ↑ Perplexity ↓

ChatGLM-6B-P-Tuning ✗ 56.6 ± 1.3 97.25 95.48 21.23 3.87 23.96 6.42

ChatGLM-6B-LoRA
✗ 60.0 ± 2.0 97.78 95.89 22.14 6.42 25.50 5.38

✓ 60.0 ± 2.0 97.70 95.76 22.87 6.59 25.87 4.62

Chinese-Alpaca-7B-P-Tuning ✗ 64.6 ± 1.3 98.29 96.46 21.42 6.26 24.64 6.37

N = 0
Chinese-Alpaca-7B-LoRA

✗ 66.6 ± 1.3 98.30 96.45 22.31 8.27 26.36 5.18

✓ 66.6 ± 1.3 98.43 96.51 23.02 8.40 27.06 5.79

Chinese-LLaMA-7B-P-Tuning ✗ 64.6 ± 1.3 98.27 96.49 21.07 7.62 23.42 6.60

Chinese-LLaMA-7B-LoRA
✗ 72.0 ± 2.0 98.76 96.74 22.43 8.43 26.72 6.64

✓ 66.6 ± 1.3 98.67 96.34 23.76 8.45 28.47 6.89

N = 20k Chinese-LLaMA-7B-LoRA
✗ 71.3 ± 1.3 98.70 96.42 23.51 8.55 27.38 4.56

✓ 72.6 ± 1.3 98.62 96.75 21.60 8.72 27.79 4.21

N = 40k Chinese-LLaMA-7B-LoRA
✗ 73.3 ± 1.3 98.76 96.77 22.44 8.62 27.72 3.79

✓ 72.6 ± 1.3 98.66 96.72 23.78 8.78 28.92 3.26

4.2 Generator implementation

As shown in Figure 2, LLMs play an important role in generators. Commercial models such as GPT-4-
turbo and GPT-3.5-turbo have strong capabilities, but considering the cost of mass production, we have
chosen strong open-source Chinese LLMs in the generator, such as Chinese-LLaMA-2-7B [50], Chinese-
Alpaca-2-7B [50], ChatGLM2-6B [51].

We present a comparison of the performance of different LLMs in the real MEC dataset using different
PEFT methods in Table 2. We choose BLEU [52] with n-gram lengths 1 and 4 as quality metrics and also
report ROUGE-1 and perplexity for the models we trained. In addition, we reported the accuracy of TRI
extraction. The results in subsequent experiments are based on Chinese-LLaMA-2-7B, which performs
better in the comparison of the N = 0 steps. It can also be observed that as the training steps increase, the
performance of LLMs in the generator improves in the most unimodal to multimodal transformation tasks.
At N = 40k steps, the Chinese LLaMA-7B-LoRA few-shot setting can generate smoother conversations
based on image content, and the zero-shot setting performs better in TRI extraction and conversation
rewriting. The prompts used for LLMs in the generator are from manual design. We show the prompts
used in the U2MEC framework for text dialogue data and visual emotion data in Appendix A.

During generator instruction tuning, the maximum sequence length is limited to 4096. For LoRA, we
set the rank r = 8. The instruction tuning process takes 8 A100 for 40k training steps.

4.3 Visualization

As shown in Figure 3, we visualize the variation of sample features in the discriminator with increasing
training steps of generators. After initializing the training discriminator, it can effectively distinguish
samples with three different labels. As the number of training steps increases, it becomes increasingly
difficult for the discriminator to determine the real and generated samples. The experiment showed that
the discriminator’s accuracy in distinguishing between real and generated samples decreased from 96.67%
to 63.37%.

4.4 Analysis of MEC-chat

The basic statistics of our MEC-chat dataset are shown in Table 1. To verify the quality of the generated
data, we adopted both automatic and manual verification. Inspired by previous work [37], we first verify
the image-text correlation of the generated data. The dataset was organized into 3 distinct categories:
“perfect match”, “partial match”, and “no match”. We randomly sampled 300 multimodal dialogues
from the generated data for manual evaluation and used CLIP [38] to calculate the average similarity
between generated images and dialogues. As shown in Table 3, there are 87.33% of the generated MEC
dialogues are marked as “perfect match” with a Kappa coefficient of 0.82, indicating a high degree of
dialogue-image matching and generating MEC dialogues that conform to human dialogue behavior.
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Figure 3 (Color online) Scatter plots for the sample embeddings from the discriminator in the generator training stage in the

embedding space when reduced to 2D and 3D using tSNE. The x-, y- and z-axes have no explicit meaning; they show relative

relationships where closer points indicate more similar representations.

Table 3 Automatic and manual verification of MEC-chat dataset. Num. indicates the number of dialogues collected from each

data source, while Kappa denotes the annotator agreement achieved by three professional annotators. CLIP represents the average

similarity between generated images and dialogues.

Source dataset Num. Perfect match (%) Partial match (%) No match (%) Kappa CLIP

LCCC 186 88.70 8.60 2.70 0.79 0.92

DuRecDial 29 86.20 10.34 3.45 0.86 0.96

ChatHaruhi 20 90.00 10.00 0 0.85 0.94

Emotion6 31 87.09 9.67 3.24 0.83 0.93

Twitter 17 82.35 17.65 0 0.78 0.94

EmoSet 17 88.23 11.77 0 0.87 0.93

Total 300 87.33 10.33 3.34 0.82 0.93

5 Experiment

The existing evaluation focuses on testing the basic abilities of LVLMs, such as visual reasoning and VQA.
To explore how our dataset affects the MEC capability of LVLMs, we constructed the MECBench evalu-
ation benchmark and evaluated the performance of three baseline models: VisualGLM [51], VisCPM [10]
and CogVLM [53].

5.1 Evaluation metrics

To evaluate the MEC capability of the LVLMs, we are inspired by previous evaluation studies [30,54–56]
and propose the MECBench evaluation benchmark, which contains 3 basic multimodal dialogue ability
assessments and 5 multimodal emotional chit-chat ability assessments. The basic multimodal dialogue
ability assessments include the following. (1) Single sentence fluency [55]. Measure the fluency of each
utterance. (2) Dialogue coherence [55]. Measuring the coherence between utterances and ensuring the
completeness of multimodal contextual semantics. (3) Knowledge accuracy [30]. Measuring the accuracy
of knowledge contained in understanding and responding to image content and reasoning ability. The
multimodal emotional chit-chat ability assessments include the following. (1) Individuation [54]. Measure
whether the model has personification ability, such as playing the role of a friend. (2) Active guidance [55].
Measure whether the model has topic guidance ability. (3) Interesting [54]. Measuring the fun and
attractiveness of replies. (4) Multimodal emotional understanding [5]. Measure whether the model can
correctly understand the emotions expressed by visual information. (5) Emotional expression. Measure
whether the model expresses human-like emotions in conversations.

We have manually designed dialogue questions and standard responses for the above aspects, totaling
46 dialogues and 192 utterances. We tested the responses of LVLMs to these questions and compared the
performance in the relevant aspects using GPT-4-turbo. Multiple evaluation aspects may be designed for
the same conversation.
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Figure 4 (Color online) Preference evaluation using GPT-4-turbo as the annotator, given the same instructions provided by

humans. EC represents the model after MEC-chat fine-tuning. (a) EC-VisualGLM vs. VisualGLM; (b) EC-VisCPM vs. VisCPM;

(c) EC-CogVLM vs. CogVLM.

5.2 Implementation details

During instruction tuning, the maximum sequence length is limited to 2048. For LoRA, we set the rank
r = 8. The learning rate schedule uses a linear warmup of 36 steps to 1e−4, followed by cosine decay
to 0. The batch size is set to 32. The instruction tuning process takes 8 A100 for 20k training steps.
For a fair comparison, we use unified system instructions for all models to guide their dialogue. The
translated system instructions are as follows: “You are my good friend, you are reliable, compassionate,
affectionate, and knowledgeable. We are chatting now, please reply to me based on our chat content.”

5.3 Results and analysis

As shown in Figure 4, we compared the performance of baseline models and the model finetuned with
MEC-chat on MECBench, the enhanced models based on MEC-chat fine-tuning outperform the baseline
models in MECBench. It can be found that in the 5 assessments, the winning rate of the finetuned model
is significantly ahead of the baseline model, and the winning rate of the baseline model is below 28%.
Both EC-VisCPM and EC-CogVLM achieved a winning rate of over 70% in the emotional expression
evaluation. It can be observed that the emotional expression, individuation and active guidance capability
of the model have significantly improved. Especially in terms of emotional expression and individuation,
the finetuned model performed significantly better than the baseline model in more than 67% of the tests.
This demonstrates that the U2MEC framework can effectively generate multimodal emotional chit-chat
dialogue data, and the MEC capabilities of LVLMs can be significantly improved by finetuning on the
MEC-chat dataset.

In addition, due to the fact that LVLMs already possess a certain level of basic multimodal dialogue
ability, the model tied in more than 88% of the tests in three basic multimodal dialogue ability dimensions.
This also proves that after MEC-chat fine-tuning, the basic ability of the models did not significantly
decrease. The further analysis refer to Table 4, the model only slightly decreased after MEC-chat fine-
tuning on MMBCN [57], OKVQA [58], AOKVQA [59], GQA [60] and VQAv2 [61]. Since the majority
of our data is primarily in Chinese, the fine-tuned model exhibits expected performance declines across
benchmarks like OKVQA. However, these declines are within acceptable limits, indicating that while the
model improves its emotional chit-chat capabilities, its core performance remains largely intact.

Due to the different parameter scales of the basic model, such as the CogVLM parameter count being
more than twice that of VisualGLM, the manual comparison reveals that EC-CogVLM exhibits stronger
MEC capabilities than EC-VisualGLM and EC-VisCPM.

5.4 Ablation study

Specifically, we independently use a single generator during the training phase and have the discriminator
only determine whether the generated samples are real or not. Taking Chinese LLaMA-7B LoRA 40k
as an example, the few-shot results are shown in Table 5. It can be found that the effects of using only
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Table 4 Comparison of basic abilities of LVLMs on MMBCN, VQAv2, OKVQA, AOKVQA and GQA.

Model MMBCN
VQAv2

test-std
OKVQA AOKVQA GQA

VisualGLM 35.5 63.9 66.7 62.5 63.0

EC-VisualGLM 35.0 62.6 66.0 62.3 62.4

VisCPM-chat 33.2 73.6 65.4 75.5 71.5

EC-VisCPM 32.5 72.6 64.9 74.3 70.6

CogVLM-chat 41.6 84.3 65.2 – 64.8

EC-CogVLM 40.2 83.9 64.8 – 63.0

Table 5 Ablation study of generators in U2MEC framework.

#Steps Model few-shot
T2M generator I2M generator

ACC ↑ (%) BLEU-1 ↑ BLEU-4 ↑ BLEU-1 ↑ BLEU-4 ↑ ROUGE-1 ↑ Perplexity ↓

N = 40k Chinese-LLaMA-7B-LoRA
✗ 73.3 ± 1.3 98.76 96.77 22.44 8.62 27.72 3.79

✓ 72.6 ± 1.3 98.66 96.72 23.78 8.78 28.92 3.26

N = 40k
Only T2M generator ✓ 72.0 ± 2.0 98.63 96.69 – – – –

Only I2M generator ✓ – – – 22.43 8.56 27.31 3.54

Figure 5 (Color online) Ablation study of the number of real samples. The y-axis represents the accuracy of the model in

distinguishing between real and generated samples, while the x-axis represents the proportion of data reduction.

a single generator have declined, among which the BLEU-1 of I2M has only dropped by 1.35, and the
ROUGE-1 has dropped by 1.61. The decrease proves that mixed training enables the discriminator to
obtain more training data, thereby improving the effectiveness of adversarial learning.

During the training of the discriminator, we used a small amount of real samples to enable the dis-
criminator to distinguish between real and generated samples in adversarial training. In Figure 5, we
analyzed the impact of the number of real samples used on the model’s performance (measured by the
accuracy of distinguishing real samples from generated ones). It can be observed that using 150 real sam-
ples achieved an accuracy rate of 96.67%. As the number of real samples decreases, the performance of
the model deteriorates at an increasing rate. We believe that more real samples can improve the model’s
performance, but considering the cost of manual collection, a small number of samples is sufficient for
practical use.

We also verified the performance of LVLMs on MECBench that only finetune on 3000 I2M or 3000
T2M MEC-chat data, respectively. Taking VisualGLM as an example, the win rate results of finetuned
models are as shown in Figure 6. I2M-generated data has a more significant effect on improving the
emotional understanding and expression of LVLMs, but in other aspects, it is weaker than T2M data,
and its impact on basic abilities is similar. Overall, the MEC-chat data generated by I2M and T2M are
both effective in improving the multimodal emotional chit-chat capability.
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Figure 6 (Color online) Performance of VisualGLM on MECBench, only finetuned on (a) 3000 I2M and (b) 3000 T2M MEC-chat

data.

6 Conclusion

This paper presents a novel unimodal-to-multimodal data adversarial generation (U2MEC) framework
for enhancing the MEC capacities of LVLMs. The proposed framework effectively utilizes high-quality
unimodal emotional data and can reduce the cost of constructing multimodal emotional dialogue datasets.
Moreover, the U2MEC framework can be easily migrated to generate multimodal data of other languages
and domains. We generated and constructed an MEC-chat instruction dataset, which contains 23k
high-quality MEC dialogues for LVLMs training. Additionally, we propose an MEC ability evaluation
benchmark MECBench, enriching the LVLM’s emotional ability evaluation system.
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contextually coherent responses.

Figure A1 A few-shot version of the prompt used for LLMs in image-to-multimodal generation. Scene description refers to the

emotional image description obtained through an image captioning model, with the output being dialogue text constructed based

on the scene description and emotional polarity.
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Figure A2 (Color online) A few-shot version of the prompt used for LLMs in text-to-multimodal generation. It includes seven

subtasks, such as entity extraction, attribute extraction for the entity, and keyword replacement in the first sentence followed by

rewriting. The extracted entities and attributes are used to match relevant images.
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