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Abstract

Large language model (LLM)-based visual dialogue (VD)
systems have made response generation for image-grounded
conversations more correct and coherent. However, user en-
gagement - the extent to which a user is interested, emo-
tionally involved, and willing to continue the conversation
- remains a challenge. To fully explore engaging VD, we
propose: (i) a new task named Audio-enhanced VD (AVD),
which introduces additional audio dialogue contexts that can
more vividly convey the speaker’s emotions as input, with
the aim of generating correct but more engaging dialogue re-
sponses. Specifically, we employ a text-to-speech model as
the modality translator to generate the paired acoustic utter-
ances from the inputting textual utterances; (ii) an accom-
panying approach named Visually-grounded and Interleaved
Text-Audio Dialogue Modeling (VITA-DM), which utilizes
both image-grounded information and interleaved text-audio
utterances for visual dialogue modeling, differentiating from
previous multi-modal LLM (MLLM)-based methods that
normally model text and audio modalities separately. We also
present three pre-training tasks to better learn multi-modal
interactions across language, vision, and audio; (iii) a novel
metric named Multi-Modal Engagement (MME), which fills
the gap of engagement estimation in VD and can provide a
fine-grained assessment along emotional, attentional, and re-
ply engagement dimensions (EE, AE, RE). We experiment
on two popular datasets and provide extensive evaluations
(automatic, engagement-specific, and human), supporting the
validity of our approach. Furthermore, based on empirical
results that reveal that emotions contribute the most to en-
gagement, we justify our emphasis on the emotional aspect
throughout the definition, solution, and evaluation of our task.

Introduction
Visual dialogue (VD) (Feng et al. 2023; Yoon et al. 2024;
Abdessaied et al. 2025; Cai, Han, and Wang 2025) involves
“understanding” the dialog history (what has been discussed
previously), in addition to grounding information in a given
image, to generate a correct and fluent response. Existing
methods focus on exploring the bi-modal interactions be-
tween text and images. For example, VLAW-MDM (Lee
et al. 2023) generated captions for images as input and relied
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Fine-grained Engagement Evaluations

Figure 1: Task comparison. Standard VD incorporates a
background image and a multi-turn textual dialogue, while
our AVD task first generates synthetic audio and then re-
builds an interleaved text-audio dialogue. We also introduce
a MME metric, providing multimodal engaging evaluations.
As the example shows, the right response generated by our
VITA-DM method is more engaging than the left response.

on the underlying BlenderBot (400M) (Roller et al. 2021).
BI-MDRG (Yoon et al. 2024) considered response genera-
tion paths to enhance both relevance and consistency and
used OpenFlamingo (4B) (Awadalla et al. 2023) as response
generator. However, as exemplified in Fig.1 (left), although
the responses generated by these methods can be fluent and
relevant to the content of the image, they struggle to be en-
gaging, which can hinder the speakers from being interesting
for opening a next dialogue turn (Palmer et al. 2025).

Engaging dialogue is a key aspect of a chatbot’s social in-
telligence, often gauged by its ability to hold a coherent and
entertaining conversation (Ferron et al. 2023; Li et al. 2024a;
Palmer et al. 2025). However, there is no standard definition
of engagement due to the subjectivity of human judgments.
In summary, a reply is engaging when it gets the user’s at-
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tention, interests the user, or incites participation from the
user (Zhang et al. 2024). For pure-text dialogue, there have
been a variety of studies on generating or measuring engag-
ing responses, e.g., WeSEE (Jiang, Vakulenko, and de Ri-
jke 2023). However, for VD, it is underexplored to generate
engaging responses, due to the abstract and extensive defi-
nitions of engagement measurement and the complexity of
understanding the multi-modal content (Kumar et al. 2024).

Emotional engagement has been shown to play a leading
role in all kinds of engagement measurement (Xu et al. 2022;
Sun, Li, and Peng 2024; Chang and Ko 2025; Xu, Gan, and
Jin 2025). In VD, as a first study, the Image-Chat benchmark
(Shuster et al. 2020) collected engaging human-human con-
versations, where speakers are asked to play roles, given a
pre-defined emotional style (e.g., “Fearful” and “Miserable”
as shown in Fig.1). However, existing VD methods such as
VLAW-MDM and BI-MDRG treat these emotional labels
as plain text and simply append them at the end of the cor-
responding dialogue context input, underestimating the im-
pact of the emotional aspect on response generation, partic-
ularly in terms of engagement evaluation. This motivates us
to represent emotions more explicitly and feasibly for multi-
modal dialogue modeling so that a visual dialogue system
can better capture subtle emotional interactions in conver-
sation turns and thus generate emotionally richer responses.
Furthermore, recent studies (Li et al. 2024b; Zha, Zhao, and
Zhang 2024; Xu, Jia, and Zhou 2025) show that the absence
of audio makes it difficult to identify real emotions, resulting
in inappropriate responses in multi-modal scenarios. This
further inspires us to explicitly represent emotions as new
modalities such as speech, which contains non-verbal fac-
tors such as tone, speed, and volume that can more vividly
convey the speaker’s emotions.

As Fig.1 (right) shows, we propose a new task named
Audio-enhanced VD (AVD), which aims to generate cor-
rect but more engaging responses for VD. We construct
new AVD datasets based on existing VD datasets. Specif-
ically, we first employ a sentiment-aware text-to-speech
(TTS) model, Parler-TTS (Lyth and King 2024), to explic-
itly generate acoustic contexts, and then align them with tex-
tual contexts in an interleaved form, which we call cross-
modal dialogue turns. Next, we propose an accompanying
approach named Visually-grounded and Interleaved Text-
Audio Dialogue Modeling (VITA-DM), to model the re-
sulting tri-modal dialogue sequence (a grounding image,
plus the interleaved textual and acoustic contexts). Par-
ticularly, we introduce three pre-training tasks: image and
caption alignment (ICA), cross-modal contrastive learn-
ing (CCL), and next utterance prediction (NUP), to better
learn multi-modal interactions. We implement VITA-DM
using Llama-2-7B (Touvron et al. 2023) as the backbone.
Subsequently, we propose a metric named Multi-Modal
Engagement (MME) to assess the engagement of VD mod-
els. By fine-tuning the multi-modal Llama-3.2 (11B), we in-
troduce three sub-dimensions: emotional engagement (EE),
attentional engagement (AE), and reply engagement (RE),
to provide fine-grained engagement evaluations. We perform
extensive experiments sourced from two popular VD bench-
marks: Image-Chat (Shuster et al. 2020) and Photo-Chat

(Zang et al. 2021). We compare our method with recent
state-of-the-art VD models and strong multi-modal LLMs
(MLLMs). Both automatic and human evaluations demon-
strate the effectiveness and superiority of our method.

Our work addresses an underexplored yet impactful as-
pect of VD systems: user engagement. We pose comprehen-
sive contributions across task definition, dataset construc-
tion, modeling, evaluation for the multimedia community.

• We introduce a novel task, AVD, along with audio-
enhanced visual dialogue datasets, which offers a new
perspective for multi-modal dialogue systems to generate
engaging responses while performing well in grammar.

• We propose an accompanying approach, VITA-DM,
which utilizes image-grounded information and inter-
leaved text-audio utterances for tri-model dialogue mod-
eling, for guiding better interplay between text and audio.

• We build a novel metric, MME, which can appropriately
evaluate the response’s engagement in terms of diverse
aspects by interacting with MLLM as the evaluator.

• We conduct detailed and solid experiments to evaluate all
different levels of contribution of additional audio modal-
ities, showing performance advantages of our approach
over prior top methods and strong MLLMs.

The AVD Task
Formally, the VD task aims to generate an appropriate tex-
tual response Rn = {wn,1, . . . , wn,k} conditioned on multi-
modal content including a background image V and a dia-
logue history H<n = {TU

1 ,TS
2 , . . . ,TU

n−1}, where U and S
denote different dialogue roles such as user and system. The
target function can be defined to maximize:

TV D =

k∏
j=1

p(wn,j |V,TU
<n,TS

<n, wn,<j ; θ) (1)

where θ denotes the set of model parameters.
Audio Generation and Dataset Construction: Existing tri-

modal datasets involving language, vision, and audio have
been proposed for multi-modal emotion recognition (MER)
or sentiment analysis (MSA) (Huang et al. 2024a,b). Their
target is to predict a correct sentiment label rather than gen-
erating a proper response. In a conversation sample, there are
often multiple images (e.g., video frames) for MER/MSA,
while there is only one grounding image for our task. Thus,
such datasets are fundamentally ill-suited for our task. We
implement tri-modal construction based on existing VD
datasets. Specifically, we adopt Parler-TTS, a reproduction
of the work of (Lyth and King 2024), to generate a paired
acoustic utterance A from each textual utterance T. Parler-
TTS is a lightweight TTS model that can generate high-
quality, natural sounding speech in the style of a given
speaker (gender, pitch, speaking style, etc.). Regarding emo-
tion labels E, there are two cases: (1) If the original dataset
(e.g., Image-Chat) has provided E, we use them directly; (2)
Otherwise (e.g., Photo-Chat), we call GPT-4 to perform sen-
timent analysis on T to predict E. Both T and E (e.g., “Fear-
ful”) are then fed to Parler-TTS which can generate A (we
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Figure 2: The architecture of VITA-DM. Different from existing methods which encode text and audio organized in a single
modality (e.g., [T][T][A][A]), our method encodes the paired text-audio sequence using cross-modal turns (e.g., [T][A][T][A]).

use a TTS prompt such as “The speaker is currently [fearful]
and the recording is close with little background noise.”) :

A = TTS(T,E) (2)

Subsequently, we align A with T following the original
temporal dialogue sequence, thus generating our desired
datasets which have unique cross-model dialogue turns.

Task Definition: We add a paired audio for each text in the
dialogue history H<n. Thus, for each Ui and Si, we denote
Ui = < TU

i , AU
i > and Si = < TS

i , AS
i > after introducing

aligned text-audio pairs. We also provide E as an alternative
of A for some methods that cannot address the audio input
directly. Thus, our proposed task is defined to maximize:

TAV D =

k∏
j=1

p(wn,j |V,E,TU
<n,AU

<n,TS
<n,AS

<n, wn,<j ; θ) (3)

The VITA-DM Method
Fig.2 exemplifies the architecture of VITA-DM which uses
modality-specific encoders (frozen) and aligns them with the
LLM through projection layers (learnable). The entire pro-
cess of VITA-DM is as follows: (1) We first generate de-
scriptive captions about images, which offers an effective
semantic supplement to visual content; (2) We then extract
features of each modality data in the input; (3) Next, we pre-
train LLM (i.e., the backbone model) with three proposed
warm-up tasks which address distinct modality interactions;
(4) Last, we fine-tune the pre-trained model for better re-
sponse generation. We elaborate each of these steps below.

(1) Image Captioning Image captioning, which can cap-
ture crucial information about the image, has been shown to
be effective as an enhancement method (Lee et al. 2023; Liu
et al. 2024). Specifically, we employ a large vision-language

model, BLIP-2 OPT (6.7B) (Li et al. 2023), to generate tex-
tual caption C = {c1, c2, . . . , cm} about V.

(2) Multi-modal Feature Extraction We first generate to-
ken embedding (TE) via a uni-modal encoder (frozen). Sub-
sequently, we use modality embedding (ME) to distinguish
between different modalities of the input and role embed-
ding (RE) to distinguish between the role of text/audio ut-
terances. Finally, we employ positional embedding (PE) to
utilize the sequence’s ordering. Embedder adopts the sum of
TE, ME, RE, and PE to represent each token.

(i) Textual Modality: Each T = {t1, t2, . . . , t|T |} is tok-
enized with the byte-pair encoding (BPE). Then, we can ob-
tain the embedding sequence ET = {ET

1 , E
T
2 , . . . , E

T
|T |} ∈

R|T |×dt , where dt is the dimension of the text embedding.
Finally, ET is fed into the Text Embedder for integrating
with other embeddings including EM , EP , and ER.

ET = Embeddertext(E
M , EP , ET , ER) (4)

(ii) Visual Modality: We adopt the CLIP Image Encoder
(Radford et al. 2021) to extract dv-dimensional visual fea-
tures as FV = {FV

1 , FV
2 , . . . , F V

|FV |} ∈ R|FV |×dv from V.
The visual features obtained have dimensions different from
the textual representation ET , so an additional fully con-
nected (FC) layer is used to put the visual features as input
for projection. Then, we can obtain the embedding sequence
EV = {EV

1 , EV
2 , . . . , EV

|FV |} ∈ R|FV |×dt . Finally, EV is
fed into Visual Embedder to integrate other embeddings:

EV = Embeddervision(E
M , EP , EV ) (5)

For a generated caption C= {c1, c2, . . . , c|C|}, we obtain
EC = {EC

1 , EC
2 , . . . , EC

|C|} ∈ R|C|×dt using the CLIP Text
Encoder. Then, EC is fused with EM and EP :

EC = Embeddertext(E
M , EP , EC) (6)
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Figure 3: Warm-up tasks in VITA-DM.

(iii) Acoustic Modality: We employ Wav2CLIP (Rad-
ford et al. 2021) to extract da-dimensional audio features
as FA = {FA

1 , FA
2 , . . . , FA

|FA|} ∈ R|FA|×da . We obtain

EA = {EA
1 , E

A
2 , . . . , E

A
|FA|} ∈ R|FA|×dt via feeding FA

into an FC layer for projection. Then, EA is derived by:

EA = Embedderaudio(E
M , EP , EA, ER) (7)

(3) Tri-modal Dialogue Modeling and Pretraining Fol-
lowing the turns of the temporal dialogue sequence (a
grounding image plus paired text-audio utterances), we con-
catenate (⊕) all embeddings and feed the result to LLM.

EV ⊕EC ⊕ET
1 ⊕EA

1 ⊕ET
2 ⊕EA

2 ⊕ . . .⊕ET
n−1⊕EA

n−1⊕ER
n (8)

We use three (warm-up) pre-training tasks to train the
model, as illustrated in Fig.3.

(i) Image and Caption Alignment (ICA): We train the
model to generate the target caption C = {c1, c2, . . . , cm}
based on V by minimizing the negative log-likelihood loss:

LICA = −
m∑
i=1

log p(ci|V, c<i; θ) (9)

(ii) Cross-modal Contrastive Learning (CCL): We em-
ploy contrastive learning (CL) to guide the better interplay
between text and audio. We view the text and audio in the
same utterances as positive pairs, and those in the different
utterances as negative pairs. The CCL loss is defined as:

LCCL = −
B∑

i=1

log
f(Ti,Ai)∑B
j=1 f(Ti,Aj)

(10)

where B is the batch size. The function f calculates the cor-
relation between text and audio as follows:

f(T,A) = exp((ET · EA)/τ) (11)

where the inner product of ET (Eq.4) and EA (Eq.7) is cal-
culated and τ is the temperature parameter.

(iii) Next Utterance Prediction (NUP): We propose NUP,
assuming that two consecutive textual or acoustic utterances
exhibit a certain degree of coherence. Specifically, when
choosing Ui and Uj as a training example, 50% of the
time Uj is the actual next utterance that follows Ui, and
50% of the time it is a random sampled utterance from
the training corpus. Then, we train two binary classifiers
NUPt(Ti,Tj) and NUPa(Ai,Aj) using the Binary Cross-
Entropy (BCE) loss. Provided that the textual/acoustic NUP

loss is LNUP−t/LNUP−a, the final loss LNUP is obtained:

LNUP =
1

2
(LNUP−t + LNUP−a) (12)

Finally, the overall multitask pre-training loss (L) can be
formulated as follows:

L = λ1 · LICA + λ2 · LCCL + λ3 · LNUP (13)

where λi (i=1,2,3) is a configurable hyper-parameter.

(4) Fine-tuning for Response Generation During train-
ing, we feed the target response as input and employ the
auto-regressive mechanism. After warm-ups, we fine-tune
the resulting model for RG. During inference, the [BOS] is
used to generate target words. The fine-tuning loss (L′) is:

L′ =

K∑
j=1

−log p(wj |V,C,TU
<n,AU

<n,TS
<n,AS

<n, w<j ; θ) (14)

The MME Metric
We propose the MME metric that measures the engagement
of a generated response conditioned on the given multi-
modal content (i.e., in turn-level). An engagement evalua-
tion in dialog-level (i.e., the evaluation object is a complete
interactive dialogue process) can be simulated by taking the
average over all turns. MME enjoys unique advantages such
as mitigating modal misalignment issues, which makes it
differentiate from previous engagement metrics. The input
to MME includes the grounded image, emotion labels, the
textual dialogue history, and the response to be assessed.
For implementation, we fine-tune the multi-modal Llama-
3.2 (11B) model on the Reddit-based Engagement Dataset
(RED) (Xu et al. 2022) with 80k labeled single-turn con-
versations. Each sample in RED is labeled with engaging
or non-engaging in terms of different aspects including EE,
AE, and RE. Finally, MME predicts an overall engagement
score (OE), plus three sub-dimension (EE, AE, RE) scores:

- Emotional Engagement (EE): whether the response is
emotionally resonant with the multi-modal content?

- Attentional Engagement (AE): whether the response it-
self is interesting, diverse, and informative?

- Reply Engagement (RE): whether the response is coher-
ent and relevant with a dialogue context?

- Overall Engagement (OE): whether the response is en-
gaging from an overall perspective?

We will explore the rationality of MME from weight anal-
ysis and correlation analysis. The experimental results (see
Tables 7 and 8) can justify our emphasis on the emotional
aspect, showing that our definition of MME is reliable.

Experiment Settings
Datasets. We generate two new datasets Image-ChatAVD

and Photo-ChatAVD sourced from Image-Chat (Shuster
et al. 2020) and Photo-Chat (Zang et al. 2021), respectively.
We train VITA-DM on training sets and evaluate the result-
ing model on testing sets. Image-Chat collects 202k engag-
ing human-human conversations, where speakers are asked
to play roles given an emotional style (215 totally). Photo-
Chat contains 12k dialogues, each of which is paired with
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a photo. Unlike Image-Chat, Photo-Chat does not provide
emotional labels. Table 1 lists the key statistics.

Datasets Attributes Train Valid Test Total

Image-ChatAVD
#Image/Dialogue 186,782 5,000 9,997 201,779
#T/A-utterance 355,862 15,000 29,991 400,853

Photo-ChatAVD
#Image/Dialogue 10,286 1,000 1,000 12,286
#T/A-utterance 130,546 12,701 12,852 156,099

Table 1: Statistics of Image-ChatAVD and Photo-ChatAVD.

Settings. Experimental details are as follows. For L (Eq.
13), we set λ1 = λ2 = λ3 = 1 to treat tasks equally. Re-
garding the dimensions of the features, we set dv, da, dt to
512, 512, 4096. We employ Adam (Loshchilov and Hutter
2019) to optimize the model’s parameters. For pre-training,
the learning rate, batch size and epoch are set as 2e-4, 64 and
20. For fine-tuning, the above three parameters are set as 1e-
4, 32 and 30. During inference, we use the beam search with
a width of 3 to generate target responses. All experiments
were conducted on 8 NVIDIA 3090 24GB GPUs.
Compared Methods. Compared methods can be catego-
rized into three groups: (1) Base dialogue systems that
have been trained to generate fluent responses, including
DialoGPT (Zhang et al. 2020), BlenderBot (Roller et al.
2021), and MM-BlenderBot (Shuster et al. 2021); (2) Open-
source MLLMs that improve the capabilities of LLMs by
integrating data from multiple modalities, including Qwen-
VL-Chat (9B) (Bai et al. 2023), mPLUG-Owl (8B) (Ye et al.
2023), LLaVA-1.5 (8B) (Liu et al. 2024), and Emotion-
LLaMA (7B) (Cheng et al. 2024); (3) SOTA VD methods
that can generate better responses conditioned on both the
image content and the dialogue history, including Divter
(Sun et al. 2022), VLAW-MDM (Lee et al. 2023), and BI-
MDRG (Yoon et al. 2024). We did not use closed-source
MLLMs such as GPT-4V, due to expensive APIs.
Evaluation Metrics. We perform a comprehensive set of
evaluations. (i) Automatic evaluation. Following (Lee et al.
2023; Yoon et al. 2024), we adopt three rules-based gram-
mar metrics: BLEU (Papineni et al. 2002), ROUGE (Lin
2004), and CIDEr (Vedantam, Zitnick, and Parikh 2015),
which are all based on the word-level overlap ratio between
the hypotheses and the ground truths. (ii) Engagement-
specific evaluation. We train a Llama-3.2-based metric
model, MME, to predict the level of engagement in multi-
modal scenarios. (iii) Human evaluation. We also provide
human evaluations in terms of engaging, diverse, and cor-
rect, as a complement to automatic evaluations.

Results and Analysis
Approach Instantiation We implement VITA-DM using
three distinct backbone models: GPT-2-Medium (345M)
(Radford et al. 2019), GPT-2-XL (1.5B) (Radford et al.
2019), and Llama-2 (7B) (Touvron et al. 2023). In Table 2,
the results validate the universality of VITA-DM, which can
work in different-size pre-training models and significantly
improve the performance of backbones. We also observe that
the improvement will sustain as the model size grows. We
consider VITA-DM with Llama-2-7B as our default model.

(a) The Image-ChatAVD dataset
Models BLEU-1 BLEU-4 ROUGE-1 ROUGE-L CIDEr
GPT-2-M-345M 8.01 0.72 9.24 9.25 0.85
GPT-2-M-345M (♠) 10.34↑2.33 1.03↑0.31 10.97↑1.73 11.26↑2.01 0.94↑0.09

GPT-2-XL-1.5B 8.28 0.77 9.79 9.26 0.93
GPT-2-XL-1.5B(♠) 11.51↑3.23 1.22↑0.45 12.36↑2.57 12.84↑3.58 1.12↑0.19

Llama-2-7B 10.23 1.09 10.94 11.05 1.05
Llama-2-7B(♠) 11.87↑1.64 1.31↑0.22 14.05↑3.11 13.96↑2.91 1.28↑0.23

(b) The Photo-ChatAVD dataset
Models BLEU-1 BLEU-4 ROUGE-1 ROUGE-L CIDEr
GPT-2-M-345M 10.01 0.79 10.08 10.18 0.90
GPT-2-M-345M (♠) 11.79↑1.78 1.04↑0.25 11.49↑1.41 11.02↑0.84 1.06↑0.16

GPT-2-XL-1.5B 10.12 0.91 10.43 10.29 1.03
GPT-2-XL-1.5B(♠) 13.09↑2.97 1.35↑0.44 12.94↑2.49 11.82↑1.53 1.15↑0.12

Llama-2-7B 11.82 1.03 11.87 11.45 1.08
Llama-2-7B(♠) 13.52↑1.70 1.54↑0.51 13.47↑1.60 12.36↑0.91 1.24↑0.16

Table 2: Automatic evaluation results (%). “♠” indicates that
the model is trained using VITA-DM. The improvement is
statistically significant (t-test with p-value<0.01).

Approach Superiority We compare VITA-DM with three
categories of methods, including base dialogue models,
strong MLLMs, and SOTA VD methods. We reproduce
these methods by using their released codes.

(a) The Image-ChatAVD dataset
Method Categories BLEU-1↑ BLEU-4↑ ROUGE-1↑ ROUGE-L↑ CIDEr↑
Base Dialogue Systems
DialoGPT 7.92 0.77 9.41 9.15 0.83
BlenderBot 8.20 0.75 9.40 9.18 0.85
MM-BlenderBot 8.27 0.75 9.53 9.42 0.86
Open-source MLLMs
Qwen-VL-Chat 11.21 1.15 12.28 12.55 1.07
MPLUG-Owl 10.87 1.05 11.68 11.91 0.98
LLaVA-1.5 10.76 0.94 11.35 11.23 1.01
Emotion-LLaMA 11.23 1.14 12.29 12.50 1.04
Top VD Methods
Divter 8.31 0.78 9.76 9.35 0.90
VLAW-MDM 9.40 0.89 10.82 12.50 0.96
BI-MDRG 10.83 1.07 11.74 10.98 1.05
Our Models (using GPT-2-XL-1.5B or Llama-2-7B)
VITA-DM (1.5B) 11.51 1.22 12.36 12.84 1.12
VITA-DM (7B) 11.87 1.31 14.05 13.96 1.28

(b) The Photo-ChatAVD dataset
Method Categories BLEU-1↑ BLEU-4↑ ROUGE-1↑ ROUGE-L↑ CIDEr↑
Base Dialogue Systems
DialoGPT 10.37 0.91 10.58 10.50 0.88
BlenderBot 10.54 0.89 10.59 10.36 0.83
MM-BlenderBot 11.06 0.96 11.05 10.78 0.90
Open-source MLLMs
Qwen-VL-Chat 12.94 1.20 12.56 11.37 1.13
MPLUG-Owl 12.42 1.12 11.87 10.98 1.10
LLaVA-1.5 12.29 1.09 12.07 10.95 1.03
Emotion-LLaMA 13.01 1.22 12.77 11.43 1.10
Top VD Methods
Divter 11.24 0.95 10.96 10.84 0.94
VLAW-MDM 11.98 1.09 11.43 10.90 1.06
BI-MDRG 12.43 1.18 12.10 11.18 1.12
Our Models (using GPT-2-XL-1.5B or Llama-2-7B)
VITA-DM (1.5B) 13.09 1.35 12.94 11.82 1.15
VITA-DM (7B) 13.52 1.54 13.47 12.36 1.24

Table 3: Main comparisons. Best results regarding each met-
ric (each column) are in bold and best results regarding each
method category (each block) are underlined, respectively.

Notably, some LLM-based methods cannot directly ad-
dress the audio input. Thus, we introduce AVD’, i.e., replac-
ing A with E, as shown in Eq.15. In addition, we use BLIP-2
to generate image captions as an alternative to the input im-
age for language-only models such as DialoGPT.

TAV D′ =

k∏
j=1

p(wn,j |V,TU
<n,EU

<n,TS
<n,ES

<n, wn,<j ; θ) (15)
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The results in Table 3 show that: (i) Base systems achieve
poor results compared to the rest of methods; (ii) Emotion-
LLaMA (7B) performs best in the MLLM group, due to in-
tegrating audio, visual, and textual inputs through emotion-
specific encoders; (iii) BI-MDRG outperforms other VD
methods; (iv) Our models (1.5B and 7B) consistently out-
perform all compared methods on two datasets. Our 1.5B
version can surpass Emotion-LLaMA (7B) in all aspects.

Engagement Assessment We use MME to evaluate the
responses generated by four VD methods on the test sets
of both Image-ChatAVD and Photo-ChatAVD. Specifically,
given the multi-modal content (image I, emotion E, context
C), MME can output an overall score OE, plus three sub-
dimension scores EE, AE, and RE, for the response R. We
report the normalized scores in the range [0,1] (the higher,
the better) in Table 4. We observe that our responses are bet-
ter than the others in terms of all engagement aspects (EE,
AE, RE, OE). In particular, our responses achieve a signif-
icantly higher score on EE, showing the benefits of adding
sentiment-aware speech signals. Additionally, our responses
also improve both AE and RE, indicating the effectiveness
of our encoding method. In summary, the idea of integrating
text and audio utterances in pairs and following the original
dialogue turns facilitates all kinds of cross-modal interac-
tions. The evaluation results (in turn-level) in Table 4 vali-
date the generalization of MME across different datasets.

(a) The Image-ChatAVD dataset
VD methods EE↑ AE↑ RE↑ OE↑
Divter 0.55 0.53 0.44 0.47
VLAW-MDM 0.62 0.52 0.50 0.49
BI-MDRG 0.59 0.55 0.58 0.53
VITA-DM (7B) (ours) 0.81 0.66 0.65 0.66

(b) The Photo-ChatAVD dataset
VD methods EE↑ AE↑ RE↑ OE↑
Divter 0.48 0.50 0.46 0.47
VLAW-MDM 0.59 0.56 0.53 0.54
BI-MDRG 0.60 0.61 0.52 0.58
VITA-DM (7B) (ours) 0.76 0.67 0.65 0.70

Table 4: Engagement scores generated by the MME metric.

Human Evaluations We employ five trained annotators
(Ph.D. students and NLP experts) to assess the quality of
the generated responses on the Image-ChatAVD test set. To-
tally, the responses of 200 random samples per each model
are rated by each participant, using the 5-Point Likert scale
(the higher, the better). We consider three key dimensions:
(i) Emotionally Engaging: whether the response conveys the
right emotion with regards to conversation roles? (ii) Di-
verse: whether the response is diverse or specific? (3) Cor-
rect: whether the response is correct conditioned on the
grounded image and previous conversations? For each re-
sponse, we average the scores from five participants in terms
of a specific dimension. Then, we average all the responses
to express the model’s performance. As shown in Fig.4, hu-
man evaluation results further confirm that our approach
VITA-DM can generate emotionally more appropriate re-
sponses compared to other VD methods, while maintaining
superiority in terms of diversity and correctness.

Figure 4: Human evaluation on generated responses.

Ablation Studies We perform ablation studies on the
Image-ChatAVD test set. The experiments encompass two
parts: (a) ablation on modalities and (b) ablation on pre-
training tasks. Specifically, in the w/o A setting, we use ICA
and only NUPt; in the w/o T setting, we use ICA and only
NUPa; in the w/o C setting, we use CCL and both NUPt

and NUPa. In Table 5, we find that: (i) The model’s perfor-
mance can drop if we remove any modality (T, A, C) or any
task (ICA, CCL, NUP), indicating that each component has
a positive contribution; (ii) The ablation variant w/o T de-
grades most, showing that text is most important for a model
to generate responses while only image or audio is not suf-
ficient; (iii) The model’s performance will decrease if audio
is canceled, suggesting that generating speech from text pro-
vides substantial additional information for the model.

(a) Ablation on modalities (T: Text; A: Audio; C: Caption)
Model BLEU-1↑ BLEU-4↑ ROUGE-1↑ ROUGE-L↑ CIDEr↑
VITA-DM (7B) 11.87 1.31 14.05 13.96 1.28

w/o A 10.88 1.15 11.96 12.20 1.08
w/o C 10.34 1.09 11.61 11.59 1.03
w/o A+C 8.41 0.88 9.90 9.58 0.94
w/o T 7.98 0.80 9.54 9.31 0.86

(b) Ablation on pre-training tasks (in the T+A+C setting)
Model BLEU-1↑ BLEU-4↑ ROUGE-1↑ ROUGE-L↑ CIDEr↑
VITA-DM (7B) 11.87 1.31 14.05 13.96 1.28

w/o ICA 10.35 1.01 11.65 11.93 0.98
w/o CCL 11.10 1.12 11.74 11.98 1.09
w/o NUP 11.45 1.20 12.13 12.64 1.20

Table 5: Results of ablation studies. w/o denotes without.

In-depth Analysis
Comparison of Emotion Audio and Emotion Label We
first validate the necessity of incorporating emotion audio.
Specifically, we replace audio utterances A with emotional
labels E (Eq.16) in our method. To do this, we remove
Wav2CLIP, CCL, NUPa, and train the tailored VITA-DM
in the corpus. The results in Table 6 show that VITA-DM
(audio) leads to a higher performance than VITA-DM (la-
bel). We also compare these two settings when removing
all pre-training tasks. We find that VITA-DM (audio) actu-
ally performs worse than VITA-DM (label) in this test. This
shows that the observed performance gains benefit not only
from representing emotion in a more appropriate modality
but also from introducing better cross-modal interactions.

EV ⊕ EC ⊕ ET
1 ⊕ EE

1 ⊕ . . .⊕ ET
n−1 ⊕ EE

n−1 ⊕ ER
n (16)

Weight Analysis of Engagement Dimensions We ex-
plore the rationality of MME from two aspects: the weight
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(a) The Image-ChatAVD dataset
Model BLEU-1↑ BLEU-4↑ ROUGE-1↑ ROUGE-L↑ CIDEr↑
VITA-DM (label) 11.19 1.16 12.95 12.36 1.10
VITA-DM (audio) 11.87 1.31 14.05 13.96 1.28

(b) The Photo-ChatAVD dataset
Model BLEU-1↑ BLEU-4↑ ROUGE-1↑ ROUGE-L↑ CIDEr↑
VITA-DM (label) 12.71 1.23 12.54 11.79 1.09
VITA-DM (audio) 13.52 1.54 13.47 12.36 1.24

Table 6: Comparison of using emotional label and audio.

analysis of sub-dimensions and the correlation analysis with
human ratings. Firstly, we hypothesize that the OE can be
derived from EE, AE, and RE via linear integration:

SOE = wEE · SEE + wAE · SAE + wRE · SRE (17)

Then, we curate a small set composed of 500 samples
with human annotations from Image-ChatAVD. Specifically,
we randomly select samples and manually assign four en-
gagement (EE, AE, RE, OE) scores, referring as human
scores. Subsequently, we separately use human scores and
our MME scores to learn the best weights wEE , wAE , and
wRE in Eq.17. For more comparisons, we also repeat this
test, using two recent LLM-based evaluators, G-Eval (Liu
et al. 2023) which integrates GPT-4, and GPTScore (Fu et al.
2024) which employs GPT-3. In Table 7. We observe that: (i)
Each dimension has a positive contribution; (ii) Our weights
align best with human weights; (iii) For all evaluators, EE
has the highest weight, showing that it plays a major role in
the evaluations, which provides further support for our work.

Weight wEE wAE wRE

Human 0.65 0.15 0.20
GPTScore 0.58∆0.07 0.26∆0.09 0.16∆0.04

G-Eval 0.55∆0.10 0.27∆0.12 0.18∆0.02

MME (ours) 0.63∆0.02 0.14∆0.01 0.23∆0.03

Table 7: Weight analysis. Numbers (marked with triangles)
represent the weight differences between model and human.

Correlation with Human Ratings Secondly, we calcu-
late the correlations with human judgments on the same
sample set. Concretely, we adopt two widely-used correla-
tion measures (Zar 2005): the Pearson correlation (r) mea-
sures the linear correlation between two sets of data and the
Spearman correlation (ρ) assesses the statistical dependence
between the rankings of two variables. In Table 8, we find
that MME correlates most strongly with human judgments,
due to effective multi-modal interactions (i.e., warm-ups).

Correlation (r/ρ) ↑ EE AE RE OE
GPTScore 0.39/0.37 0.33/0.33 0.38/0.39* 0.35/0.34
G-Eval 0.51/0.48 0.44/0.43 0.40/0.41 0.46/0.44
MME (ours) 0.69/0.66 0.53/0.52 0.50/0.50 0.58/0.57

Table 8: Correlation with human scores. All numbers are sta-
tistically significant (t-test with p-value < 0.01) except for *.

The impact of TTS models To investigate the robustness
of our model to audios generated by TTS systems of vary-
ing quality, we provide comparative experiments under dif-
ferent audio quality conditions. We use an alternative model,

UniCATS (Du et al. 2024), which can generate natural and
noise-free speech but not sentiment-aware. Specifically, we
generate new audio from text (A=UniCATS(T)), different
from our previous attempts (A=Parler-TTS(T, E)). The re-
sults in Table 9 show that using Parler-TTS can make our
approach perform better than using UniCATS in terms of
all metrics, suggesting performance advantages achieved by
using a sentiment-aware TTS model such as Parler-TTS. We
further check the fidelity of Parler-TTS when asked to pro-
duce audio with the intended emotion. We use SpeechGPT
(Zhang et al. 2023) to predict the emotion of generated au-
dio and then calculate the accuracy compared to its emotion
label. We perform this test on Image-Chat (test) and find that
our audio is scored with a high emotion accuracy of 93%.

(a) The Image-ChatAVD dataset
TTS Model BLEU-1↑ BLEU-4↑ ROUGE-1↑ ROUGE-L↑ CIDEr↑
UniCATS 10.89 1.17 12.21 12.31 1.14

Parler-TTS 11.87 1.31 14.05 13.96 1.28

(b) The Photo-ChatAVD dataset
TTS Model BLEU-1↑ BLEU-4↑ ROUGE-1↑ ROUGE-L↑ CIDEr↑
UniCATS 12.73 1.14 12.17 10.98 1.13

Parler-TTS 13.52 1.54 13.47 12.36 1.24

Table 9: Comparison of using distinct TTS models.

Qualitative Analysis
We present a case study in Fig.5. Concretely, we show the
image, dialogue context, ground-truth (GT), and responses
generated by four model candidates. We observe that: (i) All
responses are contextually relevant (in blue) to the multi-
modal input; and (ii) Our response is more informative and
emotionally more appropriate (in red) with regards to GT.

 

Utterance 1
This looks like something 

fun and exciting to do 
on vacation！

Oh dear what 
happens if he gets 

taken with the wind.

Utterance n-1

Divter： The wind seems strong.
VLAW-MDM：

Ours：

Ground Truth:

The vacation should be fine. 
BI-MDRG： Looks like great conditions for kite.

With such nice winds, kite flying will be amazing.

 (Happy)  (Anxious)

. . .

 The wind looks perfect to fly this awesome kite!

Figure 5: Case studies on generated responses.

Conclusions
Our work presents a valuable step toward building more
engaging visual dialogue systems. Specifically, we propose
a new task (AVD), a solution method (VITA-DM), and a
novel metric (MME). Empirical results, including exten-
sive human and automatic evaluations, support the effective-
ness of our method. Future works include: (1) Due to the
fact that we spent 3.6/0.3 hours to generate audio from the
Image-Chat/Photo-Chat dataset, the computational trade-
offs should be further explored; (2) The applicability of our
method should be further examined in more challenging sce-
narios, such as dialogues containing human speech.
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