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Introduction Recently large language-and-
vision models like BLIP-2 (Li et al., 2023) have
achieved good performance on various multi-
modal tasks. These models are initially pre-trained
on a large number of image-text pairs to capture
general multi-modal understanding and then
fine-tuned for specific downstream tasks. Models
like LLaVA (Liu et al., 2023) are fine-tuned with
prompts that instruct the model to perform a task.
Using these models for different tasks requires
rephrasing the tasks into the specific language
and format that the models understand. Visual
dialogue is a very challenging multi-modal task
,and MeetUp (Ilinykh et al., 2019) is an example of
such a task and dataset. In this task two players are
placed in a virtual house environment represented
as 2D images and must find each other. They can
use a chat interface to communicate and execute
commands to change images, i.e., move from one
room to another. The collected dataset introduces
many challenges for multi-modal models as they
must consider both visual and textual history at
each moment in the dialogue. In this paper we
examine the performance of the large multi-modal
model LLaVA (Liu et al., 2023) for the task of
next utterance generation in MeetUp. This task
was initially introduced and described as part of
the Visual Dialogue Generation Challenge (Ilinykh
and Dobnik, 2023). We prompt LLaVA with two
different prompts which are structurally similar
but vary in the game-relevant information that they
include. By evaluating the quality of generated
utterances and the model’s perplexity in predicting
human-generated utterances, we draw conclusions
about LLaVA’s ability to be used in the context of
such visual dialogue task as MeetUp.

Prompting LLaVA for turn generation LLaVA
(Liuetal., 2023) is a large transformer-based model
designed to assist humans in completing various
visual tasks. The model consists of two large pre-

trained transformers: CLIP (Radford et al., 2021)
and Vicuna (Chiang et al., 2023), allowing it to
use their pre-trained knowledge. One of LLaVA’s
strengths is its strong performance in tasks involv-
ing conversation, detailed image descriptions, and
complex reasoning. The model has been fine-tuned
on automatically generated instruction-following
data based on the image-text pairs from the MS
COCO dataset (Lin et al., 2014). For the MeetUp
task we design two prompts (shown in the Ap-
pendix) following the style of the instructions used
to fine-tune LLaVA. Prompt A describes the input
to the model along with extra information about
the game, such as “the players are trying to find
each other”. Prompt B describes only the input
to the model with minimal information about the
game. We use either of these prompts to generate
each next utterance in the MeetUp dialogues. The
model receives an image showing the rooms visited
by the players up to the current timestep as visual
input. On the textual side the model is provided
with the current chat history. We tested LLaVA on
predicting 5695 extracted turns that contain utter-
ances. We did not explore other types of turns such
as those with navigation commands or private chat
messages to the game bot. We measure the quality
of model-generated messages by comparing them
with the ground-truth messages using several clas-
sic n-gram based metrics (e.g., BLEU, ROUGE,
and METEOR, for a survey see Sai et al. (2022))
as well as BERTScore (Zhang et al., 2020).

As shown in Table 1 prompt A leads to slightly
higher scores in automatic evaluation than prompt
B. All scores are low and close to each other, indi-
cating that the generated utterances are very distant
from the human ground-truth. Higher BERTScore
values, which are closer to 1.0 (indicating the high-
est cosine similarity), show that the generated de-
scriptions are very similar to those generated by
humans in terms of their semantics. One possi-
ble explanation for this, which requires additional
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Prompt type | BLEU-1 | BLEU-4 | ROUGE | METEOR | BERTScore
Prompt A 6.46 0.12 8.10 15.65 0.78
Prompt B 6.40 0.08 7.96 16.46 0.79

Table 1: Automatic evaluation of quality of generated turns given different prompts. The scores are averaged.

testing, is that the generated descriptions are the-
matically within the domain of the dataset (e.g.,
describing images), but it is unclear how contex-
tual and correct these descriptions are.

(b) Using prompt B.

Figure 1: PPL score (vertical axis) against messages
per turn (horizontal axis, visualised as turn id). The
scores per turn are averaged across all dialogues. 20
turns with highest PPL score are highlighted in red.

We calculate the perplexity of the
model against ~ human-generated  utter-
ances. Perplexity (PPL) is defined as
exp —L 5N log pe(wi | wlv---awi71)>,

where N is the number of words in the sequence
and pg(w; | wi, ..., w;—1) is the probability of the
t-th word given the preceding words according to
the model parameterised by 6 (LLaVA). According
to Figure 1, the model is most uncertain about
predicting ground-truth utterances at the beginning
of dialogues, with occasional high uncertainty
towards the end of the dialogue. An excerpt from
the MeetUp corpus in Example (1) with specified
turns shows that these parts typically include
greetings (“What’s up” in t-21), negotiation of
game strategies, and planning (“Oh k let me
look for it” in t-29, other examples in t-107 and
t-120), while the middle of the dialogues includes
more descriptions of visual content (“a stand
alone sink on the left” and others in t-36-t-50).
MeetUp dialogues also contain a larger number of

Figure 2: The number of turns with utterances. Turn
ids are shown on the horizontal axis, the number of
instances of each turn is displayed on the vertical axis.

utterances describing visual content, as indicated
by Figure 2, which shows that most of the turns
with text messages appear between turns 30 and
50. The data indicates that the model cannot
understand such parts in MeetUp dialogues, which
are not directly related to its visual content. One
way to improve the model’s understanding of the
game’s information and instructions is through
prompt engineering. However, there is no clear
evidence that changing the prompt affects the
perplexity of the model, as both prompts result
in similar average perplexity across turns (22.87
for prompt A, 22.51 for prompt B). Future work
should explore other prompts.

Conclusion We explore prompt engineering for
large language-and-vision models in the complex
domain of visual dialogue tasks. Our analysis
shows that LLaVA can be used to generate utter-
ances in collaborative visual dialogue tasks such
as MeetUp. Future work will examine how much
game-relevant information prompts should include
or if simply describing the input to the model and
asking it to “generate a next response, given the
input” is sufficient. We will also focus on the eval-
uation component of generated utterances by ex-
amining characteristics relevant to different games
in a dialogue.
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Appendix: LLAVA prompts The prompts were
designed with two goals. First, we aimed for
prompts similar in structure to those used by

LLaVA. Second, we created one prompt that simply
describes the model’s input with basic game con-
text and another that provides more game-relevant
information. The differences between the prompts
below are highlighted in bold.

Prompt A:

CHAT:

You are a helpful language and vision assistant. You see
a chat between two people, A and B. They are playing a
game in which they are trying to find each other in a
house. What you see are the pictures of each room they
have visited. The rooms visited by person A are shown in
the top row, and the rooms visited by person B are shown
in the bottom row. Pictures in each row are arranged in
sequence from left to right, representing the order in which
they were taken. Person A is currently in the room shown
in the rightmost picture from the top row, and person B is
currently in the room shown in the rightmost picture from
the bottom row. A and B are having a chat and are trying to
ensure that they are in the same room, i.e., they have to see
the same picture. Each player does not see what the other
player sees. Sometimes the chat is empty, which means that
the players have not written any messages yet.

What do you think is the next message based on the informa-
tion you have about the game, the players, the rooms they
have visited, and their chat?

Prompt B:

CHAT:

You are a helpful language and vision assistant. You see a
chat between two people, A and B. You also see pictures.
Pictures seen by person A are shown in the top row of the
image, and pictures seen by person B are shown in the
bottom row. Pictures in each row are arranged in sequence
from left to right, representing the order in which they were
seen. Person A is currently seeing the rightmost picture
from the top row, and person B is currently seeing the right-
most picture from the bottom row. A and B are having a
chat and are trying to ensure that they see the same picture.
Each person does not see what the other person sees. Some-
times the chat is empty, which means that A and B have not
written any messages yet.

What do you think is the next message based on the infor-
mation you have about the situation, A, B, and pictures they
have seen, and their chat?

Excerpt from a MeetUp dialogue

(1 t-20
t-21
t-28
t-29
t-36

t-41
t-50

t-51
t-52
t-53
t-54
t-69

B: What’s up

A: hi

A: 1 have found a bathroom

B: Oh k let me look for it

A it has white bathtub in the back of the room,
white shower curtain with blue patterns

A: a stand alone sink on the left

A: there is tile on the wall with small squares
ranging in color between white and brown

: I think I found it

: toilet

: towel rack

: no i dont think i see a towel rack

oh

> wwm

t-106 A: lets meet at the bathroom with pink towels
t-107 A: it is more easily identifiable
t-120 B: ok im there
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