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Figure 2: Questioner’s recovery flow. The recovery process is divided into two main parts: Stepl, 2 and Step3, 4.

Figure 3: Failure game example

collect human and GPT-4V (OpenAl, 2024) failure
task recoveries for the collected task failure game.

4.1 Failure Game Collection

We simulated human-to-system dialogues in Guess
What?! Game using GPT-4V to collect data.
Specifically, we set up GPT-4V as a questioner
and answerer and collected failed games by having
them play a game. While the ideal scenario would
involve a human as the answerer, our preliminary
experiments demonstrated that GPT-4V is suffi-
ciently capable of playing Guess What?! Game.
This led us to adopt the method of using GPT-4V
in both roles for this study.

Figure 3 shows an example of a generated failure
game. The questioner failed to narrow down the tar-
get object with five questions and could not guess
it accurately. The following describes the details of
the GPT-4V roles for the questioner and answerer
(See Appendix A.1 for overview diagrams of these
models).

Questioner’s Role The questioner’s role is di-
vided into two parts: a model that makes ques-
tions (called a questioner model) and a model that
guesses the target objects (called a guesser model),
as de Vries et al. (2017)’s proposed baseline model.
The questioner model inputs a game image and di-
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alogue history and outputs a question. The guesser
model takes an image with numbers assigned to
objects by SoM (Yang et al., 2023) (called SoM-
image) and dialogue history as inputs and outputs
the number of the target object. We applied SoM
to the input images of the guesser model because
GPT-4V has better inference ability with number
assignment images than with understanding Visual
Prompt (Yang et al., 2023), and it is impossible to
output a target object’s bounding box?.

Answerer’s Role The answerer model takes
SoM-image, a dialogue history, and the number
of the correct object as inputs and outputs a yes/no
answer.

Game Collection Details and Results Accord-
ing to (de Vries et al., 2017), the guesser model
tried guessing the target object after the questioner
and answerer models exchanged questions and an-
swers five times. We sampled 815 pairs of images
and target objects from the Guess What?! dataset’s
test data. Then, we excluded any target objects that
were too small or positioned at the edges of the
images, as recognizing these objects demands high
image recognition capabilities beyond the scope
of our study. As a result, we collected 100 failed
games. The collected games include samples where
GPT-4V, acting as the answerer, made errors, result-
ing in failed games. We also adopted these samples
as examples that simulate actual human-to-system
dialogues because humans can also make mistakes
in their answers due to misinterpretations or unin-
tentional mistakes (Oshima et al., 2023).

3When GPT4-V takes a prompt “Output the human bound-
ing box.” and an image as inputs, it returns an unreliable
bounding box or says “I’m unable to directly output bounding
boxes or any form of visual annotations”.



4.2 Failure Task Recovery Collection

We collected samples on the recovery tasks per-
formed by humans and GPT-4V (OpenAl, 2024),
using the collected task-failed games in Section 4.1.
Specifically, we conducted three experiments; GPT-
4V-all, GPT-4V-Q , and Human-all experiment. Ta-
ble 1 presents the relationships among these ex-
periments. These experiments vary depending on
who is responsible for each step of the questioner’s
recovery flow, which is introduced in Section 3.2.
We describe the details of the three experiments
below.

4.2.1 Human-all Experiment

We conducted an experiment to collect human re-
covery actions in failed games (called Human-all
experiment). In collecting human recovery actions,
two annotators each assumed the roles of ques-
tioner and answerer. The annotator in the ques-
tioner role worked with the answerer to address
and recover from game failures, using the details
of the failed task (game image, first predicted ob-
jects, and dialogue history from the failed game).
The annotator in the answerer role received infor-
mation about the details of the failed task and the
correct target object. We created a demo applica-
tion to collect humans’ recovery actions. Humans
were monitored to ensure they were not cheating
and diligently working on tasks. There are other
ways to collect data through crowdsourcing, but
we did not employ them in this case because they
are fraught with problems, such as using Large
Language Models (Veselovsky et al., 2023).

The data collection had 12 native Japanese
speaker participants, each performing recovery ac-
tions for 25 games. We assigned 25 game recovery
tasks to each annotator using a collection of 100
failed games in Section 4.1. This means that three
annotators worked on the recovery task for each
game, resulting in 300 recovery samples collected
in total.

4.2.2 GPT-4V-all Experiment

We also collected samples on recovery actions by
GPT-4V. In this experiment, GPT-4V is responsible
for all four steps. We prepared four GPT-4V mod-
els that perform each of the four steps of the recov-
ery flow described in Section 3.2. We provided all
GPT-4V models with the SoM-image, the number
of the object predicted in the failed game, and the
dialogue history as inputs (See Appendix A.2 for
details of these models.). By comparing Human-all

Stepl Step2 Step3 Step4
GPT-4V-all GPT4 GPT4 GPT4 GPT4
GPT-4V-Q human GPT4 human human
Human-all human human human human

Table 1: Questioner’s roles of humans and GPT-4V
in each step in each experiment. Answer’s roles were
performed by humans at all experiments

experiment to GPT-4V-all experiment, we can vali-
date GPT-4V’s ability to recover after task failure
relative to human recovery ability.

4.2.3 GPT-4V-Q Experiment

Then we also collected samples on recovery actions
by GPT-4V and humans. In this experiment, GPT-
4V is in charge of only step 2 among the four steps,
and humans are in charge of the other steps. By
comparing Human-all experiment to GPT-4V-Q
experiment, it is possible to more directly assess the
GPT-4V’s ability to repair utterance (corresponding
to step 2). In both GPT-4V-all experiment and
GPT-4V-Q experiment, we collected three recovery
samples per failed game, resulting in a total of 300
recovery samples, which is the same number as
Human-all experiment. In all three experiments, if
a human or GPT-4V repeated additional questions
(Step 2) more than 11 times, we counted the attempt
as a failure.

4.3 Evaluation

High recovery success rates and efficiency are es-
sential for the failure recovery task, as mentioned
in Section 3.2. Accordingly, we evaluate and ana-
lyze from the following two perspectives: (1) the
success rate of recovery and (2) the average num-
ber of repair utterances required for a successful
recovery. The success rate of recovery is defined
as the number of recovered games over the total
number of failed games. We define a successful
recovery action as a successful re-prediction of the
target object. We calculate the average number of
repair utterances required for successful correction
by averaging the additional questions made dur-
ing the second step of the recovery process. This
average includes instances where no repair utter-
ances were necessary, counted as zero. A lower
average indicates a more efficient recovery process,
preferable for optimal outcomes.
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Failure Game
Ql:zhid. ZA—YRARTIN? Al: LWLZ,
(Is it sports equipment?) (No.)
o Q2:ghid. AHTTH? A2: 1FW,
(Is it a human being?) (Yes.)
Q3: EROFRICVDETH ? A3: VWX,
A (Is it in the center of the image?)
Q4 FVIREBTVETH ? Ad: 3L,
(Is it wearing red?)

Target object: No.4 Q5. k—L2B-oTWETH? A5 LW,
1st prediction object: No. 7 (Is it kicking a ball?)
GPT-4V Repair (GPT-4V-all experiment)
Q6:esvIEBALTVLETH? (Is it wear a hijab?) A6: WX,

Q7: RBORZ FEHTWETH ? (Is it wear a green vest?) AT 1EW,
Re-prediction object: No.4 v

Failure Game

W Q1:2hid. BFHBETIN? Al [EW,
(Is it an electronic device?) (Yes.)

Q2:2hid. HMHEEFETIN? A2: W R,
. (Is it a cell phone?) (No.)
Q3:zhid, /—FNRVIYTIHN? AIRLLZ,
(Is it a laptop?)
Q4:zhid. FTLETIH? Ad: 13V,
(IsitaTV?)
Target object: No. 6 QS:E{ROHPRICHD ETH ? A5:WWZ,

(Is it in the center of the picture?)

1st prediction object: No. 4

GPT-4V Repair (GPT-4V-all experiment)
Q6: EfRDLEBICHD F9H 2 (Is it at the top of the image?)

Q7: EigDHMIcH D 9 H 2 (Is it on the right side of the image?) A7: 3L,

A6:VWZ,

Re-prediction object: No. 7 x

Human Repair (Human-all experiment)
Q6:#bMELTVE TN ?  (Is it wearing a head covering?) A6:  1ZL\,

Q7: 2D b MidFETFH ? (Is the covering red?) AT 1B,
Re-prediction object: No. 4 v

Human Repair (Human-all experiment)

No additional questions have been asked.

Re-prediction object: No. 6 v

(a) Example of the successful recovery of both the human and (b) Example of the successful recovery of the human but the

GPT-4V

failure of GPT-4V

Figure 4: The recovery results for the same failed game. The image is labeled with numbers by SoM (Yang et al.,
2023)). The upper proper dialogue represents the dialogue history during the task failure.

5 Results

5.1 Human vs GPT-4V for Recovery Action

We compared GPT-4V-all experiment and Human-
all experiment to evaluate the abilities of humans
and GPT-4V in implementing recovery actions after
failing Guess What?! Game.

The success rate of recovery actions by GPT-4V
is significantly lower than in humans (about 36.7%
lower), which means that the failure task recov-
ery in Guess What? Game (de Vries et al., 2017)
is even difficult for GPT-4V. Figure 4a shows an
example where both GPT-4V and the human was
successful. GPT-4V successfully re-guessed the
target object by asking two additional questions
(Q6 and Q7), much like the human did, although
using a different method of questioning. Figure 4b
presents a case where GPT-4V failed, but the hu-
man succeeded. The human identified the target
object without asking additional questions, whereas
GPT-4V asked two questions (Q6 and Q7) and still
failed to predict correctly. Despite confirming that
the object was not a mobile phone in Q2, it in-
correctly guessed the target object as No.7. This
example shows failures in Step 1, 3 modules, which
are responsible for deciding whether to ask an ad-
ditional question, and in the Step 4 module, which
is responsible for predicting the final object.

Next, we compared the efficiency of failure re-
covery tasks between humans and GPT-4V by ana-
lyzing the average number of repair utterances. As

noted in Section 4.3, the recovery process must be
efficient in human interactions. We calculated the
average number of repair utterances only for suc-
cessful cases because efficient recoveries are only
relevant when the recovery task is successful (at-
tempting a quick fix is pointless if it fails). Table 2
shows the average turn of repair utterances. The
GPT-4V-all experiment is more than twice utter-
ances as many as the Human-all experiment, indi-
cating a less efficient recovery strategy in GPT4-V
compared to humans.

5.2 First Half Recovery Steps Analysis

In this section, we focus on GPT-4V’s ability to
decide and successfully execute repair utterances
(steps 1 and 2) rather than just understanding and
using them (steps 3 and 4).

5.2.1 Stepl: Deciding Recovery Action

We compared the actions chosen by GPT-4V with
those selected by humans in step 1. Specifically,
for each game, we tallied and compared the number
of times actions (a-I) asking an additional question
and (a-II) re-guessing the target object were chosen.
We selected actions chosen at least twice by the
human and GPT-4V across three recovery tasks
for the same failure sample as the actions by the
recovery executor.

Table 3 compares the actions selected by humans
(Human-all experiment) and GPT-4V (GPT-4V-all
experiment). As Section 5.1 indicates, human re-
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Success rate  Average turn

GPT-4V-all 50.0% 243
GPT-4V-Q 74.7% 2.00
Human-all 86.7% 1.13

Table 2: Success rate of recovery actions and the number
of repair utterances (step 2) in each experiment.

GPT4-V (a-I) GPT4-V (a-I)
Human (a-I) 65 5
Human (a-II) 28 2

Table 3: The number of actions selected by Humans
and GPT-4V (a-I or a-l). Diagonal elements show the
number of times Humans and GPT-4V made the same
selections. Note that these counts are from Step 1 of
GPT-4V-all experiment and Human-all experiment.

covery actions have a high success rate and are a
strong baseline. Thus, GPT-4V should choose ac-
tions that are similar to those chosen by humans
in most cases. Table 3 shows that GPT-4V selects
about 67% of the same actions as humans, and GPT-
4V often opts to select (a-I) action even in cases
where humans choose (a-II) action. This result
demonstrates that GPT4-V fails to provide efficient
questions and choose speedy recovery actions. This
behavior is undesirable because making efficient
failure task recovery is crucial in goal-oriented dia-
logues with humans.

5.2.2 Step2: Asking an Additional Question
(Repair Utterance)

Next, we analyzed the repair utterances from Step 2.
Specifically, we compared GPT-4V-Q experiment,
in which humans handled all steps except Step 2,
with Human-all experiment, in which humans were
responsible for all steps.

Table 2 shows the results for task success rates
and the number of repair utterances. When com-
paring GPT-4V-Q experiment to Human-all experi-
ment, we observe that only replacing Step 2 with
GPT-4V results in a 12% decrease in success rate
and an increase of 0.87 in average turns. Further-
more, in GPT-4V-all experiment where GPT-4V
handles all steps, the success rate drops by an ad-
ditional 24.7%, and the average turns increase by
0.43. This suggests that GPT-4V’s impact in Step
2 contributes more to the increase in the number
of turns than modules of other steps, which means
that GPT-4V’s repair utterances tend to include
unnecessary questions.

Next, we analyzed the intents behind the utter-
ances to compare the nature of repair utterances
made by humans and GPT-4V. We asked humans

Experiment
= GPT-4V-Q
0.8 Human-all

Appearance Ratio
> >
'S =N

S
)

0.0 | —
A B C D E F
Question Type

Figure 5: Question type distribution. We normalize
by dividing the number of each question type by the
total number of questions in each experiment because
the number of questions differs between the two experi-
ments.

and GPT-4V to select the intents behind their ques-
tions from six options and compared these selec-
tions. We assumed that GPT-4V could understand
the intentions behind its questions, so we had GPT-
4V select the intent of the questions. We also asked
for explanations behind the selected options, and
the lead author checked to see if the reason was
plausible because GPT-4V does not always pro-
duce accurate outputs. We conducted preliminary
experiments and prepared the following six types
of questions (A)-(F) (see Appendix B for detailed
explanations of question types.):
(A) The question that addresses the same object
with different expressions: This questioning style
is employed when there is a suspicion of inconsis-
tencies or errors in the user’s answers.
(B) The question with more or less the same mean-
ing as the question during dialogue: This question-
ing style is used when there are suspected inconsis-
tencies or errors in the user’s answers.
(C) The question that proposes a hypothesis to nar-
row down the object in question: This type of ques-
tion is used when there are no apparent errors or
contradictions in the user’s answers.
(D) The question that clarifies ambiguities in a pre-
vious question: It clarifies the context or perspec-
tive of the previous question.
(E) The question for confirmation, in case the ob-
ject has already been narrowed down.
(F) Others. (In this case, we ask the annotator and
GPT-4V to describe the question’s intent in text
form.)

Figure 5 shows the distribution of the intentions
behind the questions asked by humans and GPT-4V.
First, more type (C) questions exist in both Human-
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Failure Game
Q1: Is it sporting goods? No.
Q2: Is it on snow? No.
Q3: Is it a vehicle? No.
Q4: Related to winter sports? Yes.
Qs: Is it a ski lift? No.
Target :No. 4, 1st prediction: No. 7

GPT-4V-Q experiment
Q6(C): Is that a ski board? No. Q11(C): Is it a goggle? No.
Q7(C): Isitasnowboard? No. QI12(C): Is it a ski pole? No.
Q8(C): Is it ice skates? No. Q13(C): Are those ski boots? No.
Q9(C): Is it gloves? No. Q14(C): Is it a ski lift seat? No.

Q10(C): Isit a hat? No. Q15(C): Is it a ski lift prop? No.

Human-all experiment
Q6(C): Is that something you put on your feet? No.
Q7(C): Is it something you carry on your back? No.
Q8(A): Ts it a living thing? Yes.
Q9(C): TIs it a person on the right? Yes.

Figure 6: Example of a human asking a type (A) ques-
tion, whereas GPT-4V does not. Q6 (C) indicates that
the first additional question is the intent of type (C).
The dialogue conducted in Japanese is translated into
English.

all and GPT-4V-all experiments. This is because
many samples in the failed game set, such as the
example in Figure 4, require additional questions to
narrow down the objects. A significant difference
between the human-only experiment and the GPT-
4V with human experiment is that the humans can
ask many non-type (C) questions. Specifically, hu-
mans ask type (A) or (B) questions about 9.3% of
the time, whereas GPT-4V rarely asks these types
of questions. This indicates that GPT-4V cannot
recognize or doubt mistakes and inconsistencies
based on the user’s input, leading it to focus pre-
dominantly on questions that narrow down objects.

Figure 6 shows an example where a human asks
a type (A) question while GPT-4V does not. In this
example, the human suspects an error in the answer
and attempts to correct the course of the dialogue
by asking, "Is it a living thing?" (Question type A).
In contrast, GPT-4V likely overtrusts the response,
"Related to winter sports? Yes," and continues to
ask questions focused on objects related to winter
sports (Question type C). As a result, GPT-4V fails
to correct the course of the dialogue and cannot
identify the target object within ten questions, lead-
ing to an unsuccessful recovery task. These results
indicate that GPT-4V fails to recognize or question
erroneous responses and tends to blindly trust the
user’s input.

6 Discussion

We observed that GPT-4V is significantly poor at
the failure recovery task (§5.1), and GPT-4V’s ap-
proach differs from the strong baseline of human
behavior in both Step 1 and Step 2 (§5.2). The
significant difference in failure task recovery ca-
pabilities between humans and GPT-4V can be at-
tributed to the models’ difficulty with logical rea-
soning (Creswell et al., 2023; Pan et al., 2023;
You et al., 2023). GPT-4V may struggle to inte-
grate three pieces of information from failed games
(game image, dialogue text, and first prediction
object) to identify potential target objects. Unlike
typical goal-oriented dialogues, conducting fail-
ure task recovery requires understanding complex
dialogue and game situations. Therefore, the pre-
processing step that explicitly organizes the context
of the failed game and dialogue rather than execut-
ing direct recovery actions may be practical. In
Guess What?! Game, output which objects remain
as potential targets is an example of this strategy.

We also found that GPT-4V tends to refrain from
questioning the interlocutor’s answer (§5.2.2). This
feature is undesirable for the failure task recovery
in goal-oriented dialogues, where the user’s an-
swers might contain errors (Oshima et al., 2023).
This issue is not crucial during initial task attempts
because humans do not frequently make response
errors. However, when the task fails, the possibility
of user answer errors increases. Therefore, consid-
ering the possibility of user errors is a key factor
when developing recovery strategies. If a system
cannot doubt the user’s answers, it may fail to cor-
rect errors or waste time, as shown in Figure 6. To
address this issue, instructing the LLM first to eval-
uate the correctness of the user’s answers and then
use this evaluation to guide the recovery action may
be effective.

One future direction to use VLMs (Liu et al.,
2023b,a) as a recovery model is rethinking model
training. For example, creating synthetic datasets
that include incorrect utterances and using them
for instruction-tuning data. This approach allows
VLMs to explicitly learn from erroneous scenarios,
potentially enhancing their abilities to recover task
failure accurately.

7 Limitations

In this study, we examined the failure recovery task
in Guess What?! Game, where one speaker only re-
sponds with “Yes.” or “No.” However, this research
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does not address the recovery capabilities of GPT-
4V and humans in more complex goal-orientated di-
alogues like autonomous driving dialogue systems.
Our results may differ for languages other than
Japanese, so it is essential to analyze GPT-4V’s re-
covery performance in English, its most proficient
language. This study focuses on GPT-4V, raising
concerns about the generalizability of our findings
to other vision-language models. We tested the
failure recovery task with LLaVA-1.5 (Liu et al.,
2023a), but it did not recover the tasks adequately,
which suggests that the recovery task would require
capabilities comparable to GPT-4V.

We are concerned about the method of collecting
intents by directly asking humans or using GPT-4V.
This method assumes a causal relationship between
subjective reasoning and actual behavior. As Ayal3
(2015) recommended, it is preferable to analyze
speech intentions based on objective actual behav-
ior rather than subjective reasoning.

8 Conclusion

We tackled the failure recovery task in Guess
What?! Game and analyzed GPT-4V’s capabilities.
The results showed that GPT-4V demonstrated a
significantly lower ability to correct task failures
than humans. Furthermore, GPT-4V tended to per-
form unnecessary repair utterances, ask inefficient
questions, and fail to doubt users’ answers. In
future work, we aim to investigate the generaliz-
ability of our findings to real-world goal-oriented
dialogues.
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A GPT-4V Model Details
A.1 Models for Failure Game Collection

Figure 7 shows an overview of the model used for
failure game collection in Section 4.1. We pro-
vide the original SoM-image to the questioner and
guesser models, while the answerer model receives
an SoM-image with the target object highlighted
in a yellow frame. Table 4 shows the text prompts
provided to the questioner and guesser models. Ta-
ble 5 indicates the prompts given to the answerer
model.

A.2 Models for Failure Task Recovery
Collection

The basic framework of the models is the same as
the GPT-4V model prepared in failure game col-
lection. Each model uses the SoM-image but with
different text prompts. The text prompts consist of
two main parts: the system prompt, which is the
rule of Guess What?! Game, and the user prompt,
which is the specific instructions performed by
GPT-4V. While the system prompt is consistent
across all models, the user prompt varies by step.
Table 6 illustrates the system prompt, and Table 7
and 8 provide examples of the user prompt.

[ . - ,,,) e |

Bl

jc

Bl GPT-4v

@ — Output

L . |

System prompt
You are playing the game ...

User prompt
Situation: You played the game with ...

Figure 7: Overview of the model used for the failure
game collection (§4.1) and failure task recovery collec-
tion (§4.2).

B Details of Question’s intentions

Table 9 shows a detailed description of each ques-
tion type. We gave the same content written in
Table 9 to GPT-4V while we showed the users a
Japanese translation of the content described in the
table. Table 10 presents cases where humans se-
lected type (F) for the question intent, along with
descriptions of their intent.
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Prompt type

Example

Questioner prompt

Guesser prompt

Instruction: You are now playing the following game with a user.

Rule of the game: You are trying to guess the target object in the image
by asking questions. User will answer yes or no to the question about
the user's target object. Note that target objects can also include living
creatures such as humans and animals.

Generate a question "in Japanese" to guess the target object.

Bl TZniE. AHTIn?] . [Z2niE BGROEAICSH Y
FIHN?] . [ZNiE. BETIN?] BE BATHEELE
Ao

(Example: You can ask anything, such as “Is that a human?” or “Is that
a vegetable?” or “Is it on the left side of the picture?”)

Dialogue history:

B [Zhid, 7=X 77y bTcdHn?]

1SN AN

Tld, BEIZERLTLLET L,

(Now, please make a question.)

B

(Question:)

Instruction: You are now playing the following game with a user.

Rule of the game: You are trying to guess the target object in the image
by asking you questions. User will answer yes or no to the question
about the user's target object.

You are trying to guess the target object through dialogue.

Dialogue history:
B 2hux, T=AT7 7y FTEIR?
IR EAN

B 2hud, ARITTe

[EIF- Az

Hi: i3, mBRoGMICH Y £3702
[EIE SN EYAN

B 2hiud, BYETE e

B Wi,

BRI L, 7=Aa—RFTTNn?
EIFSSE A AT

Please predict the target object number. Be sure to focus your prediction
on one number!

Number:

Table 4: Questioner’s role prompt examples for failure game collection (§4.1).
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Prompt type

Example

Answerer prompt

Instruction: You are now playing the following game with a user.
Rule of the game: The user is trying to guess the target object in the
image by asking you questions. Answer yes or no to the question about
the user's target object.

The target object is labeled with number 8, surrounded by yellow box
and its category is TENNIS RACKET.

BRICIE. TEWL, | £ Thnz, | TERXTLEI L,
(Please answer with “Yes” or “No”.)

B znid, AETTHh?

(Question: Is it a human?)

[EIR=3%

(Answerer: )

Table 5: Answerer’s role prompt examples for failure game collection (§4.1).

Prompt type Example
You are now playing the following game with a user. You
are a professional in this game.
Rule of the game: You are trying to guess the target object
System prompt in the image by asking questions. User will answer yes or

no to the question about the user's target object. Note that
numbered objects are candidates for target objects and
target objects can also include living creatures such as
humans and animals.

Table 6: System prompt for the failure task recovery collection (§4.2)
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Prompt type Example

Situation: You played the game with the user and also predicted the object.
However, the object you predicted (number 3) was not the right target
object, and the task failed. Therefore, you need to take a repair action to
turn this game into a success (guessing the correct target object) instead of
a failure. This repair action can be either asking additional questions or re-
predicting the object. Which is better?
Dialogue when you fail to predict the target object (Dialogue before the
first prediction):
B ZHUIAR—Y LTI
A2 VDN R,

User prompt of stepl B ZAUIEEYTT N
[EIE- N YN
B ZAUIAB T
IR AN
B 2hud, migofRicnE3 e
B WD,
HE: i, BBROAMISNE T ?
B2 VDD R,
Instruction: Please answer the number of the action you take. Note that
target objects must be numbered.
(1). You do not ask additional questions and re-guess the target object
(2). You ask additional questions in order to re-guess the target object
Situation: You played the game with the user and also predicted the object.
However, the object you predicted (number 3) was not the right target
object, and the task failed.
Dialogue when you fail to predict the target object (Dialogue before the
first prediction):
B ZAUIAR—Y RS TT N2
[\ WINZ,
B iU, TTne
B 13,
B ZAUIARITT e
IR A
B huid, BEoPRISNESTD?

P >
User prompt of step2 B N

R 2, mgoLARICWET 2

B DD R,

Instruction: You have determined that you need to ask additional questions.
Please make one question to re guess the target object based on failed
dialogue.

Notes:

1. Numbered objects are candidates for a target object.

2. Please do not ask additional questions using the number assigned to the
object or ask questions that mention that number or letter!

TIE, BMzAm L T Zav,

(Now, please make a question.)

HR

(Question:)

Table 7: Prompts of Steps 1 and 2 for the failure task recovery collection (§4.2)
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Prompt type Example

Situation: You played the game with the user and also predicted the object.
However, the object you predicted (number 1) was not the right target
object, and the task failed. Then, you asked additional questions to the
user in order to re-guess the target object.
Dialogue when you fail to predict the target object (Dialogue before the
first prediction):
BRi: Zhid, SEOPITBS TOET A2
[EIF- SN AAY o
B 2hd, e T
[EIE- N AN
B 2, ARTET
IR A A o
);ig . Shere)

User prompt of step3 E;:E b%\i’&git; ZANTTETCNETN?
B Zhid, AKEOWEATT 2?2
A VDR,
Additional questions and answers to re-predict the correct target object
(Dialogue after the first prediction):
B 2hiE, BECIRO AT B TWETN?
[EI-SERAIAY-N
Instruction: Please review the previous conversation and decide if the
target object in this game has been clearly identified. Note that the object
should be identifiable by a number. Respond with:
(1) The object has been clearly identified.
(2) The object has not been identified, and further questions are necessary.
Situation: You played the game with the user and also predicted the object.
However, the object you predicted (number 3) was not the right target
object, and the task failed.
Dialogue when you fail to predict the target object (Dialogue before the
first prediction):
B ZUEAR—Y HETT N ?
IR AL A o
B UM TT N
[EIE- N Ea AN
B ZAUIARITT e

Sl .
User prompt of step4 B (e

HR: 2hid, BRI ESTN?

[F VDD R

HE: i, HBROAMISNE S ?

[EIE-SERAAY-N

Additional questions and answers to re-predict the correct target object
(Dialogue after the first prediction):

BRI U TEG O NN E T2

IR EY AN

Instruction: Please read the dialogue history above and re-predict the
target object number. Be sure to focus your prediction on one number!
The target object: Number

Table 8: Prompts of Steps 3 and 4 for the failure task recovery collection (§4.2)
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Question intention

Description

(A) The question that addresses the same
object with different expressions.

This questioning style is employed when there is a
suspicion of inconsistencies or errors in the user’s
answers. It involves exploring the same object in
an image through various expressions. This method
helps identify any inconsistencies or errors in the
user’s answers by exploring different aspects of the
same object and examining the object from multiple
angles.

(B) The question with more or less the
same meaning as the question during dia-
logue.

This questioning style is used when there are sus-
pected inconsistencies or errors in the user’s answers.
It involves slight rephrasing of previous questions
using similar terms to clarify and rectify any misun-
derstandings. Example: Rephrase the question “Are
people using it?” in the dialogue history as “Is it
something that people are holding?” or “Is it a hu-
man figure?” as "Is it really a human figure?”

(C) The question that proposes a hypothe-
sis to narrow down the object in question.

This type of question is used when there are no appar-
ent errors or contradictions in the user’s answers. It
introduces a hypothesis to further refine and specify
the inquiry, aiming to deepen the exploration of the
object in question. This approach helps gather more
precise information about the object being discussed.

(D) The question that clarifies ambiguities
in a previous question

Employed in cases where the meaning of the previ-
ous question has caused ambiguity, this questioning
style seeks to align the understanding between the
questioner and the respondent. It clarifies the context
or perspective of the previous question. It clarifies
the context or perspective of the previous question, as
in the example: “Is it on the left?”” might be followed
by a clarifying question, “Is it on the left side of the
image?” to specify the context.

(E) The question for confirmation, in case
the object has already been narrowed down

This questioning style is utilized when the answers
so far have no detected errors or contradictions. It
aims to reaffirm the accuracy and certainty of the
information provided by the respondent, ensuring
a solid and shared understanding of the discussed
object or situation.

(F) Others.

Table 9: Question intentions and detail description.
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Recovery cases

Description of question intentions

: Is it a vehicle?
: Is it a four-wheeled vehicle?

: Is it white?

: Is it in the center of the image?

Al:
A2:
A3:

: Does it have a load on the roof? A4:

AS:

Yes.
Yes.
Yes.

No.

No.

Target object: No. 5, 1st prediction object: No. 6, Repair prediction object:

Ql: Isit

: Is that a motorcycle?
: Is it green?

: Is it fenced?

Q2: Is it a person wearing glasses?
- Q3: Is the person lying down?
Q4: Is the person on the bed?

A6:
AT:
AS8:

? Al:

No.
No.

Yes.

No.5 v

No.

A2: Yes.

A3: Yes.

A4: Yes.

QS5: Is the person wearing headphones? AS5:

No.

Q6: Is it on the left side of the screen?
Target object: No. 6, 1st prediction object: No. 5, Repair prediction object:

: Is that the character you see
on the screen?

: Is it an electronic device?

: Is it on a desk?

: Is it the monitor in the center of

A6: Yes.

Al:

A2:
A3:
A4:

No.6 v

: Is it on the right side of the image? A5: No.

No.

Yes.
Yes.
Yes.

: Is it the monitor on the left side of A6: Yes.
the image?

Target object: No. 4, 1st prediction object: No. 6, Repair prediction object: No. 4 v

Q1: Is it in the kitchen?
Q2: Does it use water?

! Q3: Is it used for cooking?
Q4: Does it use heat?

Q5: Is it an oven?

: Yes.
: No.
: Yes.
: Yes.
: No.

screen?

Target object: No. 7, 1st prediction object: No. 6, Repair prediction object:

Q6: It on the right side of the A6:

Yes.

No.7v

Q6: (F) In the dialogue, I noticed
errors or contradictions in the
answers and, while trusting the
question “Is it a vehicle?” with
the response “Yes,” restarted the
discussion about other topics to
explore the possibility of other
objects.

Q7: (C)

Q38: (A)

Q6: (F) Since it was uncertain
whether the baby was wearing
glasses, I asked additional ques-
tions to make sure.

Q6: (F) Questions to notice mis-
takes or inconsistencies in the an-
swers during the dialogue and to
narrow the object based on them.

Q6: (F) Questions that narrow
down objects based on noticing
errors or contradictions in re-
sponses during a conversation.

Table 10: The samples and the description where a human selected the question type (F).



