





[ [ Decided games [ Allgames |
DM + Change — Change No Change Total Total
Fewer | More | Fewer | More | Fewer | More | Fewer | More || Fewer | More
DM1 1.77 3.46 2.64 3.79 22.58 | 50.35 | 26.99 57.6 22.63 | 64.43
DM2 | 25.01 0.16 13.98 0.81 56.18 3.67 95.17 4.64 14.83 | 85.14

Table 4: Games played by DM with MaxQ=10, and the baseline with 5 fixed questions. Percentages
of games (among all games and only decided games) where the DM models ask either fewer or more
questions than the baseline. For the decided games, percentages of games where asking fewer/more
questions helps (+ Change), hurts (— Change) or does not have an impact on task success w.r.t. the
baseline result (No Change).

Figure 4: Examples where our model achieves task success by asking fewer or more questions than the
baseline. Answers in red highlight Oracle errors. QGen often produces repeated or incoherent questions.

(56.18%) or even improves on the baseline results (25.01%). The latter shows that DM2 is able to reduce
the number of unnecessary questions, as illustrated in Figure 1. On the other hand, DM1 does not seem
to reduce the number of unnecessary questions in a significant way.

6.3 Discussion

Our analyses show that using a decision making component produces dialogues with fewer repeated
questions and can reduce the number of unnecessary questions, thus potentially leading to more efficient
and less unnatural interactions. Indeed, for some games not correctly resolved by the baseline system, our
model is able to guess the right target object by asking fewer questions. DM2 is substantially better at this
than DM1 (25.01% vs. 1.77% of decided games; see Table 4). By being restricted to a fixed number of
questions, the baseline system often introduces noise or apparently forgets about important information
that was obtained with the initial questions. Thanks to the DM component, our model can decide to stop
the dialogue once there is enough information and make a guess at an earlier time, thus avoiding possible
noise introduced by Oracle errors, as illustrated in Figure 4 (left). Qualitative error analysis, however,
also shows cases where the DM makes a premature decision to stop asking questions before obtaining
enough information. Yet in other occasions, the DM seems to have made a sensible decision, but the
inaccuracy of the Oracle or the Guesser components lead to task failure. Further examples are available
in Appendix D.

In some games with complex images, the information obtained with 5 questions (as asked by the
baseline) is not enough to resolve the target. The flexibility introduced by the DM allows our model
to reach task success by asking additional questions. Figure 4 (right) gives an example. Furthermore,
if noise has been introduced at earlier stages of the dialogue, asking further questions can increase the
chance to recover relevant information. However, we also observe that in some games correctly guessed



by the baseline system, asking more questions leads to failure since it opens the door to getting wrong
information from the Oracle.

In the current analyses, we have not studied the behaviour of our DM models when using ground truth
data instead of the noisy automatic output produced by the other modules. In part, this is motivated by
our long-term goal of developing fully data-driven multimodal conversational agents that can be trained
end-to-end. We leave for future work carrying out a proper ablation study that analyses the impact of
using ground truth vs. automatic data on the DM component.

7 Conclusion

Research on dialogue systems within the Computational Linguistics community has shown the impor-
tance of equipping such systems with dialogue management capabilities. Computer Vision researchers
have launched the intriguing Visual Dialogue challenge mostly focusing on comparing strong machine
learning paradigms on task accuracy, and largely ignoring the aforementioned line of research on di-
alogue systems. Our goal is to explore how data-driven conversational agents, modelled by neural
networks without additional annotations usually exploited by traditional dialogue systems, can profit
from a dialogue management module. The present work is a first step towards this long-standing goal.
We have taken the GuessWhat?! task as our testbed, since it provides a simple setting with elementary
question-answer sequences and is task-oriented, which opens the door to using an unsupervised approach
in the future. We have focused on augmenting the Questioner agent of the GuessWhat?! baseline, which
consists of a Question Generator and a Guesser module, with a decision making component (DM) that
determines after each question-answer pair whether the Question Generator should ask another question
or whether the Guesser should guess the target object. The solution we propose is technically simple, and
we believe promising and more cognitive principled than, for example, including a st op token as Strub
et al. (2017). We show that incorporating a decision making component does lead to less unnatural di-
alogues. It remains to be seen whether a hybrid DM module that exploits the dialogue encodings of
both the Question Generator and the Guesser modules could bring further qualitative and quantitative
improvements.
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Appendix A: Details of GuessWhat?! Dataset and Experimental Setup

Dataset. The GuessWhat?! dataset contains 77,973 images with 609,543 objects and around 155K
human-human dialogues. The dialogues contain around 821K question/answer pairs composed out of
4900 words (counting only words that occur at least 3) on 66,537 unique images and 134,073 target
objects. Answers are Yes (52.2%), No (45.6%) and NA (not applicable, 2.2%); dialogues contain on
average 5.2 questions and there are on average 2.3 dialogues per image. There are successful (84.6%),
unsuccessful (8.4%) and not completed (7.0%) dialogues.

Games and Experimental Setting. In the baseline model, games consist of 5 turns each consisting
of question/answer pairs asked by QGen and answered by the Oracle. The QGen module stops asking
questions after having received the answer to the 5th question. It is then the turn of the Guesser.

All the modules are trained independently using Ground Truth data. For the visual features, ‘fc8’ of the
VGG-16 network is used. Before visual feature calculation, all images are resized to 224X224. For each
object, the module receives the representation of the object category, viz., a dense category embedding
obtained from its one-hot class vector using a learned look-up table, and its spatial representation, viz.,
an 8-dimensional vector. The dialogue is encoded using variable length LSTM with 512 hidden size
for Guesser and Oracle and 1024 hidden size for QGen. The LSTM, object category/word look-up
tables and MLP parameters are optimized while training by minimizing the negative log-likelihood of the
correct answer using ADAM optimizer with learning rate 0.001 for Guesser and Oracle. For QGen, the
conditional log-likelihood is maximized based on the next question given the image and dialogue history.
All the parameters are tuned on the validation set, training is stopped when there is no improvement in
the validation loss for 5 consecutive epochs and best epoch is taken.
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Appendix B: Analysis Regarding Image Complexity

Distribution of image complexity measures. Figure 5 shows the image distribution across the train,
validation and test sets with respect to the image complexity measures, namely (a) the number of in-
stances of the target object, (b) the number of objects, and (c) the percentage of target object area with
respect to the overall image. We can see that the distribution with respect to these measures is very similar
in the three sets. Figure 6 provides human performance based on the different image complexity mea-
sures. Human performance is similar to the model performance. While human accuracy is comparatively
high, it also decreases when the image complexity increases.
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Figure 5: Image distribution with respect to the image complexity measures in the different dataset splits.
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Figure 6: Human accuracy distribution with respect to the image complexity features.

Image complexity measures as predictors in the logistic regression models. Figures 7 and 8 show
plots of the image complexity measures in successful vs. unsuccessful games, for all games played by
DMI1 and DM2. As already noted in Section 6.1, fewer instances of the target object, fewer objects, and
larger area of the target object correspond to higher chance of the game being successful, similarly to
what we had noticed for humans. We observe the same trend when we restrict the analysis to decided
games only, as shown in Figures 9 and 10 for DM1 and DM2, respectively

Figures 11 and 12 compare decided vs. undecided games played by the two DMs. In this case, we
observe a difference: DM1 seems to exploit the image complexity measures in a way similar to humans,
as noted earlier. DM2, however, decides more often when there are more instances of the target object
and when the number of objects in the image is higher. Why this is the case remains unclear.
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Figure 7: Effect of image complexity measures on successful vs. unsuccessful games played by DM1.
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Figure 8: Effect of image complexity measures on successful vs. unsuccessful games played by DM2.
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Figure 9: Effect of image complexity measures on successful vs. unsuccessful decided games by DMI1.
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Figure 10: Effect of image complexity measures on successful vs. unsuccessful decided games by DM2.
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Figure 11: Effect of image complexity measures on decided vs. undecided games played by DM1.
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Figure 12: Effect of image complexity measures on decided vs. undecided games played by DM?2.

Appendix C: Repeated Questions

To automatically find the repeated questions in a generated game (see Section 6.2), we have used full
string matching, i.e., a question is considered a repetition only when there is another question in the
same game having exactly the same words. We have considered repetitions for three types of questions,
namely, questions about Object type, Attributes, and Spatial location. Keyword matching is used to
decide the type of question that is repetition. For instance, a repeated question is of Object type if
it contains keywords such as ‘dog’, ‘cat’, etc. These keywords are created using MS-COCO object
categories and super-categories, plus the following manually curated list: [man, woman, girl, boy, table,
meter, bear, cell, phone, wine, glass, racket, baseball, glove, hydrant, drier, kite].

Appendix D: Example Dialogues

We provide some more examples of successful and unsuccessful games.
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(1.) Isit a person?

(2.) Is it the girl?

(3.) Is she in the background?
(4.) Is she in the background?
(5.) Is she wearing a white shirt? No (Baseline)(Fail)

Yes
Yes (DM2) (Success)
No
No

(1.) Is it a bike?
(2.)Isitacar?

(3.) Is it a bike?

(4.) Isit a person?

(5.) Is it in the background?
(6.) Is it in the left side?

Yes
Yes (Baseline) (Fail)
Yes (DM1) (Success)

(1.) Isit a person? Yes
(2.) Is it in the foreground? No
(3.) the road? No
(4.) Is it in the foreground? No

(5.) Isit in the background?
(6.) the left side?

Yes (Baseline) (Fail)
Yes (DM2) (Success)

Figure 13: Successful games where the DM decides to ask more/fewer questions compared to the Base-
line. Some of the target objects are very small and by allowing to agent to ask extra questions about the
spatial location, the Guesser manages to correctly guess the target object.

(1.) is it a person?

(2.) in the foreground ?
(3.) is it the person in the foreground? No (DM1) (Fail)
(4.) is it the person in the foreground? No

(Repetitive Question)
(5.) is it the person in the background? Yes (Success)

Yes
Yes (Oracle Error)

(1.) is it a person?
(2.)is it a male?

Yes
Yes

(3.) is he wearing a blue shirt? Yes (Oracle Error)
(4.) is he wearing a blue shirt? Yes DM1 (Fail)

(Oracle Error)(Repetitive Question)

(5.) is he wearing a black shirt? Yes (Baseline)

(Success)

(1.)is it a person? No

(2.) is it on the table? Yes

(3.) is it on the table? Yes (DM1)  (Fail)
(Repetitive Question)

(4.) Is it the cake? Yes

(5.) Is it the cake? No (Baseline) (Success)

(Repetitive Question)

Figure 14: Unsuccessful games played by DM1, where the system decides to stop asking earlier than
the baseline. These failures seem to occur due to the problems by QGen (which generates repeated
questions) or the Oracle (which provides a wrong answer).

(1.)is it a person?
(2.) in the foreground?
(3.) the picture?

(4.) is it the left?
(5.) Is it the right?

Yes
Yes
Yes

(DM2)  (Fail)

(Oracle Error)

No

Yes (Baseline) (Success)

(1.) is it a person?
(2.) is it a vehicle?
(3.) on the right?

(4.) is it the bus?
(5.) is it the fire truck?

No

Yes

Yes (DM2)
(Oracle Error)
Yes

No (Baseline) (Success)

(Fail)

Figure 15: Unsuccessful games played by DM2, where the system decides to stop asking earlier than the
baseline. DM2 seems to be overconfident. Again, failures are often affected by Oracle errors.
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