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Abstract. We focus on visually grounded dialogue history encoding.
We show that GuessWhat?! can be used as a “diagnostic” dataset to
understand whether State-of-the-Art encoders manage to capture salient
information in the dialogue history. We compare models across several
dimensions: the architecture (Recurrent Neural Networks vs. Transform-
ers), the input modalities (only language vs. language and vision), and
the model background knowledge (trained from scratch vs. pre-trained
and then fine-tuned on the downstream task). We show that pre-trained
Transformers, RoOBERTa and LXMERT, are able to identify the most
salient information independently of the order in which the dialogue his-
tory is processed. Moreover, we find that RoOBERTa handles the dialogue
structure to some extent; instead LXMERT can effectively ground short
dialogues, but it fails in processing longer dialogues having a more com-
plex structure.

Keywords: Visual Dialogue *+ Language and vision - History encoding

1 Introduction

Visual Dialogue tasks have a long tradition (e.g. [1]). Recently, several dialogue
tasks have been proposed as referential guessing games in which an agent asks
questions about an image to another agent and the referent they have been
speaking about has to be guessed at the end of the game [4,7,8,10,31,33]. Among
these games, GuessWhat?! and GuessWhich [4,33] are asymmetrical — the roles
are fixed: one player asks questions (the Questioner) and the other (the Oracle)
answers. The game is considered successful if the Guesser, which can be the
Questioner itself or a third player, selects the correct target.
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Questioner Oracle

1. Is it on a wooden surface? Yes

2. Is it red? No
3. Is it white? No
4. Is it a scissor? Yes

5. Is it the scissor on
the left of the picture? Yes

Fig.1. GuessWhat?! human dialogues are short and with a clear division of roles
between players; most of the last questions are answered positively, are long, and con-
tain details suitable to guess the target object.

Most Visual Dialogue systems proposed in the literature share the encoder-
decoder architecture [29] and are evaluated using the task-success of the Guesser.
By using this metric, multiple components are evaluated at once: the ability of
the Questioner to ask informative questions, of the Oracle to answer them, of the
Encoder to produce a visually grounded representation of the dialogue history
and of the Guesser to select the most probable target object given the image
and the dialogue history.

In this paper, we disentangle the compressed task-success evaluation and
focus on the ability of the Encoder to produce a dialogue hidden state repre-
sentation that encodes the information necessary for the Guesser to select the
target object. Hence, we use the dialogue history generated by humans playing
the referential game so to be sure of the quality of the questions and of the
answers. We run our analysis on GuessWhat?! since, as illustrated in Fig. 1, its
dialogues are quite simple: a sequence of short questions answered by Yes or No
containing on average 30.1 (£17.6) tokens per dialogue. The simplicity of the
dialogue structure makes the dataset suitable to be used as a diagnostic dataset.

In [23], the authors have shown that neural models are not sensitive to the
order of turns in dialogues and conclude they do not use the history effectively. In
GuessWhat?! dialogues the order in which questions have been asked is not cru-
cial: we would be able to guess the target object even if the question-answer pairs
in Fig. 1 were provided in the reversed order. Indeed, we are able to use salient
information independently of the turns where it occurs. We wonder whether the
same holds for neural models trained to solve the GuessWhat?! task. As the
example in the figure shows, the last question humans ask is usually quite rich
in detail about the target object and is answered positively. We exploit these
features of the dataset to run our in-depth analysis.

We compare encoders with respect to the architecture (Recurrent Neural
Networks vs. Transformers), the input modalities (only language vs. language
and vision), and the model background knowledge (trained from scratch vs. pre-
trained and then fine-tuned on the downstream task). Our analysis shows that:
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— the GuessWhat?! dataset can be used as a diagnostic dataset to scrutinize
models’ performance: dialogue length mirrors the level of difficulty of the
game; most questions in the last turn are answered positively and are longer
than earlier ones;

— Trasformers are less sensitive than Recurrent Neural Network based models
to ther order in which QA pairs are provided;

— pre-trained Transformers, RoOBERTa and LXMERT, detect salient informa-
tion, within the dialogue history, independently of the position in which it is
provided;

— LXMERT outperforms RoBERTa on shorter dialogues, but it struggles in
processing longer ones where the dialogue structure plays a major role.

2 Related Work

Scrutinizing Visual Dialogues Encoding. Interesting exploratory analysis has
been carried out to understand Visual Question Answering (VQA) systems and
highlight their weaknesses and strengths, e.g. [11,12,25,28]. Less is known about
how well grounded conversational models encode the dialogue history.

In [23], the authors study how neural dialogue models encode the dialogue
history when generating the next utterance. They show that neither recurrent
nor transformer based architectures are sensitive to perturbations in the dialogue
history and that Transformers are less sensitive than recurrent models to pertur-
bations that scramble the conversational structure; furthermore, their findings
suggest that models enhanced with attention mechanisms use more information
from the dialogue history than their vanilla counterpart. We take inspiration
from this study to understand how State-Of-The-Art (SOTA) models encode
the visually grounded dialogues generated by humans while playing the Guess-
What?! game.

In [13], the authors show that in many reading comprehension datasets, that
presumably require the combination of both questions and passages to predict
the correct answer, models can achieve quite a good accuracy by using only part
of the information provided. We investigate the role of each turn in GuessWhat?!
human dialogues and to what extent models encode the strategy seen during
training.

SOTA LSTM Based Models on GuessWhat?! After the introduction of the
supervised baseline model [33], several models have been proposed to play the
GuessWhat?! game. They exploit either some form of reinforcement learning
[6,21,22,34-37] or cooperative learning [21,26]; in both cases, the model is
first trained with the supervised learning regime and then the new paradigm
is applied. This two-step process has been shown to reach higher task success
than the supervised approach when the Questioner and Oracle models are put
to play together. Since our focus is on the Guesser and we are evaluating it on
human dialogues, we will compare models that have undergone only the super-
vised training step. We compare these recurrent models (based on LSTMs [24])
against models based on Transformers [32].
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Transformer Based Models. [32] showed the power of the attention mechanisms
at the core of Transformers. The last years have seen an increasing popularity of
these models trained on several tasks to reach task-agnostic multimodal represen-
tations [2,14,17,20,27,30]. VILBERT [17] has been recently extended by means
of multi-task training involving 12 datasets which include GuessWhat?! [18] and
has been fine-tuned to play the Answerer of VisDial [19]. Among these universal
multimodal models, we choose LXMERT [30]. [3] propose methods for directly
analyzing the attention heads aiming to understand whether they specialize in
some specific foundational aspect (like syntactic relations) functional to the over-
all success of the model. We take inspiration from their work to shed light on
how Transformers, that we adapt to play GuessWhat?!, encode the dialogues.

3 Dataset

The GuessWhat?! dataset was collected via Amazon Mechanical Turk by [33].
It is an asymmetric game involving two human participants who see a real-
world image taken from the MS-COCO dataset [15]. One of the participants
(the Oracle) is assigned a target object in the image and the other participant
(the Questioner) has to guess it by asking Yes/No questions to the Oracle. There
are no time constraints to play the game.

The dataset contains 155K English dialogues about approximately 66K dif-
ferent images. The answers are respectively 52.2% No, 45.6% Yes, and 2.2% N/A
(not applicable); the training set contains 108K datapoints and the validation
and test sets 23K each. Dialogues contain on average 5.1 (+3.3) question-answer
(QA) pairs and the vocabulary consists of around 4900 words; each game has at
least 3 and at most 20 candidates. We evaluate models using human dialogues,
selecting only the games on which humans have succeed finding the target and
contain at most 10 turns (total number of dialogues used: 90K in training and
around 18K both in validation and testing).

We run a careful analysis of the dataset aiming to find features useful to
better understand the performance of models. Although the overall number of
Yes/No answers is balanced, the shorter the dialogues, the higher the percentage
of Yes answers is: it goes from the 75% in dialogues with 2 turns to the 50%
in the 5 turn cluster to the 35% in the 10 turn cluster. Interestingly, most of
the questions in the last turns obtain a positive answer and these questions are
on average longer than earlier ones (see Fig.1 for an example). A model that
encodes these questions well has almost all the information to guess the target
object without actually using the full dialogue history. Not all games are equally
difficult: in shorter dialogues the area of the target object is bigger than the
one of target objects in longer dialogues, and their target object is quite often
a “person” — the most common target in the dataset; moreover, the number of
distractors in longer dialogues is much higher. Hence, the length of a dialogue is
a good proxy of the level of difficulty of the game. Figure 2 reports the statistics
of the training set; similar ones characterize the validation and the test sets.

The length of the dialogue is a good proxy of the level of difficulty of the game.
Figure 3 shows that longer dialogues contain more distractors and in particular
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Fig. 2. Statistics of the training set (the validation and test sets have similar distribu-
tions). Dialogue length refers to the number of turns. Up: The distribution of Yes/No
questions is very unbalanced across the clusters of games (the percentage of Yes answers
is much higher in shorter dialogues); Middle In the large majority of games, the last
question is answered positively; Bottom: The last questions are always longer (length
of questions per turn for the clusters with dialogues having 3, 5, and 8 turns).
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more distractors of the same category of the target object; the latter are supposed
to be especially challenging for the models, because the usual architecture of
the Guesser receives the category and the coordinates of each candidate object.
Moreover, the area occupied by target objects is smaller in longer dialogues
and the most representative category among target objects (“person”) is less
frequent. Finally, longer dialogues contain more words which occur rarely in the
training set (i.e., words appearing less than 15 times in the training set). We will
exploit these features of the dataset to scrutinize the behaviour of models.

avg # distractors same category M avg # distractors B % of rare words
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Human dialogue length

B frequency 'person' target M % target area
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Human dialogue length
Fig. 3. Up: longer human dialogues contain more distractors and more distractors of

the same category of the target object, and more rare words; Down: The distribution
of target objects is unbalanced, since “person” is the most frequent target.

4 Models

All the evaluated models share the skeleton as illustrated in Fig.4: an encoder
paired with a Guesser. For the latter, all models use the module proposed in [33].
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Guesser
pos Hfood

[bottle pos H cat pos ‘

Encoder

History
Is it the cat? No
Is it the bottle? No
Is it the pc? Yes

Hidden
dialogue state

Fig. 4. Shared Encoder-Guesser skeleton. The Guesser receives the category labels
(e.g., “bottle”) and the spatial coordinates (pos) of each candidate object. Multimodal
encoders receive both the image and the dialogue history, whereas blind models receive
only the latter.

Candidate objects are represented by the embeddings obtained via a Multi-
Layer Perceptron (MLP) starting from the category and spatial coordinates of
each candidate object. The representations so obtained are used to compute dot
products with the hidden dialogue state produced by an encoder. The scores of
each candidate object are given to a softmax classifier to choose the object with
the highest probability. The Guesser is trained in a supervised learning paradigm,
receiving the complete human dialogue history at once. The models we compare
differ in how the hidden dialogue state is computed. We compare LSTM wvs.
Transformers when receiving only the language input (henceforth, Blind models)
or both the language and the visual input (henceforth, Multimodal models).

4.1 Language-Only Encoders

LSTM. As in [33], the representations of the candidates are fused with the last
hidden state obtained by an LSTM which processes only the dialogue history.

RoBERTa. In the architecture of the model described above, we replace the
LSTM with the robustly-optimized version of BERT [5], RoBERTa, a SOTA
universal transformer based encoder introduced in [16].! We use RoBERTagase
which has been pre-trained on 16GB of English text trained for 500K steps
to perform masked language modeling. It has 12 self-attention layers with 12
heads each. It uses three special tokens, namely CLS, which is taken to be the
representation of the given sequence, SEP, which separates sequences, and EOS,
which denotes the end of the input. We give the output corresponding to the CLS

! We have also tried BERT, but we obtained higher accuracy with RoBERTa.
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token to a linear layer and a tanh activation function to obtain the hidden state
which is given to the Guesser. To study the impact of the pre-training phase, we
have compared the publicly available pre-trained model, which we fine-tuned on
GuessWhat?! (RoBERTa), against its counterpart trained from scratch only
on the game (RoBERTa-S).

4.2 Multimodal Encoders

V-LSTM. We enhance the LSTM model described above with the visual modal-
ity by concatenating the linguistic and visual representation and scaling its result
with an MLP; the result is passed through a linear layer and a tanh activation
function to obtain the hidden state which is used as input for the Guesser mod-
ules. We use a frozen ResNet-152 pre-trained on ImageNet [9] to extract the
visual vectors.

LXMERT. To evaluate the performance of a universal multimodal encoder,
we employ LXMERT (Learning Cross-Modality Encoder Representations from
Transformers) [30]. It represents an image by the set of position-aware object
embeddings for the 36 most salient regions detected by a Faster R-CNN and
it processes the text input by position-aware randomly-initialized word embed-
dings. Both the visual and linguistic representations are processed by a special-
ized transformer encoder based on self-attention layers; their outputs are then
processed by a cross-modality encoder that through a cross-attention mechanism
generates representations of the single modality (language and visual output)
enhanced with the other modality as well as their joint representation (cross-
modality output). As RoBERTa, LXMERT uses the special tokens CLS and
SEP. Differently from RoBERTa, LXMERT uses the special token SEP both to
separate sequences and to denote the end of the textual input. LXMERT has
been pre-trained on five tasks.? It has 19 attention layers: 9 and 5 self-attention
layers in the language and visual encoders, respectively and 5 cross-attention
layers. We process the output corresponding to the CLS token as in RoBERTa.
Similarly, we consider both the pre-trained version (LXMERT) and the one
trained from scratch (LXMERT-S).

5 Experiments

We compare the models described above using human dialogues aiming to shed
lights on how the encoders capture the information that is salient to guess the
target object.

2 Masked cross-modality language modeling, masked object prediction via Rol-feature
regression, masked object prediction via detected-label classification, cross-modality
matching, and image question answering.
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5.1 Task Success

As we can see in Table 1, the pre-trained Transformers LXMERT and RoBERTa
obtain the highest results, with the multimodal model scoring slightely higher
(69.2 vs. 67.9).% The high accuracy obtained by RoBERTa shows that the dia-
logue history per se is quite informative to select the right target object. If we
go back to the example in Fig. 1, we realize it is possible to succeed in that game
if we are given the dialogue only and are asked to select the target object (the
scissor on the left) among candidates for which we are told the category and the
coordinates — as it is the case for the Guesser.

The comparison between the pre-trained version of these models with
their from-scratch counterparts highligths the role of the pre-training in lan-
guage understanding (RoBERTa vs. RoBERTa-S) and in language grounding
(LXMERT vs. LXMERT-S). To better understand the difference between the
models, Table 1 reports also the accuracy by clusters of games based on the dia-
logue length. Quite interesting LXMERT performes very well on short dialogues:
it reaches 80.5% accuracy on 3-turn dialogues, but it has a rather big drop when
dialogues get longer. The difference between LXMERT and LXMERT-S is min-
imal for the 8-turn cluster. Instead, RoBERTa is less affected by the length of
the dialogues. This difference between the two pre-trained transformers suggests
that LXMERT is good in exploiting language grounding when the dialogue (and
maybe also the image) is not too complex, while ROBERTa can handle the dia-
logue structure to some extent.

Table 1. Model comparison on the accuracy results for all games, and for those of
3/5/8 dialogue length.

LSTM | RoBERTa-S | RoBERTa | V-LSTM | LXMERT-S | LXMERT
All|64.7 |64.2 67.9 64.5 64.4 69.2
3 |72.5 2.7 75.3 71.9 2.7 80.5
59.3 58.3 60.1 59.3 58.9 63.1
8 473 451 51.0 47.2 46.1 45.0

In the following, we are running an in-depth analysis to understand whether
models are able to identify salient information indipendently of the position in
which they occur.

5.2 Are Models Sensitive to the Strategy Seen During Training?

In Sect. 3, we have seen that human dialogues tend to share a specific strategy,
i.e. questions that are asked in first turns are rather short whereas those in

3 The model proposed in [18] based on VILBERT obtains an accuracy on GuessWhat?!
with human dialogues of 65.04% when trained together with the other 11 tasks and
62.81% when trained only on it.
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the last turns provide relevant details about the most probable target object.
We wonder whether the models under analysis become sensitive to the above-
mentioned strategy and learn to focus on some turns more than others rather
than on the actual salient QA pair.

Insipired by [23], we perturb the dialogue history in the test set by reversing
the order of turns from the last to the first one. Differently from them, given
the nature of the GuessWhat?! dialogue history, we value positively models that
are robust to this change in the dialogue history order. In the following, we refer
to the dialogues provided in the order asked by humans as Ground Truth (GT)
and to the dialogues provided in the reverse order as Reversed.

Our experiment (Table2) shows that Transformers are less sensitive than
LSTMs to the order in which QA pairs are provided. Interestingly, the pre-
training phase seems to mitigate the effect of the change of the order even more.
Indeed, RoBERTa has a drop of just —1.4, whereas the accuracy of its from-
scratch counterpart drops of —6.4. The difference is even more noticeable in
the case of LXMERT: while LXMERT has a drop of 4.1, the accuracy of its
from-scratch counterpart drops of —6.6. In other words, (pre-trained) Trans-
formers seem to be able to identify salient information independently
of the position in which it is provided within the dialogue history.

Table 2. Accuracy obtained on the test set containing dialogues in the Ground Truth
order (GT) vs. the reversed order (Reversed).

GT | Reversed
BrinDp | LSTM 64.7 | 56.0
RoBERTa-S | 64.2 | 57.8
RoBERTa |67.9]66.5
MM | V-LSTM 64.5 | 51.3
LXMERT-S | 64.4 | 57.8
LXMERT |69.265.1

5.3 The Role of the Last Question

Table 3 reports the results of the models when receiving all the turns of the
dialogue history, when receiving the dialogue history without the last turn, and
when receiving only the last turn. As we can see all models undergo a rather
big drop in accuracy when removing the last question. It is worth noting that
RoBERTa outperforms other models when removing the last turn, confirming
that RoBERTa is able to better encode the full dialogue history and not only
parts of it. This holds for different dialogue lengths as shown in the Table.
Interestingly, LXMERT performs quite well in short dialogues also when given
only the last question: it reaches already 68.6% in the 3-turn cluster, namely +7.6
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than RoBERTa. Instead, with longer dialogues it does not manage to exploit the
last question so well reaching an accuracy closer to RoOBERTa’s (32.3 vs. 30.1).
By comparing the accuracy of each model when receiving only the last turn and
when receiving all turns except the last one, we can notice an interesting pattern:
whereas in short dialogues models obtain a rather high accuracy when receiving
either only the last question or only the previous turns, they are able to profit
of the last turn much less in longer dialogues. This could be due to the fact that
in short dialogues the last question describes the target object without relying
on too many information stated far away on previous turns.

Table 3. Accuracy of the models when receiving all turns of the dialogue history
and when removing the last turn (W/o last) or receiving only the last turn (Last) for
dialogues with 3, 5, and 8 turns.

Model 3-Q 5-Q 8-Q

All | W/o last | Last | All | W/o last | Last | All | W/o last | Last
LSTM 72.5|53.4 56.9 |59.3|46.8 39.3 |47.3|38.4 26.7
RoBERTa-S | 72.7 | 55.4 55.3 |58.3]44.9 37.4 145.0 | 38.9 27.6
RoBERTa 75.3 | 58.2 61.0 |60.1|49.3 39.4 | 51.0 | 42.0 30.1
V-LSTM 71.9|53.8 53.0 |59.3 |43.7 34.0 1 47.2|36.5 21.9
LXMERT-S | 72.7 | 55.4 56.7 | 58.9]46.9 38.7 |46.1 | 39.7 28.8
LXMERT 80.5 | 56.8 68.6 | 63.1 | 47.7 46.0 | 45.0 | 37.7 32.3

5.4 How Attention Is Distributed Across Turns

So far we have seen that the last turn is usually answered positively (Sect. 3 and
that it is quite informative to detect the target object (Sect.5.1). We wonder
whether this is reflected on how models distribute their attention across turns
within a dialogue. To this end, we analyze how much each turn contributes to
the overall self-attention within a dialogue by summing the attention of each
token within a turn. We run this analysis for LXMERT and RoBERTa in their
various versions: all models put more attention on the last turn when the
GT order of turns is given.

In Table 2, we have seen that Transformers are more robust than the other
models when the dialogue history is presented in the reversed order (the first
QA pair of the GT is presented as the last turn and the last QA pair is presented
as first turn). Our analysis of the attention heads of RoOBERTa and LXMERT
shows that these models, both in their from scratch and pre-trained version,
focus more on the question asked last also in the reversed test set where it is
presented in the first position. This shows they are still able to identify the most
salient information. In Fig.5, we report the attention per turn of LXMERT-S
when receiving the GT and the reversed test set in 5-turn dialogues.
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B LXMERT-S GT LXMERT-S reversed

CLS QA1 QA2 QA3 QA4 QA5
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0.04

Fig. 5. Attention assigned by LXMERT-S to each turn in a dialogue when the dialogue
history is given in the GT order (from QA1l to QA5) or in the reversed order (from
QA5 to QAL).

5.5 Qualitative Evaluation

The quantitative analysis reported so far shows that the pre-trained transform-
ers, LXMERT and RoBERTa, overall have a similar performance, but that
LXMERT is much better in exploiting the last question in short dialogues and
fails encoding the information provided by long dialogues. RoOBERTas instead is
affected less by the dialogue length and takes less adventage of the informative
question asked in the last turn by humans. In order to gain a deeper under-
standing about the differences between these two models, we analyzed games
which are solved successfully by RoBERTa and not by LXMERT and vice-versa.
Dialogues solved by RoBERTa and not by LXMERT have a mean length of 5.5
(£2.3), whereas dialogues belonging to the opposite case have a mean length
of 4.5 (£2.0). This confirms the hypothesis that RoOBERTa encodes longer dia-
logues better than LXMERT. The qualitative analysis shows that LXMERT has
an advantage when dealing with shorter dialogues that require to rely on vision.
In Fig. 6, we show two examples of dialogues one which has been solved by
LXMERT and not by RoBERTa (left) and on solved by RoBERTa but not by
LXMERT (right). In the dialogue on the left, the model needs to ground the
question “Is he wearing blue?” in the image to properly process it. LXMERT
succeeds in this game. This suggests that though the Guesser does not see the
candidate visual representation it manages to profit of the language grounding
ability of the encoder. In the dialogue on the right, the model needs to prop-
erly solve the anaphora in the last question “Is it in the back?” connecting the
pronoun to the “car” mentioned in the second turn. LXMERT fails establishing
such connection whereas RoBERTa seems to succeed in solving the anaphora.

5.6 Details for Reproducibility

In our experiments, we used the GuessWhat?! dataset (http://guesswhat.ai/
download). The dataset contains 155000 English dialogues about approximately
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Questioner Oracle
1. Is it a sign? No
Questioner Oracle 2 Is it a car? Yes
1. Is it a person? Yes 3. Is it white? No
2. Is he in the foreground? No 4. 1s it in the middle? No
3. Is he wearing blue? Yes 5. Is it in the back?  Yes

Fig.6. A game solved successfully by LXMERT and not by RoBERTa (left) and a
game solved by RoBERTa and not by LXMERT (right). (Color figure online)

66000 different images. The training split contains 108000 datapoints, the vali-
dation split 23000 datapoints, and the test split 23000 datapoints. We considered
only the dialogues corresponding to the games succeeded by humans and having
less or equal than 10 turns.

For training LSTM based models we adapted the source codes available
at https://github.com/shekharRavi/Beyond-Task-Success-NAACL2019 and at
https://github.com/GuessWhatGame/guesswhat/. For training transformer
based models we adapted the source code available at https://github.com/
huggingface/transformers. The scripts for all the experiments and the modi-
fied models will be made available upon acceptance. For all models, we used
the same hyperparameters of the original works. When adapting Transformers
to the GuessWhat?! task, we scaled the representation of the CLS token from
768 to 512. We used PyTorch 1.0.1 for all models except for LSTM, for which
we have used Tensorflow 1.3. All models are trained with Adam optimizer. For
transformer based models we used a batch size equal to 16, a weight decay equal
to 0.01, gradient clipping equal to 5, and a learning rate which is warmed up over
the first 10% iterations to a peak value of 0.00001 and then linearly decayed.

Regarding the infrastructure, we used 1 Titan V GPU. LSTM based models
took about 15h for completing 100 training epochs. Transformer based models
took about 4 days for completing 25 training epochs. Each experiment took
about 10 min to evaluate the best trained models.

Details on the best epoch, the validation accuracy, and the number of param-
eters of each model are reported in Table 4.
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Table 4. Epoch, validation accuracy, and number of parameters for best models.

Model Best epoch | Validation accuracy | Parameters
LSTM 19 65.6 5,030,144
RoBERTa 7 68.7 125,460,992
RoBERTa-S | 14 64.7 125,460,992
V-LSTM 9 65.2 10,952,818
LXMERT-S | 16 65.2 208,900,978
LXMERT |12 70.0 208,900,978

6 Conclusion

Our detailed analysis of the GuessWhat?! dataset has revealed features of its
games that we have exploited to run a diagnostic analysis of SOTA models.

Our comparative analysis has shown that Trasformers are less sensitive than
LSTMs to the order in which QA pairs are provided and that their pre-trained
versions are even stronger in detecting salient information, within the dialogue
history, independently of the position in which it is provided.

We also shown that RoBERTa is the encoder providing the Guesser with
the most informative representation of the dialogue history. Its advantage is
particularly strong in longer dialogues. On the other hand, LXMERT greatly
outperforms all the other models on 3-turn dialogues: indeed, it succeeds in pro-
viding the Guesser with a grounded representation of the dialogue history when
the latter consists of a few turns while it fails in doing so for longer dialogues.
All our models currently rely on categories to represent candidate objects in the
Guesser. It would be interesting to see how models would perform when they
have to rely on visual information rather than categories.
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