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Fig. 1. Our AI sketching agent Pixelor learns sketching strategies that lead to early sketch recognition. (a) In a competitive scenario, Pixelor and a human
player sketch a specified visual concept, while a judge (human or recognizer AI) attempts to recognize the concept. The competitor whose sketch is correctly
recognized first is the winner. Winning requires conveying as much as possible with few pixels/little ink. (b) Trained on human sketches, Pixelor is able to learn
multiple winning sketching strategies.
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We present the first competitive drawing agent Pixelor that exhibits human-

level performance at a Pictionary-like sketching game, where the participant

whose sketch is recognized first is a winner. Our AI agent can autonomously

sketch a given visual concept, and achieve a recognizable rendition as quickly

or faster than a human competitor. The key to victory for the agent’s goal

is to learn the optimal stroke sequencing strategies that generate the most

recognizable and distinguishable strokes first. Training Pixelor is done in two
steps. First, we infer the stroke order that maximizes early recognizability of

human training sketches. Second, this order is used to supervise the training

of a sequence-to-sequence stroke generator. Our key technical contributions

are a tractable search of the exponential space of orderings using neural

sorting; and an improved Seq2Seq Wasserstein (S2S-WAE) generator that

uses an optimal-transport loss to accommodate the multi-modal nature of the

optimal stroke distribution. Our analysis shows that Pixelor is better than the
human players of the Quick, Draw! game, under both AI and human judging

of early recognition. To analyze the impact of human competitors’ strategies,

we conducted a further human study with participants being given unlimited

thinking time and training in early recognizability by feedback from an AI

judge. The study shows that humans do gradually improve their strategies
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with training, but overall Pixelor still matches human performance. The code

and the dataset are available at http://sketchx.ai/pixelor.

CCS Concepts: • Computing methodologies → Search methodologies;
Machine learning algorithms; Image manipulation; Modeling and simulation.

Additional Key Words and Phrases: Sketch-generation, neural search, early

recognition, AI games, recurrent neural network
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1 INTRODUCTION
The majority of sketch research to date has focused on making sense

of existing human sketch data, including the problems of sketch

recognition [Eitz et al. 2012; Schneider and Tuytelaars 2014; Yu

et al. 2017], segmentation [Schneider and Tuytelaars 2016; Yang

et al. 2020], beautification [Bessmeltsev and Solomon 2019; Simo-

Serra et al. 2018] and 3D inference [Su et al. 2018; Xu et al. 2014].

Others have also explored the relationship between sketch and

photo via the practical application of sketch-based image retrieval

[Sangkloy et al. 2016; Yu et al. 2016]. Instead of just learning a

sketch-specific feature representation, these works aim to learn a

joint embedding between photo and sketch where retrieval can be

conducted. Sketches are the result of a dynamic drawing process –

they can be highly abstract and subject to individual drawing skill

variability – are thus distinctively different to photos: photos are

static and pixel-perfect visual representations.

While static sketch generation and stylization given a photo or

an image [Berger et al. 2013; Li et al. 2019; Liu et al. 2020] were

studied in vision and graphics communities for a long while, only

recently were we able to train machines to draw novel sketches [Ha

and Eck 2018]. This task is of fundamental importance to visual

understanding of sketches – the AI agent needs to mimic the actual

human drawing process stroke-by-stroke to produce a plausible

sketch, accommodating different style and abstraction levels (Fig-

ure 1). We aim to push the envelope further by introducing an agent

that not only can sketch like a human, but also does so with a stroke

sequence targeted at early recognizable rendition – just as a good

human Pictionary player would do!

In conventional Pictionary, a human player draws an object while

being continually evaluated by another human judge. The score in

the game depends on how quickly the judge guesses the player’s

intended object. To train an optimal drawing strategy, we need

a training set that is representative of strategies used by strong

players. We conduct a study on QuickDraw [Ha and Eck 2018], the

largest human sketch dataset to date. We found that albeit with

different styles and levels of abstraction, stroke drawing order is a

dominant factor in winning the game. For sketches drawn under

the time-pressured condition of QuickDraw data collection, human

stroke ordering is dramatically better than random: confirming the

existence and exploitation by participants of a mental model of

stroke informativeness. A key discovery is that the most common

ordering is not the optimal one needed to win a Pictionary game,

and moreover the few good winning Pictionary players exploit dis-
tinct stroke orderings. That is, the distribution of optimally ordered

sketches with an early recognition property is multi-modal (Figures

1b, 5 and 6).

We train Pixelor , our competitive sketching agent, with a two-

stage framework. The first stage inputs a given set of training

sketches with arbitrary sequential ordering and infers the stroke-
level ordering that maximizes early recognition for this train set,

which is typically better than the human ordering in the raw in-

put. To infer the target stroke ordering we exploit Sketch-a-Net

2.0 [Yu et al. 2017] to score the recognizability of a partial sketch.

An obvious strategy is to exhaustively evaluate all possible stroke

orders, however, such exhaustive search results in a computationally

intractable combinatorial search space. As a tractable optimization

strategy over strokes permutations, we leverage NeuralSort [Grover
et al. 2019], a continuous relaxation of a classical sorting algorithm

that allows backward flow of straight-through (ST) gradients [Ben-

gio et al. 2013]. Existing applications of differentiable sorting have

used hand-crafted losses [Cuturi et al. 2019; Grover et al. 2019],

instead we deploy it to optimize a learned perceptual loss [John-
son et al. 2016] in the form of Sketch-a-Net recognition accuracy.

Overall, this framework side-steps combinatorial search of stroke

ordering by learning a stroke scoring function, such that sorting

strokes by score achieves early recognition.

In the second stage, we use the optimal training set computed

above to train a Seq2SeqWasserstein autoencoder (S2S-WAE) sketch

generation agent. Classic stroke-based sketch generators [Ha and

Eck 2018] are based on the standard Kullback-Leibler (KL) diver-

gence loss widely used in variational autoencoders [Bowman et al.

2016; Kingma and Welling 2014]. Our contribution is to replace this

with an optimal transport induced loss [Tolstikhin et al. 2018]. This

design choice is necessitated by observations made in the afore-

mentioned human study – the stroke ordering maximizing early

recognition is inherently a multi-modal distribution that is better

captured using the Wasserstein autoencoder [Tolstikhin et al. 2018].

In addition, we use a Transformer encoder [Vaswani et al. 2017] in

order to capture better contextual information compared to bidirec-

tional LSTM in our sketch generator.

To evaluate Pixelor , we compare its generated sketches with those

from human participants in the Quick, Draw! game in terms of

early recognizability. We find that for both AI Sketch-a-Net and

human judging, Pixelor sketches are recognized earlier than the

Quick, Draw! sketches that form its training data – thus confirming

the impact of our stroke order learning. To understand the impact

of human sketching conditions on early recognition performance,

we conduct a new human study by collecting new sketches via a

custom-built on-line interface. In this study humans are instructed

to optimize their stroke order for early recognition and given on-

the-fly feedback on recognizability in the form of accuracy of the

AI classifier. Our analysis shows that with such training, humans

do gradually improve their performance in terms of early sketch

recognizability. Crucially, (and unlike in Quick, Draw!), humans

are given unlimited time to think about their sketch. We compare

AI and human sketches with pixel-level synchronization, without

penalizing clock time or physical drawing speed. The results show
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that Pixelor trained on old (but reordered) Quick, Draw! data still
matches human performance under these challenging conditions.

As an application of this work, we define a competitive AI-vs-

human sketching game termed Pixelary, where a human competes

with a pixel-synchronized Pixelor agent to draw an object that can

be recognized more quickly by an AI judge.

The main contributions of our work can be summarized as:

� We present Pixelor: The first competitive sketching agent

that produces novel renditions of a given concept with early

recognizability.

� We generate training data for Pixelor by solving for the stroke
order that maximizes early recognition. We formulate this

problem as an optimization over strokes permutations and
utilize a differentiable solver to learn a stroke scoring model

end-to-end. The trained model can be used to compute the

optimal order of any given sketch.

� Our sketching agent Pixelor is implemented by a Sequence-

to-Sequence Wasserstein Auto-Encoder with transformer-

encoder to handle the multi-modeal distribution of optimal

strategies present in the sketches of good Pictionary players.

� We conduct a comprehensive study using both automated

and human evaluation to demonstrate the efficacy of our

agent. The results show that Pixelor surpasses human perfor-

mance as exhibited in theQuick, Draw! game, andmatches the

human performance exhibited in our new study with more

favorable conditions and training for the human competitors.

2 RELATED WORK
Sketch synthesis. Most existing sketch synthesismodels take raster

image as input and follow a photo-to-sketch synthesis paradigm

where the task is to produce a human sketch styled version of the

input photo. Early works either rely on training a category-specific

pictorial structure model [Li et al. 2017] or visual abstraction model

[Berger et al. 2013] that replaces strokes from photo edge maps with

those of humans. Recent attempts were mostly motivated by neural

style transfer methods from the photo domain [Chen et al. 2017b;

Gatys et al. 2016; Johnson et al. 2016; Ulyanov et al. 2016]. Zhang

et al. [2017] integrated a residual U-net to apply painting styles to

sketches with an auxiliary classifier generative adversarial network

(AC-GAN) [Odena et al. 2017]. Another class of generative models

exists that learns to draw by means of model-free [Ganin et al. 2018]

or model-based [Huang et al. 2019] exploration. Such models exploit

reinforcement learning algorithms to incorporate immediate feed-

back from a drawing environment. However, such approaches are

known to be sample-inefficient and hence hard to train. Although,

recent works [Zheng et al. 2018] tried to alleviate this drawback to

some extent by learning differentiable environment models [Ha and

Schmidhuber 2018].

Ha and Eck [2018] proposed SketchRNN, a sequence-to-sequence

variational autoencoder (Seq2Seq-VAE [Bowman et al. 2016]) to

model the sequential sketching process. In this model, the encoder

is a bi-directional recurrent neural network (RNN) that takes in

a vectorized human sketch and produces a Gaussian distribution

over a latent vector that summarizes the sketch, and the decoder is

an autoregressive RNN that samples an output sketch conditioned

on a random vector drawn from that distribution. The SketchRNN

model is trained to mimic the human sketching process including

both style and temporal order. Our desired competitive-sketching

agent however must furthermore generate sketches efficiently to

achieve early recognition with few strokes. To this end it must solve

additional challenges, highlighted by a comprehensive analysis on

human sketch data (Section 3). First, there are several potential

routes to a winning sketching strategy, so it must be able to repre-

sent multi-modal data. Second, winning strategies turn out to use

more jumps between the end-point and start-point of temporally

consecutive strokes than in typical human sketches. The above men-

tioned SketchRNN model struggles to represent such strategies and

generates non-optimal sketching sequences, even if trained with

optimally ordered data. To address this issue, we advance sketch

generation by employing an optimal transport induced loss for the

sequential generative model learning (instead of Kullback-Leibler

(KL) divergence loss used in [Bowman et al. 2016; Ha and Eck 2018]).

Sketch recognition. Early methods for sketch recognition were

developed to deal with professionally drawn sketches as in CAD

or artistic drawings [Jabal et al. 2009; Lu et al. 2005; Sousa and

Fonseca 2009]. A more challenging task of free-hand sketch recog-

nition was first tackled in [Eitz et al. 2012] along with the release

of the first large-scale dataset of amateur sketches. Initial attempts

[Li et al. 2015; Schneider and Tuytelaars 2014] to solve this prob-

lem consisted mainly of using hand-crafted features together with

classifiers such as SVM. Inspired by the success of deep convolu-

tional neural networks (CNN) on various image related problems,

the first CNN-based sketch recognition model was proposed in [Yu

et al. 2015]. This outperformed previous hand-crafted features, and

was followed by various subsequent CNN-based approaches [Jia

et al. 2017; Sarvadevabhatla et al. 2018; Yu et al. 2017]. In this paper,

we ask a more challenging question – instead of asking AI to rec-

ognize pre-drawn sketches, can we train agents to draw sketches

from scratch and compete with humans at competitive sketching?

However we draw on existing state of the art for recognition to

help determine optimal ordering when training our model and to

evaluate our results. We use an off-the-shelf recognizer [Yu et al.

2017], as our focus is on how to formulate the early recognition

objective using a pre-defined classifier. Exploring alternative on-

the-fly recognition methods is an interesting direction for future

work.

Optimal ordering. Sorting of pre-defined lists is one of the most

thoroughly studied algorithms in classic computer science [Cormen

et al. 2009]. However, the presence of non-differentiable steps in

conventional sorting approaches makes the use of sorting opera-

tors in gradient-based machine learning challenging, and use of

sorting in learning has been relatively limited to some carefully de-

signed special cases such as ranking [Burges et al. 2005; Burges 2010;

Rigutini et al. 2011]. The recent development of fully differentiable

sorting [Cuturi et al. 2019; Grover et al. 2019] algorithms enables

new capabilities in deep learning including representation learning

with ranking and :-NN losses, and top-: operators. Existing neural

sorting strategies have been demonstrated with hand-crafted losses,

where the optimal sorting is the known target for learning. In this

paper, we integrate differentiable sorting with a learned perceptual
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loss [Johnson et al. 2016], in the form of recognizability as assessed
by Sketch-a-Net [Yu et al. 2017]. We train a stroke representation
and scoring function such that their sorted scores leads to the earli-
est possible recognition. This enables us to tractably generate the
optimal training set to trainPixelor.

AI Gaming.With recent advances in arti�cial intelligence (AI)
there have been multiple instances where AIs are able to compare,
and in some cases even surpass, human intelligence, whether in
simple recognition tasks [Yu et al. 2015] or a competitive game
[Morris 1997; Silver et al. 2016; Tesauro 1995]. In particular, the
synthesis of deep neural networks and reinforcement learning (RL)
has served as a key enabler in recent successes on games such as
Atari [Guo et al. 2014; Mnih et al. 2015], 3D virtual environments
[Dosovitskiy and Koltun 2017; Jaderberg et al. 2017; Mnih et al.
2016] and the ancient game of Go [Silver et al. 2016, 2017]. Pushing
this line of research, we explore the potential of an AI agent to
play a competitive Pictionary-like game of competitive sketching.
This task is particularly challenging since it involves understanding
how to convey semantics e�ciently through sketch. Contrary to
the aforementioned games, it also uniquely involves: (i) a visual
generationaspect, rather than solely visualperception, and (ii) the
added complexity of competing in a game that is subjectively judged
by humans. We tackle the challenge by developing a model that
combines static (strokes) and dynamic (stroke order) visual infor-
mation to learn a stroke sequencing strategy targeted on quickly
conveying semantics through sketch. Finally, we apply the result to
de�ne a fun human-AI competitive sketching game called Pixelary
(Section 8).

3 HUMAN SKETCH ANALYSIS
To inform the development of ourPixeloragent for competitive
sketching, we �rst conduct a study on the largest human sketch
dataset to date [Ha and Eck 2018]. This is in order to (i) gain better
understanding on the human sketching process, and more impor-
tantly (ii) extract insights on how best to win the game. QuickDraw
[Ha and Eck 2018] is the largest free-hand sketch dataset with more
than 50 million drawings across 345 categories. These sketches were
collected through a Pictionary-like game, where users are asked to
draw a doodle given a category name, while the game's AI tries to
guess the category. An important aspect of this game is the time-
limit imposed on the users to draw a recognizable sketch, which
makes this dataset suited for our study � we want to compare people
who are able to produce a recognizable sketch early on, to those
whose sketches are recognized much later on (or never).

Revealing good and bad human Pictionary players.In Figure 2,
we show average recognition accuracy of 1000 randomly selected
sketches from20categories from the QuickDraw dataset at di�erent
sketch completion rates.The completion rateis the ratio of the length
of drawn strokes (in pixels) to the total number of pixels in a sketch.
The cluster of sketches in the top right corresponds to complete
and detail-rich sketches that are well recognized: Those of good
sketchers, but weak Pictionary players. The sketches in the bottom
right correspond to complete and detailed but non-recognizable

Fig. 2. Sketch recognizability versus sketch completion rate. Plot shows den-
sity, encoded both with the color and size of the points. (Top le�) Sketches
of good Pictionary players, (top right) sketches of good sketchers but poor
Pictionary players, and (bo�om le� and right) sketches of bad sketchers
and poor Pictionary players.

Fig. 3. Recognizability scores (Sketch-a-Net 2.0 [Yu et al. 2017]) at various
levels of sketch completion for a randomly selected subset of sketches
from the �ickDraw dataset [Ha and Eck 2018]. Dashed lines indicates
the original human sketching strategy, shaded area indicates the region
between the best and worst possible sketching strategies, obtained with a
coarse exhaustive search.

sketches: those of bad sketchers. The top left of the plot is of par-
ticular interest, as it re�ects sketches drawn by people potentially
good at a Pictionary game �they are able to produce recognizable
sketches with very few strokes.

The gap between good and bad stroke order.Figure 3 shows that
stroke order plays a crucial role in the early recognition of a sketch.
The dashed line indicates how the recognizability (using Sketch-a-
Net 2.0 [Yu et al. 2017]) of the partial sketches increase as more detail
is added � when following the original human sketching order. We
perform a coarse exhaustive search (described in detail in Section
4.1.1) over stroke order in each human sketch to �nd the best- and
worst-possible stroke sequences for early recognition, representing
by the top and bottom of the colored area. From the plots, it can
be seen that: (1) There is a signi�cant gap between the upper- and
lower-bound, con�rming that stroke order is indeed a dominating
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