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Abstract

We introduce Sketchtopia, a large-scale dataset and AI
framework designed to explore goal-driven, multimodal
communication through asynchronous interactions in a
Pictionary-inspired setup. Sketchtopia captures natural hu-
man interactions, including freehand sketches, open-ended
guesses, and iconic feedback gestures, showcasing the com-
plex dynamics of cooperative communication under con-
straints. It features over 20K gameplay sessions from 916
players, capturing 263K sketches, 10K erases, 56K guesses
and 19.4K iconic feedbacks. We introduce multimodal foun-
dational agents with capabilities for generative sketching,
guess generation and asynchronous communication. Our
dataset also includes 800 human-agent sessions for bench-
marking the agents. We introduce novel metrics to char-
acterize collaborative success, responsiveness to feedback
and inter-agent asynchronous communication. Sketchtopia
pushes the boundaries of multimodal AI, establishing a new
benchmark for studying asynchronous, goal-oriented inter-
actions between humans and AI agents. The dataset can be
found at https://sketchtopia25.github.io/

1. Introduction

Human communication is inherently multimodal and goal-
driven, often relying on non-verbal cues such as gestures
and sketches to overcome language and cultural barri-
ers [1, 34, 43]. Non-verbal interactions enable shared under-
standing despite constraints [20, 35]. Understanding such
dynamics is key to developing multimodal AI agents capable
of achieving shared goals in constrained environments while
communicating asynchronously [6, 21].

With this motivation, we study communication-
constrained asynchronous interactions in a casual game set-
ting. We introduce Sketchtopia, a large-scale multi-modal
dataset containing web-based gameplay episodes of Pic-
tionary, the popular cooperative social game. In each episode,
a Drawer sketches clues while a Guesser asynchronously

attempts to guess the target phrase (Fig. 1). This setup en-
courages creative, non-verbal communication under time
pressure, leveraging iconic feedback gestures (e.g. �, �,
and �). The rules of Pictionary forbid the Drawer from writ-
ing text. Coupled with the time limit, this restriction often
leads to creative player responses and generated content.

Unlike prior works [8, 23], Sketchtopia captures authen-
tic, hand-drawn sketches, feedback gestures, and natural
editing actions (e.g., undo strokes). Our dataset not only fa-
cilitates the study of multimodal goal-driven communication
but also serves as a testbed for novel AI agents. We present
foundational agents, DRAWBOT and GUESSBOT, designed
to asynchronously engage in multimodal interactions, lever-
aging both visual and textual modalities. This unique asyn-
chronous communication mirrors real-life scenarios where
agents must continuously think and act in parallel rather than
turn-taking. We make the following contributions:

• Sketchtopia: A large-scale, multimodal dataset of
Pictionary-like game episodes, capturing asynchronous
interactions with sketches, guesses, and gestural feedback.

• Two foundational AI agents, DRAWBOT and GUESSBOT,
that demonstrate asynchronous, goal-driven multimodal
communication with generative capabilities.

• Introduction of novel metrics to assess agent performance
in terms of game outcomes, individual contributions, and
effectiveness in asynchronous multimodal communication.

2. Related Works

Sketch datasets: Existing sketch datasets primarily focus on
recognition [13, 40], segmentation [22, 26, 36, 47, 49, 51],
and retrieval [53], with labels assigned to the final sketch.
In contrast, our dataset includes intermediate text “guess"
annotations from gameplay, providing temporal grounding
for sketches throughout the drawing process. Additionally,
our dataset covers a wider array of categories, including
abstract concepts (nouns, verbs, adjectives). Some works
incorporate text guessing to simulate Pictionary [41], but
lack the complexity and richness generated by interacting
agents and gameplay dynamics.

https://sketchtopia25.github.io/


Figure 1. Multimodal Interaction in Sketchtopia: Timeline of key game elements, showing asynchronous responses from Guesser and
Drawer. Green tick indicates a correct guess by the Guesser.

Approaches Shared
Goal

Drawer Guesser Visual Content Draw Content Guess Content Feedback
(Multi-modal)

Content
Editing Async.

Cont. Grd.

Sketchtopia (Ours) ✓ ✓ ✓ ✓ ✓ Freehand Phrase ✓(�, �, �) ✓ ✓
Iconary [8] ✓ ✓ ✓ ✗ ✓ Icons (text) Sent. ✗ ✗ ✗
Co-Draw [23] ✓ ✓ ✓ ✗ ✓ ClipArt (text) Sent. ✗ ✗ ✗
Tell, Draw, Repeat [14] ✗ ✓ ✗ ✓ ✓ Image Sent. ✗ ✗ ✗
Scones [19] ✗ ✓ ✗ ✓ ✓ Freehand Sent. ✗ ✗ ✗
Pixelor [7] ✗ ✓ ✗ ✓ ✗ Sketches ✗ ✗ ✗ ✗
Visual QA ✗ ✗ ✓ ✓ ✓ ✗ Sent. ✗ ✗ ✗
SketchGuess[41] ✗ ✗ ✓ ✓ ✓ ✗ Phrase ✗ ✗ ✗
Vis. Dialogue Agents [9] ✗ ✗ ✓ ✓ ✓ ✗ Sent. ✗ ✗ ✗
Coop. Dialogue Agents [11] ✓ ✗ ✓ ✓ ✓ ✗ Sent. ✗ ✗ ✗
Embodied VQA [11] ✓ ✗ ✓ ✓ ✓ ✗ Sent. ✗ ✗ ✗

Table 1. Agents Comparison: A comparative summary of agent ca-
pabilities. Cont.: Continuous sketching; Grd.: Grounding of sketch
content; Draw/Guess Content: Agent’s output format; Async.:
Asynchronous communication support; Sent.: Sentence.

Cooperative Gameplay: Cooperative games with partial
observability (CPO) are often used to study shared-goal com-
munication strategies [5, 12]. Guessing games are a popular
subcategory; for example, Ashktorab et al. [2, 3] investigate
a game where a ‘Giver’ conveys a word using text. Similarly,
Das et al. [10] focus on image retrieval in a text-based guess-
ing game. Other multimodal versions include Charades,
where speech-based guesses correspond to physical enact-
ment [4], and Iconary, where a ‘Drawer’ uses visual icons
to help a ‘Guesser’ interpret a phrase [8]. Suglia et al. [46]
address visual guessing in zero-shot OOV cases for Guess-
What and CompGuessWhat benchmarks [45]. Unlike the
works mentioned above, Sketchtopia introduces significantly
more complex gameplay. It involves contextual and genera-
tive free-form sketching, an open-ended guesser vocabulary,
iconic feedback, and asynchronous, natural communication
between players.
Communication Agents: Several research efforts in
Pictionary-like settings introduce agents that focus solely on
sketch generation. Scones [19] introduces agents for itera-

tive sketch creation using detailed textual instructions. Pix-
elor [7] generates sketches efficiently with minimal strokes
for a given word. Generally, these works do not involve a
guesser in the loop and lack mechanisms for feedback-based
sketch adaptation. As a complementary work, Sarvadevab-
hatla et al. [41] introduce a guesser agent trained to generate
human-like guesses in response to iterative rendering of pre-
drawn object sketches. However, their approach neglects
interactivity and feedback, which are crucial elements of
offline Pictionary.

Recent works introduce Teller and Drawer agents with
roles similar to Drawer and Guesser for dynamic, coop-
erative multimodal dialogue or gameplay. In Tell, Draw,
Repeat [14], a drawer generates and modifies images itera-
tively based on detailed linguistic instructions from a teller.
Unlike Pictionary, the teller always has access to the final
image and neither multimodal interaction nor a long-term
goal. mmDialogue [15] employs multi-modal dialogue in
terms of both visual and text generation, but the interactions
are not goal-oriented. Agents in Iconary [8] mimic drawings
with discrete icons and detailed textual interaction from the
guesser. In Co-draw [23], the agents engage in goal-driven
collaborative communication, where the teller communicates
with the drawer in natural language using discrete clip-art
icons instead of sketches. The works of Qiu et al. [37] and
Lei et al. [25] explore AI-driven emergent communication.

LLM Agents: LLMs are increasingly used to test coop-
erative communication and strategic reasoning in games,
focusing on text generation without visual environment pro-
cessing [24, 27, 50]. REVECA [42] extends this by intro-
ducing LLM-based agents interacting in partially observable



Works # Sketch Pr. Mod. Lang. Ground. Form Erase Strokes Cat.

IntG. Final

Sketchtopia (Ours) 263K Txt, Fdb ✓ ✓ Scene ✓ ✓ 200
TU-Berlin [13] 20K ✗ ✗ ✓ Obj ✗ ✓ 250
Quick Draw [17] 50M ✗ ✗ ✓ Obj ✗ ✓ 345
Sketchy [40] 75K ✗ ✗ ✓ Obj ✗ ✓ 125
SketchyScene [57] 29K Ph ✗ ✓ Sc ✗ ✗ -
ImageNet-Sketch [48] 50K ✗ ✗ ✓ Obj ✗ ✗ 1000
Scene Sketcher 1225 Ph ✗ ✓ Obj,Sc ✗ ✓ 14
SketchyCOCO [16] 14K Ph, EM ✗ ✓ Obj,Sc ✗ ✓ 17
QUML-Shoe [53] 419 Ph ✗ ✓ Obj ✗ ✗ 1
TU-Berlin Extended [55] 20K Ph ✗ ✓ Obj ✗ ✗ 250
SketchGuess-160 [41] 8960 Txt ✓ ✓ Obj ✗ ✓ 160

Table 2. Sketch Dataset Comparison:; Img.: Image; Pr. Mod.:
Other modalities; Lang. Ground.: Language Grounding; IntG:
Intermediate Guesses;Final: Final guess;Txt: Text; Fdb: Feed-
back;Sc: Scene; Obj: Object; Cat: Categories; Ph: Photo; EM:
Edge Map

3D scenes. While Vision Language Models (VLMs) han-
dle multi-turn multimodal dialogues [31], they lack multi-
modal generative capabilities crucial for Pictionary. More-
over, most LLMs and VLMs operate on turn-based rather
than full-duplex communication. Our agents, by contrast,
are simpler, communicate asynchronously and are more re-
sponsive.

3. Dataset
3.1. Game Setup

Each game session consists of role-specific actions by the
two players, viz. Drawer and Guesser. Each session presents
a new target word for the Drawer to illustrate and the Guesser
to speculate. The session ends when the time limit (120 sec)
is reached, or when the Drawer deems a guess to be correct.

3.2. Data Collection

The Sketchtopia Web App captures detailed, real-time inter-
actions to emulate the Pictionary experience (see Supplemen-
tary video). Data collection involves two phases: Participant
Onboarding, where players receive instructions and provide
demographic details (age, dexterity), and Gameplay Record-
ing, which logs time-stamped actions, including drawing
strokes, iconic feedback, and guesses. Table 3 provides stor-
age formats for collected data. Our dataset supports analysis
of both gameplay dynamics and player behavior. Our ethi-
cal protocols ensure anonymized data collection, informed
consent, and content moderation for privacy and quality.

3.3. Dataset Information

Target Words: Drawers illustrate words from a pool of 200
terms, ranging from abstract nouns to verbs, covering var-
ious difficulty levels. Player Information: Demographics
such as age, profession, and dexterity are collected to ana-
lyze gameplay strategies and behavior, ensuring fairness and
diversity. We also collected 800 human-AI sessions, where
players unknowingly interacted with AI agents, allowing

Role Action Format Timestamp

Drawer Strokes1 SVG2 t1 → t2
� bool t
� bool t

� SVG t1 → t2
◎ (x,y) t1 → t2

Guesser Guess Text t
� bool t

* SVG denotes white stroke over black background

Table 3. Session Actions and Data Formats

Figure 2. Game Distribution: Drawer and Guesser actions dis-
tributed across time; sorted in decreasing order of success rate. For
successful games, drawer actions preceded the guesser actions and
usually last a shorter duration

study of human-AI interaction dynamics. Dataset Quality
/ Ethical Considerations: We used in-game and post-game
text filters to eliminate irrelevant content (e.g. chat-style
content such as ‘Hi/Hello/lol’). We used text-based filters to
remove abusive or inappropriate content in guesses, ensur-
ing a safe and respectful environment. We also conducted
manual inspections to identify and address any game rule
violations.

3.4. Dataset Analysis

We analyze Sketchtopia across four key dimensions: global
game statistics, session-level performance, player-level in-
sights, and temporal dynamics, revealing gameplay factors
that influence success, player behavior, and communication
strategies.
Global game statistics: Our dataset includes 916 players
(ages 15–60, avg. 26.6), with 20K sessions totaling 263K
strokes, 10K erases, 16.3K highlights, 56K guesses, and
19.4K feedback events. With an 89% success rate, sessions
averaged 13 strokes, 2.83 guesses, 0.82 highlights and 1
feedback event.
Session-level: Success rates varied by target word types,
with nouns and verbs showing higher success compared to
abstract nouns and adjectives due to their complexity. As
illustrated in Fig. 2, sessions for high-success words often



Outcome DF GF DF+GF No-FB

successful 52.33 0.88 1.59 42.51
failure 1.68 0.18 0.09 1.59

Table 4. Games categorized across feedback type and outcome.
Numbers represent the percentage of games in each category (out-
come or presence of iconic feedback).

display clear peaks where drawer actions precede guesses,
indicating early sketch clarity. Conversely, harder words
show flatter distributions, suggesting shifts in strategies or
communication challenges. Peaks in the distribution indicate
moments where new strategies or ideas emerged, correlating
with challenging words. An analysis of success rates across
target words and parts of speech (POS) revealed notable
variability – Nouns (92.6%), Verbs (84.2%), and Adjec-
tives (79.1%). Among nouns, Abstract Nouns (85%) are the
least successful, while food/sports categories are the most.
Abstract nouns often require more complex and detailed
sketches. Additionally, adjectives (e.g., hard, hollow) which
describe nouns are particularly challenging to convey since
many objects can possess such properties.
Player-level insights: At the player level, we identified dis-
tinct skills for Drawers and Guessers. Players were slightly
more successful as Guessers (14%) than Drawers (9%), yet
77% performed equally well in both roles, emphasizing the
shared nature of cooperative gameplay. Categorizing games
by feedback and outcome (see Table 4) shows that feedback
plays a role in game results. Games that only had drawer
feedback had higher success rates, highlighting its impor-
tance in guiding Guessers effectively.
Game Dynamics: To understand gameplay evolution, we
analyzed action trajectories using CLIP embeddings [38]
to measure similarity between sketches, guesses, and target
words. As shown in Figure 3, Drawers refine their sketches
over time, while Guessers reactively adjust guesses. Success-
ful games show a convergence pattern where sketches and
guesses align closely with the target, demonstrating effective
cooperative communication. This game flow analysis cap-
tures how players’ strategies adapt dynamically throughout
the session.

4. Agents
Our goal is to design player agents that emulate human-like,
responsive gameplay, free from rigid turn-based limitations
and capable of multimodal interactions. Beyond deciding
‘what’ action to perform (e.g., a Drawer’s stroke), agents
must also determine ‘when’ to act (e.g., when a Guesser
should output a guess). The design should have the flexibility
to perform a "no-op" (i.e., no immediate action in response
to another player’s input, allowing the Guesser to wait for
more strokes). Additionally, agents must support not only

their primary actions (drawing or guessing) but also iconic
feedback (�, �, �).

To meet these requirements, we organize the agent design
into a two-level module hierarchy (see Fig. 4). At the top
level, the ACTIONDECIDER module manages global action
timing (‘when’) and selection (‘what’). The lower level com-
prises specialized Drawer and Guesser modules (DRAWBOT
and GUESSBOT), which handle role-specific tasks. The fol-
lowing sections detail the architecture, decision-making pro-
cesses, and interaction mechanisms of each module within
this hierarchy.

4.1. ActionDecider Module

The ACTIONDECIDER module serves as a lightweight con-
troller, continuously monitoring game states to decide when
agents should asynchronously initiate actions. We describe
its setup for the Drawer (see Fig. 5). In the first stage, the
module processes multimodal game data streams: guesses
are encoded using a Text Encoder [54], canvas strokes via
a Vision Encoder [54], and iconic feedback through a Feed
Forward Network (FFN). These embeddings are cached,
with only the latest content appended. A 1 × 1 convo-
lution is applied to the guess, canvas, and feedback em-
beddings to obtain aggregated vector representations. For
the Drawer, a vector for the Target Word is also included.
These are concatenated into a Game State Vector. In the
second stage, the Game State Vector is passed through
a ‘Response’ FFN, which determines the Drawer’s ac-
tion: Wake up the Drawer, Generate Feedback,
or Do Nothing (wait). If Generate Feedback is se-
lected, a ‘Feedback’ FFN produces specific feedback (�, �)
for the Guesser.

The Guesser agent follows a similar design but excludes
the Target Word. Here, the wakeup action type is routed
to GUESSBOT, and feedback actions correspond to the
Guesser’s iconic feedback (�).

4.2. Drawer Agent (DRAWBOT)

The primary task of DRAWBOT is to visually convey the tar-
get word through sequential actions: (i) incrementally draw
freehand strokes to depict the target word, (ii) update the
canvas (e.g., erase using the eraser-icon) based on guesses
and feedback (�) from the Guesser, and (iii) generate ges-
tural feedback (�,�) based on the semantic proximity of
guesses to target word. DRAWBOT is built on a fine-tuned
Stable Diffusion model [39], tailored to the game’s sketch
style. Its architecture extends a Text-to-Image (T2I) Dif-
fusion Model [39] with ControlNet-inspired adapters [56],
allowing it to condition sketch generation on multimodal
inputs such as canvas state, guess history, and game time
(see Fig. 6). Each adapter module provides conditioning
based on different input modalities (see Fig. 6):
• Canvas State Adapter: A convolutional layer encodes the



Figure 3. Game Flow Analysis: (Sec. 3.4) Each line plot represents a game session. The points on each plot represent CLIP embeddings [38]
of canvas or a guess word. The x-axis represents time, y-axis represents normalized distance of these embeddings to the target word (top-left
of each panel - blue (easy) and red (hard)). The final canvas for each session is shown. Line plots for paired drawer and guesser have the
same color. ✓denotes a successful guess and associated canvas, ✗ represents an unsuccessful session.

Figure 4. Pictionary Agent Framework: The top-level (ActionDe-
cider) decides action type and timing and delegates to 2nd level in
the hierarchy which perform the individual tasks. Our hierarchical
design enables delegation and asynchronous communication. Refer
to Sec. 4 for details.

current visual state of the canvas (at t = t1). The result
is processed by ControlNet’s edge detection layer [56].
This adapter modulates sketch generation by incorporating
recent updates, ensuring continuity in the drawing process.

• Guess Adapter: Encodes the history of guesses, allowing
the agent to adjust its drawings according to the Guesser’s
proximity to the target.

• Time Adapter: A time encoder that regulates the game’s
pacing and drawing progression, creating a sense of ur-

Figure 5. Schematic Diagram of the ActionDecider Module for
decision timing and action selection. Refer Sec. 4.1.

gency in line with the game’s progress.
We modify the default T2I Adapter [33] to accommodate

non-visual modalities as input. Overall, these adapters en-
able DRAWBOT to generate incremental strokes rather than
complete images, producing residual updates to the canvas
(see Fig. 6, t = t2), thereby maintaining continuity while



Figure 6. Drawer Agent (DrawBot) Architecture: The top left
blue box shows the current state of the canvas. The pink mod-
ule illustrates the primary Text-to-image-based generation module,
which processes the target word (e.g., ‘toothbrush’) to produce
strokes. The green module represents additional conditioning in-
puts — such as prior guesses and current time — that guide the
generative process, enabling the agent to create iterative strokes
towards a recognizable sketch. The bottom right orange box shows
that conditioning outputs are passed to the encoder of the T2I gen-
erator. SD stands for Stable Diffusion (A T2I Model)

Figure 7. Schematic Diagram of the Guesser Agent’s Retrieval-
Based Guessing Framework (Sec. 4.3).

dynamically responding to the evolving game state.

4.3. Guesser Agent (GUESSBOT)

The Guesser Agent (GUESSBOT) generates guesses based
on the canvas content and multimodal cues, aiming to iden-
tify the hidden target word. Given the limited dataset size,
GUESSBOT employs a retrieval-based approach. When
GUESSBOT receives a ‘Wake-up‘ signal from the ACTION-
DECIDER, it encodes the current canvas state Ct (see Fig. 7)
and uses Approximate Nearest Neighbor (ANN) search to
compare it with historical game sessions. This strategy en-
ables the agent to utilize past gameplay data, applying rule-
based criteria to generate guesses aligned with the current
game context.

The retrieval-based process involves two steps: (i) en-
coding the canvas content using a vision foundation model

(CLIP) to retrieve ‘k‘ similar sessions from the database,
and (ii) applying rule-based filtering based on similarity
scores, guess timings and user feedback to refine the results.
This filtering discards irrelevant sessions, for example, by
rejecting matches where the timing deviates significantly
from the current session. The final output is derived from
the best-matched session’s guesses, producing the selected
guess (g, t) as shown in Fig. 7.

A key design goal of GUESSBOT is to emulate human
gameplay, including natural errors in guessing. For example,
human players often overlook spelling errors (e.g., “spyder",
see Fig. 3) during immersive gameplay. Our retrieval-based
approach inherently accommodates these human-like quirks,
enhancing the realism of the agent’s responses.

4.4. Implementation Details

Canvas strokes (SVG) are thickened by a factor of 3 and
rendered as 224× 224 images for processing by agents.
Action Decider: By default, agents remain inactive unless
triggered by a ‘Wake-up’ signal from their Action Decider
(see Fig. 4, Fig. 5). Canvas states are captured every 3
seconds, forming the Drawing History. For text encoding
(target words, guess history), we use a pre-trained CLIP text
encoder [38] (TE), while the vision encoder handles the
canvas history (VE). Each FFN is a 3-layer MLP. Every
3 seconds, the Action Decider processes its accumulated
inputs and outputs actions.
DrawBot: The canvas is processed using ControlNet [56]
with StableDiffusion-1.5 [39] as the T2I generator (Fig. 6).
The T2I Adapter is modified to handle non-visual inputs:
each guess is CLIP-encoded and combined with its times-
tamp to form a 512× 2× ng representation, which is inte-
grated into the T2I Generator’s U-Net [33]. The generator
is fine-tuned on Sketchtopia sketches using LoRA [18] to
output incremental strokes (residual images). We optimize
the adapters in stages: first training ControlNet, then the
T2I Adapters while freezing ControlNet, and finally fine-
tuning all components together. The agent is trained by
breaking game sessions into fixed time intervals and con-
ditioning outputs on canvas state, guesses, and timestamps,
allowing for adaptive sketching based on all input modalities.
The residual image output by T2I Generator is converted to
its SVG representation using virtual sketching [32], before
being added to the canvas.
GuessBot: A vector database of canvas embeddings (using
CLIP ViT-B/32) is built with metadata (guess and times-
tamp) for fast retrieval using Annoy [44], an approximate
nearest-neighbor retriever. Upon receiving a ‘Wake-Up’ sig-
nal, GUESSBOT encodes the current canvas eCt

(see Fig. 7)
at current time t, and retrieves the top 10 matches within a
time window [t− δ, t+ δ], where δ = 6. Among these, we
select the match closest to the query by cosine similarity and
output the corresponding guess word.



Agent Orchestration: All agents are deployed as microser-
vices communicating with the Pictionary WebApp via API
calls. Participants are paired randomly, with a 15% chance of
getting paired with an agent. During gameplay, the WebApp
sends relevant data to the ActionDecider (Sec. 4.1), which
delegates tasks to draw or feedback as needed.

5. Metrics for Benchmarking Agents
We evaluate agents (human-only games and mixed human-
agent) in terms of their collaborative success, their respon-
siveness to feedback, and the similarity of their timing pat-
terns to human counterparts.
Collaborative Game Success: In goal-oriented games, the
primary measure is whether Drawer and Guesser agents can
effectively collaborate to identify the target word. Metrics
include Win Rate (WR): The proportion of games where
the target word is guessed correctly, serving as a baseline
measure of collaborative success [8]; Soft Win Rate (SWR):
Extends Win Rate by considering synonyms of target word,
capturing near-success scenarios where agents were close to
the correct answer [8, 41];

Feedback Responsiveness Score (FRS): measures the ex-
tent to which the Guesser adjusts its guesses in response to
Drawer feedback. After receiving � or � feedback, if the
guesser’s next guess is semantically closer to the target word
than the guess immediately preceding the feedback, such an
occurrence is termed a responsive guess. In a game session,
let the count of such occurrences be s, and the Drawer takes
p � and n � actions. FRS for that session is defined as
s

p+n . The resulting numbers are averaged across sessions to
obtain the final metric.

Asynchronous Action Overlap (AAO): This is a session-
level measure and characterizes the degree to which agents
act asynchronously. Suppose a Guesser action’s timestamp
overlaps with the duration of a Drawer action (e.g. sketching,
erasing) within a session. Let the count of all occurrences
be o, and let the total number of Guesser actions be g. AAO
for the session is defined as AAO = o

g . Note that a sequen-
tial turn-based interaction between agents would have an
AAO value of 0, while a purely random and uncoordinated
interaction would have a value of 100.

Multimodal Action Timing Similarity (MATS): For a given
target word, suppose the sequence of human Guesser’s guess
timestamps across all sessions be TH

g , and a similar se-
quence for GUESSBOT be TA

g . We define a guess distance
dguess between these two sequences as the Jensen-Shannon
divergence [28] between their Kernel Density estimates, i.e.
dguess =JENSEN-SHANNON{KDE(TH

g ),KDE(TA
g )}. The

average dguess across all target words forms the MATS met-
ric for GUESSBOT. A similar exercise for DRAWBOT’s ac-
tions, where the timestamp of the stroke duration’s midpoint
is used, provides the MATS score for DRAWBOT. Detailed
definitions for the metrics are provided in the Supplementary.

Figure 8. Qualitative comparison between human and agent
game outcomes: The figure shows the final canvas and the final
guess for select target words (fishing, length, loud). Human
outputs are in purple and agent outputs are in blue. Successful
games are with green background and unsuccessful ones in red.

6. Results

To benchmark our agents, we carefully choose a represen-
tative evaluation set of game sessions grouped by Part of
Speech and compare the performance of humans and agents
on this set. In general, the metric values for humans act
as ground truth or desirable range, which the agent should
achieve. We obtain 800 sessions to be used for testing. The
numbers mentioned in Tab. 5 for HH (Human-Human) and
HA (Human-Agent) are both computed on this set.
Collaborative Game Success: Across games, agents had a
68% success rate,. The win rate for GUESSBOT is slightly
lesser than the human counterpart (85%). However, DRAW-
BOT’s win rate is 51%, which is markedly smaller. The
Drawer agent’s bad performance is mainly due to adjec-
tives (30%) and verbs (56%). It performs reasonably well
on most nouns (74%). The primary reason for bad per-
formance on adjectives is that there is no direct object
(e.g. car,bus,icecream) associated with adjectives.
Most vision foundation models are trained on objects rather
than metaphorical concepts which encode attributes (e.g.
hard/soft, length, hollow and loud) which may be associated
with multiple objects. Such models need detailed prompts to
invoke the relationship and properties of objects.
Qualitative analysis: Many interesting patterns can be ob-
served in the performance and response patterns of human-
human and human-agent games – see Fig. 8. Compared
to human counterparts, DRAWBOT’s sketches have greater
symmetry, with clean stroke lines. Unlike typical generative
model outputs, which tend to have a ‘synthetic’ appearance,



training on Sketchtopia’s data induces a human-like jitter
in the generated strokes of DRAWBOT. GUESSBOT’s final
responses seem human-like for the corresponding canvas
contents, even when the game outcome is a failure. This is
consistent with the agent’s retrieval-based design. Additional
examples can be found in Supplementary.
Feedback Responsiveness: The FRS scores for Human and
GUESSBOT are similar (Tab. 5), implying that the agent’s
ability to adapt its response to feedback is similar to human
counterparts. Here, the Guesser Agent’s ActionDecider also
plays a key role in ‘waking up’ GUESSBOT at the right time
in response to Drawer feedback.
Characterizing Interaction Dynamics: Similar to FRS, the
AAO scores of agents are comparable to humans, indicating
comparable levels of asynchronous communication. How-
ever, GUESSBOT has a lower AAO score. This is in line with
a Guesser’s tendency to wait passively for enough strokes
to accumulate on the canvas before guessing. The MATS
score measures the agent’s action pacing compared to hu-
mans. Therefore, it is a proxy measure for ActionDecider’s
performance due to the latter’s role as a key asynchronous
enabler of actions in each agent. A relatively lower MATS
score for GUESSBOT suggests that its action pacing is closer
to human. Empirically, we observed that feedback distri-
bution for DRAWBOT was markedly different from human,
contributing to its relatively higher MATS score.
VLMs as Guessers: Vision-Language Models (VLMs) [29,
30, 52] have become a popular choice for image-conditioned
reasoning. In our benchmarking context, VLMs could play
a Guesser’s role. However, despite detailed prompts instruct-
ing the model to output a guess phrase and despite providing
prior guess history, we observed that VLM models tend to
produce verbose and unhelpful outputs. Examples can be
found in Supplementary. Moreover, the slower response
times and synchronized (turn-taking) paradigm of current
VLMs make them unviable compared to our asynchronous
and contextually responsive agents.
Limitations: Despite efforts to minimize biases, the dataset
may still reflect factors such as age, handedness, and cultural
background, with a predominance of younger, right-handed,
English-speaking participants from a limited region. This
may affect its generalizability to other languages, cultures,
and demographics. While our game interface supports asyn-
chronous interactions, further testing across diverse groups
is needed. Additionally, while Sketchtopia includes iconic
feedback as a novelty, it is limited to predefined icons (e.g. �
, �, and �). This restricts the analysis of more nuanced and
complex feedback that could occur in natural interactions.

7. Conclusion
Sketchtopia enables a scalable framework that pushes the
boundaries of multimodal goal-driven communication in
asynchronous settings. As the first-ever dataset to include

Models Game Success Feedback Responsiveness Interaction Dynamics

Win ↑ Soft Win ↑ FRS ↑ AAO MATS ↓
DRAWBOT 51.6 52.4 - 0.21 0.39
GUESSBOT 81.7 86.0 46% 0.17 0.27
Human 85.5 93.4 40% 0.29 0.00

Table 5. Benchmarking humans and agents via custom-designed
metrics (Sec. 5). FRS: Feedback Responsiveness Score; AAO:
Asynchronous Action Overlap; MATS: Multimodal Action Timing
Similarity.

rich feedback signals, our collection captures realistic game-
play data with natural human interactions, far beyond what
existing datasets offer. Sketchtopia is not just about isolated
sketches – it incorporates iconic feedback and dynamic in-
teractions between players, all captured using a robust game
interface that seamlessly supports both human-human and
human-agent gameplay. This versatility allows us to explore
interactions at a depth previously unattainable, establishing
a new benchmark for multimodal AI systems.

A standout contribution of our work is the design of first
asynchronous communication agents capable of real-time
decision-making in multi-modal formats. Our novel agent
architectures emphasize responsiveness and speed, enabling
agents to mimic the fluidity of natural human communica-
tion without the constraints of turn-taking. By introducing
innovative metrics such as Asynchronous Action Overlap
and Feedback Responsiveness Scores, we redefine how to
evaluate collaborative success and interaction dynamics in
asynchronous multi-modal communication settings.

Benchmarking our agents against human players demon-
strates that they can generate human-like actions and re-
sponses. Our results reveal that even state-of-the-art VLMs
lag significantly in handling asynchronous, multimodal com-
munication complexities. This establishes Sketchtopia as a
critical benchmark for advancing AI research in this space.
Additionally, our game flow visualizations offer a novel lens
into understanding how agents and humans progress towards
shared goals, providing insights into the evolution of strate-
gies and collaborative problem-solving.

Sketchtopia’s applications extend beyond Pictionary. Its
interactive features enable sketch scene editing and collabora-
tive whiteboard tools, with potential for live note-taking and
narration. The dataset’s focus on abstract sketches also sup-
ports cognitive science research into communication strate-
gies. In summary, Sketchtopia provides a valuable resource
for exploring asynchronous, multimodal AI systems and re-
alistic agent-based gameplay. By tackling the complexities
of real-time, feedback-driven communication, we aim to in-
spire AI advancements that are more natural, adaptive, and
truly collaborative.
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