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Abstract

While multi-modal large language models such
as GPT-5 demonstrate exceptional general un-
derstanding, they suffer from a fundamental
Spatial Execution Gap, failing to translate vi-
sual semantics into precise, schema-valid coor-
dinate operations in interactive environments.
In this work, we show that model scale alone
cannot close this gap; instead, verifiable struc-
tured reasoning provides the key to spatial pre-
cision. We present a comprehensive pipeline
that leverages Group Relative Policy Optimiza-
tion to enforce a strict Identify-Reason-Verify
protocol, effectively shifting the computational
burden from parameters to test-time reason-
ing. By utilizing a multi-agent system to dis-
till optimal reasoning schemas and training on
execution-verifiable rewards, our specialized
3B agent achieves 100% format coherence and
81.12% operation accuracy on digital white-
board tasks. Crucially, our approach outper-
forms a state-of-the-art frontier model, GPT-
5, by 16.75% in operation accuracy. The re-
sults suggest that for complex user interface
manipulation, small, RL-aligned models with
dedicated reasoning protocols are superior to
generalist frontier models, offering a promising
direction for building reliable web agents.

1 Introduction

Large Language Models (LLMs) and Vision-
Language Models (VLMs) have revolutionized
information retrieval and content generation
(Sancheti et al., 2024; Wanigasekara et al., 2024).
However, a critical disconnect remains between
seeing an interface and acting upon it. While fron-
tier models such as GPT-5 (OpenAI, 2025b) can se-
mantically describe a complex diagram with high fi-
delity, they frequently fail when tasked with manip-
ulating it, struggling to output precise coordinate-
based operations (e.g., JSON schemas) that sat-
isfy spatial constraints (Hutchinson et al., 2024; Fu
et al., 2024; Yun et al., 2024). We term this the

Spatial Execution Gap: the inability of generalist
models to align semantic intent with the strict geo-
metric and syntactic requirements of web interfaces.
This gap persists because pre-training objectives
prioritize plausible text generation over the verifi-
able precision required to interact with a Document
Object Model (DOM).

Digital whiteboards (excalidraw.com, 2025; tl-
draw.com, 2025) serve as a challenging testbed for
addressing this challenge. Unlike static image gen-
eration or simple button-clicking web agents, white-
board manipulation requires an agent to Search,
Create, Update, and Delete objects while main-
taining complex spatial consistency (e.g., “connect
the red circle to the blue square without overlapping
the yellow star”). In this domain, approximation is
failure; a single pixel error or syntax hallucination
renders an operation invalid. Prior approaches re-
lying on Supervised Fine-Tuning (SFT) often fail
to generalize, as models tend to memorize specific
layout patterns rather than learning the underly-
ing spatial logic. Furthermore, relying solely on
model scale yields diminishing returns: as our ex-
periments show, even large frontier models often
prioritize plausible text generation over verifiable
geometric accuracy.

To address this, we propose a paradigm shift
from imitation to reasoning. We hypothesize that
reliable whiteboard manipulation requires a “Sys-
tem 2” approach: allocating a test-time reasoning
protocol in which the agent explicitly identifies
constraints, computes coordinates, describes the
scene after operations, and verifies the outcome
before execution. Instead of hoping a larger model
“intuits” the coordinates, we force a smaller model
to “measure” them through structured thought.

Herein, we present a comprehensive framework
to enable this capability in efficient, small-scale
models. Our approach synthesizes three key inno-
vations: (1) a benchmark of eight rigorous spatial
tasks with mathematical verifiability; (2) a multi-
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agent optimization system that acts as a curricu-
lum generator, autonomously discovering effec-
tive Chain-of-Thought (CoT) protocols; and (3)
a Group Relative Policy Optimization (GRPO)
training pipeline (Guo et al., 2025). Unlike tra-
ditional reinforcement learning from human feed-
back (RLHF) which relies on opaque reward mod-
els, our GRPO implementation utilizes determin-
istic, environment-aware rewards (e.g., Euclidean
distance, JSON validity), allowing the model to
explore and lock in successful reasoning paths.

Our specialized agent, built on a
Qwen2.5-VL-3B-Instruct backbone, achieves
81.12% operation accuracy, surpassing the
commercially available GPT-5 (64.37%) by a
significant margin. This suggests that a small
model, when trained to expend tokens on struc-
tured reasoning, can outperform a frontier model
that attempts to solve the problem intuitively.

Our contributions are summarized as follows:

• We construct a suite of eight mathematically
verifiable tasks designed to probe the limits of
spatial reasoning on digital whiteboards, rang-
ing from simple object creation to complex
visual balancing and maze navigation.

• We introduce an integrated pipeline that com-
bines multi-agent prompt distillation with
GRPO. This allows us to train a 3B model
to strictly adhere to an Identify-Reason-Verify
protocol with 100% format compliance.

• We demonstrate that our RL-finetuned 3B
agent outperforms GPT-5 by 16.75% in op-
eration accuracy. We provide extensive analy-
sis on the trade-off between inference latency
(reasoning budget) and accuracy, proving that
specialized reasoning beats generalist intu-
ition in precision UI tasks.

2 Related Work

2.1 LLM-based Spatial Reasoning

Recent research has extensively addressed the limi-
tations of LLMs in spatial reasoning across images
and Scalable Vector Graphics (SVGs) (Wang et al.,
2024; Cheng et al., 2024; Chen et al., 2024). To
bridge the gap between semantic understanding and
spatial grounding, prior work has focused on data
curation strategies, such as providing synthetic data
or additional depth information for 3D reasoning
tasks (Ogezi and Shi, 2025; Cheng et al., 2024).

Other studies explore inference-time strategies that
encourage reasoning with visual reference objects
(Liao et al., 2024) or “draw-to-reason” paradigms
(Wu et al., 2025). Furthermore, prompt engineering
and fine-tuning have been widely used to enhance
VLMs’ ability to interpret and generate SVGs (Zou
et al., 2024; Rodriguez et al., 2025). However,
broader surveys continue to report deficiencies in
depth reasoning, spatial orientation, and spatial vi-
sualization among multimodal models (Xu et al.,
2025; Li et al., 2025). Despite these advances, exist-
ing studies predominantly focus on passive analysis
or static generation, failing to address the dynamic,
schema-constrained manipulation required in digi-
tal whiteboard environments.

2.2 Sketch Generation and Vector Graphics

While limited work addresses interactive white-
board manipulation, there is a rich history of using
AI to generate sketch-style visual outputs (Ha and
Eck, 2017; Das et al., 2020; Cao et al., 2019; Yu
et al., 2017; Ribeiro et al., 2020). SketchRNN (Ha
and Eck, 2017) introduces the QuickDraw dataset
with an RNN-based generation framework. More
recent approaches use LLMs to generate struc-
tured outputs such as SVGs (Polaczek et al., 2025;
Xing et al., 2025b; Cai et al., 2023). For instance,
SketchAgent (Vinker et al., 2025) enables LLMs
to generate string representations convertible into
SVGs, and Painter (Pourreza et al., 2023) utilizes
supervised fine-tuning to autoregressively generate
stroke sequences. Chen et al. (Chen et al., 2025a)
apply reinforcement learning (RL) to train LLMs to
generate structured strings. While these approaches
successfully generate visual content (Chen et al.,
2025a), their focus remains on de novo generation
rather than the manipulation of existing elements or
interactive user engagement on digital whiteboards.
Our work targets this harder problem of modifying
a persistent state within a strict UI schema.

2.3 Reinforcement Learning using GRPO

The recent success of DeepSeek-R1 has popular-
ized GRPO (Guo et al., 2025) as a method to en-
force verifiable reasoning. Prior work has adapted
GRPO to multimodal domains: Vision-R1 (Huang
et al., 2025) applies it to enhance image reasoning,
while Video-R1 (Feng et al., 2025) achieves consis-
tent improvements on multi-frame reasoning tasks.
In the vector graphics domain, Reason-SVG (Xing
et al., 2025a) combines supervised fine-tuning with
GRPO and a hybrid reward design to encourage
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semantically aligned SVG generation. Other ap-
proaches use GRPO to directly translate natural lan-
guage into SVGs (Wang et al., 2025). Beyond spe-
cific applications, analysis of DeepSeek-R1 high-
lights the advantages of a critic-free, group-based
policy design (Guo et al., 2025), while variants
such as TGRPO extend the framework to explore
vision-language-action models (Chen et al., 2025b).
These developments indicate a broader movement
toward environment-aware reward functions. We
build upon this by designing specific format and
accuracy rewards to solve the “Spatial Execution
Gap” in web UI tasks.

3 Methodology

To bridge the Spatial Execution Gap, we propose
a holistic framework that transforms LLMs from
passive observers into active, verifiable agents. Our
methodology is structured into four stages: (1) for-
malizing the whiteboard manipulation problem as
a schema-constrained decision process; (2) estab-
lishing a mathematically verifiable benchmark and
reward system; (3) distilling an optimal reasoning
curriculum via multi-agent interaction; and (4) op-
timizing the agent’s spatial policy using GRPO.

3.1 Problem Formulation
We formalize whiteboard manipulation as an ob-
servable Markov Decision Process. The environ-
ment state S represents the DOM of the whiteboard,
containing the precise geometric properties (coor-
dinates x, y, dimensions w, h, style) of all objects.
The agent receives a dual-modality observation O:
a rasterized screenshot V ∈ RH×W×3 capturing
spatial layouts, and a serialized JSON object list
Ljson capturing semantic attributes.

The action space A is non-trivial. Unlike stan-
dard text generation, operations must adhere to the
digital whiteboard’s strict API requirements. We
define Swb as the whiteboard schema, representing
the set of all syntactically valid JSON structures ac-
cepted by the execution engine (specifying required
keys such as id, type, and props). A generated
action at is considered valid if and only if it con-
forms to this schema and executes without runtime
errors on the whiteboard instance:

Valid(at) ⇐⇒ at ∈ Swb

∧ Exec(at,St) ̸= Error
(1)

Our objective is to learn a policy πθ(at|ot) that
maximizes cumulative reward. However, direct

mapping from ot → at is prone to “spatial hal-
lucination.” Therefore, we enforce a latent rea-
soning step zt (Chain-of-Thought), decomposing
the generation into zt ∼ πθ(·|ot) followed by
at ∼ πθ(·|ot, zt). The reasoning trace zt must
explicitly calculate spatial constraints before the
action at is committed.

3.2 Benchmark and Verifiable Reward
Engineering

To rigorously evaluate and train this capability, we
introduce the Whiteboard-8 Benchmark (Figure 1).
Unlike semantic benchmarks, every task in our
benchmarks is paired with a deterministic opera-
tion accuracy reward function Racc ∈ [0, 1] and a
format reward function Rformat. This transforms
the benchmark from a static test set into a dynamic
reinforcement learning environment.

3.2.1 Task-Specific Accuracy Rewards
We target four core manipulation primitives:
Search, Create, Update, and Delete. The tasks
and their verifiable reward formulations are:

Constructive Tasks: These tasks require creat-
ing new objects at precise coordinates.

(1) Line Connection: The agent must draw a
line connecting two existing objects. Correctness
is measured by the Euclidean distance between the
line’s endpoints and the target object centroids.

(2) Labeling: The agent must add a text anno-
tation to a target object. The reward verifies that
the text object is correctly positioned within the
target’s bounding box.

(3) Visual Balance: The agent must place an
object to shift the canvas’s Center of Mass (CoM)
toward the geometric center. The reward is propor-
tional to the reduction in CoM offset.

(4) Maze Navigation: A strict constraint satis-
faction task. The agent must create a new object at
a specified position inside the maze. The reward is
binary: 1 if the new object is within the target cell
AND has zero Intersection-over-Union (IoU) with
any maze walls, else 0.

Analytical Tasks: These tasks require reasoning
about relationships and attributes.

(5) Pattern Sorting: The agent must identify
and Delete an outlier object that differs in color or
structural pattern from the others. Reward is 1 if
the correct unique ID is removed.

(6) Overlap Detection: The agent must identify
and remove objects positioned behind or above a
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Graph: color the neighboring nodes redLine: draw a line to connect two objects

Sort: remove the outlier object Visual: balance the visual center of mass

Arrow: adjust arrow to point to the target

Maze: create an object at the correct position of the targetOverlap: delete all objects above the target

Labeling: label the object within its boundary

Figure 1: The Whiteboard-8 Benchmark. We define eight verifiable tasks ranging from simple object creation (Line,
Maze) to complex relationship reasoning (Graph, Sort). Each task is paired with a deterministic reward function.

target object, requiring understanding of z-order
and spatial layering. Reward is based on correctly
identifying all overlapping elements.

(7) Graph Coloring: The agent must identify
neighbors of a target node in a graph structure (e.g.,
flowchart). The reward is defined as the average
of the precision and recall of the selected set with
respect to the ground-truth adjacency matrix.

Geometric Tasks: (8) Arrow Alignment: The
agent must understand an arrow’s current direction
and rotate it to point at a specified target object.
The reward penalizes the angular error: Rarrow =
max(0, cos(θpred − θtarget)).

3.2.2 Format and Reasoning Reward

To enforce the “System 2” reasoning protocol, we
define a structured format reward Rformat and an
operation accuracy reward Racc. The format re-
ward consists of a task-aware structured reasoning

reward and a web-alignment reward.

Rformat = ρRtask-aware + (1− ρ)Rweb (2)

Rtask-aware penalizes the agent when the response
does not follow the Identify-Reason-Verify proto-
col. We further enforce a minimum reasoning depth
τchar, a character threshold that ensures the model
expends sufficient computation characters on spa-
tial reasoning before producing the final answer.

Rtask-aware = α · I[think-answer tags(T,A)] + β·
[structured reasoning(T )] + γ · I[len(T ) ≥ τchar]

(3)
where α, β, and γ are weights assigned to each
criterion, T refers to the reasoning content, A de-
notes the final answer, and I[·] denotes the indicator
function, which evaluates to 1 if the condition is
true and 0 otherwise.

Furthermore, Rweb enforces that the final answer
conforms to the correct JSON schema that can be
understood by the digital whiteboard APIs.
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Figure 2: Multi-Agent Curriculum Discovery. The Op-
timizer agent analyzes statistics from the Questioner-
Solver interaction to iteratively refine the system instruc-
tions, distilling the Identify-Reason-Verify protocol.

The total reward is defined as a weighted sum:
Rtotal = λRformat + (1− λ)Racc.

3.3 Curriculum Discovery via Multi-Agent
Interaction

Before engaging in large-scale training, we must
determine the optimal reasoning protocol for the
agent. Bare LLMs often struggle to adhere to com-
plex JSON schemas or fail to perform sufficient
spatial reasoning. To solve this, we design a multi-
agent system that autonomously evaluates and re-
fines the agent’s prompts and reasoning strategies
(Figure 2). This system serves as a curriculum gen-
erator, producing the high-quality seed data and
system instructions used for GRPO training.

The system consists of three agents: a Ques-
tioner, a Solver, and an Optimizer. The Questioner
utilizes the task descriptions to prompt the Solver.
It maintains the conversation history and provides
feedback based on the Solver’s performance. The
Solver (the target LLM) attempts to solve the task
by generating text-based manipulations. Critically,
to explore the solution space, the Solver gener-
ates K = 3 candidate responses for each query.
The Optimizer serves as the critic. It reviews the
candidates and the summarized runtime statistics
(format errors, accuracy scores) to iteratively refine
the system instructions. The interaction proceeds
in rounds. In each round, the Solver generates can-
didates which are rigorously evaluated using the
reward functions defined in Sec. 3.2. The candidate
with the highest combined format and accuracy
score is selected as the “winning” response. The
Questioner then provides specific feedback to the
Solver based on the missing or erroneous compo-
nents of the selected candidates (e.g., “You failed
to include the ‘Verify’ section”). This feedback is

added to the chat history, guiding the Solver in the
next turn. The Optimizer analyzes the aggregated
failure modes across the dataset and updates the
global system instruction (e.g., enforcing a stricter
<think> verification step). By default, this opti-
mization is performed for two global iterations.
The result is a robust, validated system instruction
for reinforcement learning training.

3.4 Optimization
The final component of our pipeline (Figure 3) is to
internalize the distilled reasoning protocol into the
model’s weights using reinforcement learning. We
employ GRPO (Guo et al., 2025), which is suited
for tasks with verifiable rewards as it eliminates the
need for a separate value network critic, reducing
memory overhead and training instability.

We initialize the policy πθ with the same model
as the Solver in the multi-agent system. For each
training step, we sample a batch of tasks Q =
{q1, . . . , qB}. For each task q, the policy generates
a group of G outputs {o1, . . . , oG} by sampling
from the distribution πθold(·|q). Each output oi
consists of the full chain-of-thought and the final
JSON action. We evaluate each output against the
environment to obtain a reward scalar ri.

Instead of using a learned value function base-
line, GRPO uses the group average as the baseline
to compute the advantage Âi:

Âi =
ri − mean({r1, . . . , rG})

std({r1, . . . , rG}) + ϵ
(4)

This group-relative advantage encourages the
model to reinforce trajectories that are better than
the average of its own current attempts. The objec-
tive function maximizes this advantage while con-
straining the policy update via KL divergence. By
training directly on the deterministic Rtotal (com-
bining format adherence and operation accuracy),
GRPO effectively searches the reasoning space for
strategies that consistently yield valid execution,
thereby closing the spatial execution gap.

4 Experimental Settings

To evaluate the effectiveness of our pipeline in clos-
ing the spatial execution gap, we conduct a rigorous
comparative analysis against both open-source and
frontier commercial models.

4.1 Environment and Dataset
Our experiments are conducted on a locally de-
ployed instance of TLDraw (tldraw.com, 2025), a
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Benchmark Tasks

System Instructions

Execute Actions on Whiteboard
      Spatial
      Multi-modal

Multi-agent Auto-refinement
      Task-aware
      Structured Reasoning

Candidates

GRPO Training

Rewards
                 Format Alignment
                 Operation Accuracy

Advantages

Dataset

Closing the “Spatial Execution Gap”

Agent

Figure 3: The GRPO Training Pipeline. We initialize the policy with the multi-agent curriculum and optimize it
using verifiable geometric rewards. The critic-free GRPO update reinforces successful reasoning traces.

popular open-source digital whiteboard. This setup
ensures deterministic rendering and allows for pre-
cise geometric verification of object states. We
developed an auto-generator that programmatically
creates diverse whiteboard layouts corresponding
to our eight benchmark tasks. To prevent the model
from memorizing specific layouts, we employ pro-
cedural scene generation with extensive randomiza-
tion. Each scene is constructed by sampling object
types from 11 geometric primitives, colors from
the full TLDraw palette, and positions via uniform
random placement within the canvas. Train and
test sets are generated with different random seeds,
ensuring no layout overlap. Our reward functions
evaluate geometric correctness (e.g., Euclidean dis-
tance, IoU) rather than pattern matching, so the
model must learn generalizable spatial reasoning
rather than memorizing coordinate templates.

We have generated two datasets: a small set of
600 samples used by the multi-agent system for
prompt distillation, and a larger corpus of 6,000
samples for GRPO training, with an additional 600
samples each for validation and testing. All data is
stored in a standardized JSON format compatible
with the HuggingFace dataset structure, enabling
seamless integration across training frameworks.

4.2 Model Configurations
We compare our approach against a range of mod-
els to study the impact of scale versus reasoning:

• Our Agent: Based on Qwen2.5-VL-3B-
Instruct (Bai et al., 2025b). We select this
lightweight backbone to show that efficient
models can achieve high performance suitable
for private, local deployment.

• Open-Source Baselines: We evaluate the
Qwen2.5-VL-Instruct family (3B, 7B, 72B)
to measure the effect of parameter scaling in
a standard instruction-tuned setting.

• Frontier Baselines: We compare against
GPT-4o (Hurst et al., 2024), Gemini-2.5-Pro
(Google DeepMind, 2025), and the state-of-
the-art model GPT-5 (OpenAI, 2025b).

To ensure a rigorous evaluation, we do not sim-
ply prompt the baselines with zero-shot instruc-
tions. Instead, all baseline models (including GPT-
5) are prompted with the final, optimized system in-
struction discovered by our multi-agent system, in-
cluding the same few-shot examples. This ensures
that any performance gap is due to the model’s in-
trinsic spatial reasoning capability and our GRPO
training, rather than unfair prompt engineering.

4.3 Implementation Details

The GRPO training pipeline is built on EasyR1
(Zheng et al., 2025). We train for 500 steps with a
learning rate of 5 × 10−6, a group size of G = 5,
a KL coefficient of β = 0.01, and a data type of
bfloat16. All experiments were performed on a
cluster of four NVIDIA A100 (40 GB) GPUs.

5 Results and Analysis

We present empirical evidence demonstrating that
our RL-aligned 3B agent outperforms frontier mod-
els by shifting the computational burden to verifi-
able test-time reasoning.

5.1 Main Results: Closing the Execution Gap

Table 1 summarizes the performance of our
pipeline against open-source and commercial base-
lines. The results reveal a stark contrast between
generalist capabilities and precise spatial execution.

Our Qwen2.5-VL-3B-Instruct agent, which
is trained using GRPO with structured spatial
reasoning, achieves an operation accuracy of
81.12%. This result surpasses Gemini-2.5-Pro
(60.78%) by 20.34% and the state-of-the-art
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Model Format (%) Accuracy (%)

Qwen-3B 30.60 1.59
Qwen-7B 87.69 24.74
Qwen-72B 94.32 30.78

Gemini-2.5-Pro 97.70 60.78
GPT-4o 99.04 42.90
GPT-5 98.71 64.37

Ours (3B) 100.0 81.12

Table 1: Comparative Results. Our 3B model, trained
with GRPO, significantly outperforms the larger-scale
GPT-5 on spatial operation accuracy. Qwen-3B/7B/72B
belong to the Qwen2.5-VL-Instruct family.

model GPT-5 (64.37%) by 16.75%. This re-
sult challenges the prevailing assumption that
model scale is the primary driver of performance.
While Qwen2.5-VL-72B-Instruct improves over
smaller base models (30.78% vs 1.59%), it still
falls significantly short of the RL-tuned agent. This
confirms our hypothesis: the spatial execution gap
cannot be closed by parameter scaling alone; it re-
quires environment-aware feedback optimization.

Remarkably, our pipeline achieves 100% format
coherence, generating valid JSON for every test
case. While GPT-4o and GPT-5 also show high
adherence (~99%), their failures in operation accu-
racy indicate that they often generate syntactically
valid but semantically incorrect JSON (e.g., valid
rectangles placed at wrong coordinates).

5.2 Qualitative Analysis: The Hallucination
Problem

To understand why frontier models underperform
despite their massive knowledge base, we analyzed
failure cases in the Overlap and Maze tasks.

We observe a phenomenon of Spatial Hallucina-
tion. GPT-5 typically identifies the correct intent
(e.g., “I need to draw a box around the red circle”)
but fails to ground this intent in the pixel coordi-
nate space. For example, in the Maze task, GPT-5
often generates coordinates that seemingly “tele-
port” through walls, violating collision constraints.
It prioritizes plausible-looking coordinates over
calculated ones. In contrast, our GRPO-trained
agent exhibits measured execution. By enforcing
the <think> protocol, the agent explicitly calcu-
lates boundaries in its reasoning trace (e.g., “The
wall ends at x=300, so I must place the object at
x>305”) before committing to the JSON output.
This “measure-then-act” behavior is the direct re-
sult of the reinforcement learning signal penalizing

Stage Format (%) Accuracy (%)

Base 30.60 1.59
+ Questioner-Solver 99.40 23.93
+ Optimizer (2 rounds) 99.55 25.16
+ GRPO Training 100.0 81.12

Table 2: Pipeline Progression. Each stage contributes
cumulatively: the multi-agent system drives format com-
pliance (30.60%→ 99.55%) and provides a stable ini-
tialization, while GRPO drives the major accuracy leap
(25.16%→81.12%).

geometric violations during GRPO training.

5.3 The Necessity of the Multi-Agent
Curriculum

Is reinforcement learning alone sufficient, or is the
initialization critical? We evaluate the contribu-
tion of our multi-agent system, which serves as a
curriculum generator to “warm start” the policy.
Table 2 quantifies each stage of the pipeline.

Using only the Questioner-Solver setup (with-
out the Optimizer’s prompt refinement), the base
model achieves a 99.40% format score but a low
23.93% operation accuracy. This indicates that
while the model can follow the JSON schema, it
lacks the reasoning depth to solve the spatial puz-
zle. After introducing the Optimizer and perform-
ing two rounds of prompt refinement to distill the
Identify-Reason-Verify protocol, the operation ac-
curacy improves to 25.16% before any RL training
occurs. While the Optimizer’s direct accuracy gain
is modest (+1.23%), it critically stabilizes the rea-
soning structure, yielding a policy that consistently
produces well-formed reasoning traces suitable for
GRPO optimization.

This creates a stable starting policy for GRPO.
Without this aligned initialization, RL training is
often unstable because the model rarely stumbles
upon a correct solution by chance (sparse rewards),
leading to mode collapse. The multi-agent system
bridges this exploration gap, and GRPO then am-
plifies spatial precision from 25.16% to 81.12%.

5.4 Ablation: Structured Reasoning vs.
Unconstrained Generation

To quantify the value of the “System 2” reasoning
protocol, we conduct a component-wise ablation
by independently toggling the structured protocol
and the minimum character threshold during GRPO
training. Results are shown in Table 3.

Two findings emerge. First, the structured pro-
tocol alone provides a modest gain (+1.56%), but
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Structured Protocol Threshold Accuracy (%)

No No 76.10
Yes No 77.66
No Yes 68.83
Yes Yes 81.12

Table 3: Component-wise Reasoning Ablation. Both
the structured Identify-Reason-Verify protocol and the
reasoning budget threshold are necessary; either alone is
insufficient, and the threshold without structure actively
degrades performance.

combining it with the reasoning budget yields a
substantial +5.02% improvement over the uncon-
strained baseline. Second, naively enforcing a
character threshold without structure actually hurts
performance (76.10% → 68.83%): without the
Identify-Reason-Verify scaffold, the model fills to-
kens with unhelpful or repetitive content rather than
meaningful spatial calculations. This confirms that
our structured protocol is not merely a formatting
constraint; it is a substantive contributor to accu-
racy by ensuring that reasoning tokens are spent
on geometric calculations, coordinate verification,
and scene imagination. The structure forces the
model to “think before acting”, preventing prema-
ture commitment to incorrect coordinates.

5.5 Ablation: The Role of Visual Input

Our prompts include both a rasterized screenshot
and a serialized JSON representation of whiteboard
objects. This raises a natural question: does the
visual modality provide meaningful signal, or does
the model rely primarily on the textual object list?

To investigate, we trained variants using text-
only LLMs (Yang et al., 2024, 2025b,a) on iden-
tical data but excluding image inputs. As shown
in Table 4, the non-visual Qwen2.5-3B-Instruct
achieves 78.60% accuracy, which is competi-
tive but noticeably lower than our full pipeline
(81.12%). This 2.52% gap suggests that while tex-
tual object descriptions carry substantial informa-
tion, the visual modality provides complementary
spatial cues that improve precision.

We also evaluated the impact of few-shot ex-
amples. Removing all examples from the prompt
(zero-shot) reduces accuracy to 77.39%, confirm-
ing that demonstrations help the model ground its
spatial reasoning and improve operation accuracy.

Model Accuracy (%)

Text-only (no image input)
Qwen2.5-3B-Instruct 78.60
Qwen2.5-0.5B 0.05
Qwen2.5-1.5B 55.18
Qwen3-0.6B 64.62
Qwen3-1.7B 63.23
Qwen3-4B 74.07

Multimodal (image + text)
Ours (3B + Vision) 81.12

Table 4: Impact of Visual Input. Text-only models
underperform the full multimodal pipeline, indicating
that visual input provides useful spatial grounding.

Model Format (%) Accuracy (%)

Qwen2.5-3B (Base) 30.60 1.59
Qwen2.5-3B (+GRPO) 100.0 81.12

Qwen3-2B (Base) 65.07 13.57
Qwen3-2B (+GRPO) 99.16 79.11

Qwen3-4B (Base) 90.50 29.47
Qwen3-4B (+GRPO) 100.0 85.40

GPT-5 98.71 64.37

Table 5: Cross-Architecture Generalization. Our GRPO
pipeline yields large gains across two architecture gener-
ations (Qwen2.5-VL-Instruct and Qwen3-VL-Instruct)
and three parameter scales.

5.6 Generalization Across Model
Architectures

A natural concern is whether our gains are spe-
cific to the Qwen2.5-VL-3B-Instruct backbone.
To test generalization, we apply our full GRPO
pipeline (identical rewards, curriculum, and struc-
tured reasoning protocol) to models from a differ-
ent architecture generation. As shown in Table 5,
the pipeline consistently transforms base models
across both the Qwen2.5-VL-Instruct and Qwen3-
VL-Instruct (Bai et al., 2025a) families.

The accuracy improvements are consistent and
large: +79.53% on Qwen2.5-3B, +65.54% on
Qwen3-2B, and +55.93% on Qwen3-4B. Notably,
the Qwen3-VL-4B-Instruct model achieves 100%
format compliance and 85.40% accuracy, surpass-
ing our original 3B agent and outperforming GPT-5
by 21.03%. These results confirm that the per-
formance gains stem from GRPO training and
structured reasoning, not from architecture-specific
properties of a single backbone. The consistent
cross-architecture transfer at the 2B-4B scale pro-
vides strong evidence of generalizability.
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Model Inference Time (s)

Qwen2.5-VL-3B-Instruct (Base) 4.87
Qwen2.5-VL-72B-Instruct 44.20
Ours (3B + Reasoning) 18.15

Table 6: Inference Time Comparison. Our pipeline
trades speed for accuracy. Despite a 3.7× slowdown
over the base 3B model, it is 2.4× faster and 2.6× more
accurate than the 72B model.

5.7 The Cost of Precision: Inference Latency

A trade-off inherent to our approach is the in-
creased inference time required for reasoning. In
Table 6, our pipeline requires an average of 18.15
seconds per task, compared to 4.87 seconds for the
base Qwen2.5-VL-3B-Instruct model.

While this shows a ∼4× increase in latency, we
argue it is a necessary “Cognitive Budget” for re-
liable agentic behavior. In high-stakes UI manip-
ulation, speed is secondary to validity; a fast but
incorrect operation (like deleting the wrong object)
incurs a high cost of user correction. Moreover,
when viewed as an accuracy-latency Pareto fron-
tier, our pipeline strictly dominates larger models:
Qwen2.5-VL-72B-Instruct requires 44.20 s yet
achieves only 30.78% accuracy, whereas our 3B
agent reaches 81.12% in 18.15 s, 2.4× faster and
2.6× more accurate.

A natural question is whether frontier models
can close the gap simply by allocating more rea-
soning tokens. To test this, we prompted GPT-5
with an extended output budget of 12,288 tokens
(up from 4,096), allowing for more extensive chain-
of-thought and explicit verification steps. The re-
sults show a format score of 98.54% and an ac-
curacy of 67.98%, representing only a marginal
improvement of +3.61% over the standard config-
uration (64.37%), while our 3B agent still leads
by 13.14%. This further supports our central argu-
ment: the spatial execution gap cannot be closed
through increased reasoning budget alone. The
reasoning protocol must be internalized through
environment-aware optimization (i.e., GRPO train-
ing), rather than merely described in the prompt.
Frontier models can follow spatial reasoning proto-
cols in form, but without verifiable feedback during
training, they do not reliably produce geometrically
correct outputs.

5.8 Task Dynamics and Negative Transfer

We analyze the dynamics of multi-task learning.
While GRPO generally improves performance
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Figure 4: Task-Specific Training Dynamics. While most
tasks perform well, the Arrow Alignment task (red bar)
suffers from negative transfer in joint training, highlight-
ing the challenge of multi-objective reward balancing.

across the benchmark, we observe negative transfer
in specific tasks. In Figure 4, joint training yields
near-perfect accuracy for 5 out of 8 tasks but de-
grades performance on the Arrow Alignment test
(dropping to ~30% vs. 48% in isolated training).

We hypothesize this is due to reward dominance.
The geometric rewards for tasks like Line Connec-
tion and Maze Navigation are dense and easier to
optimize via coordinate shifts, whereas the angular
reward for Arrow Alignment is more sensitive to
small perturbations. The policy likely collapses to
a local optimum that prioritizes the easier, high-
reward tasks. This suggests that future work should
incorporate dynamic reward scaling or curriculum
learning to balance task difficulties.

6 Conclusions

We demonstrate that the spatial execution gap in
Multimodal LLMs cannot be closed by scale alone,
but by verifiable structured reasoning. By combin-
ing a multi-agent curriculum with GRPO, we train
a specialized 3B agent that outperforms the fron-
tier model GPT-5 by 16.75% in operation accuracy
while maintaining 100% format schema compli-
ance. These results establish that for high-precision
user interface tasks, efficient “System 2” reasoning
models offer a superior and privacy-preserving al-
ternative to generalist foundation models. Future
work will address the inference latency trade-off
through knowledge distillation and explore curricu-
lum learning to mitigate negative transfer in multi-
objective optimization.

Limitations

Our study focuses on TLDraw as a representative
testbed for vector-based web interfaces. While the
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fundamental challenge of mapping semantic intent
to coordinate-based JSON schemas is universal
across platforms like Figma, Miro, or Excalidraw,
specific schema intricacies (e.g., coordinate sys-
tems, nesting depth) vary. Importantly, our reward
design is platform-agnostic at the reasoning level:
the accuracy rewards (Racc) operate on abstract
spatial properties (Euclidean distances, IoU, angu-
lar errors) that are independent of any platform’s
JSON schema. Only the web-alignment reward
(Rweb) is platform-specific, as it validates JSON
key structures. As detailed in Appendix A.7, the
core spatial primitives between TLDraw and Ex-
calidraw are semantically identical, differing only
in key naming conventions, nesting depth, and mi-
nor value scaling. Adapting to a new platform
therefore requires updating only the Rweb schema
validation and output template, while all spatial rea-
soning and accuracy rewards transfer unchanged.
Nevertheless, our results require further validation
on broader cross-platform benchmarks to ensure
true ecological validity.

As observed in the Arrow Alignment task, joint
training can lead to performance degradation in spe-
cific sub-tasks due to reward dominance. Dense,
high-magnitude rewards (e.g., from Maze naviga-
tion) can overshadow sparser signals (e.g., arrow
angular alignment), causing the policy to converge
to local optima that favor the dominant tasks. While
we show that isolated training solves this, building
a unified agent requires more sophisticated multi-
task optimization strategies, such as dynamic loss
weighting or curriculum learning, which are out-
side the scope of this work.

The “System 2” reasoning protocol comes at a
cost: our pipeline requires 18.15 seconds per op-
eration, a ∼4× slowdown compared to the base
model. While acceptable for asynchronous tasks
(e.g., “cleanup this board”), this latency is pro-
hibitive for real-time interactive auto-complete. We
view our current model as a teacher: future work
should explore knowledge distillation, compress-
ing these high-quality reasoning traces into a faster
“System 1” model that retains spatial precision with-
out the runtime overhead.

Reinforcement learning on reasoning trajecto-
ries introduces specific instabilities. We observe
instances of Format Overfitting, where the model
optimizes for the reasoning structure within the
<think> tags (maximizing Rformat) without neces-
sarily improving the quality of the geometric logic.
Furthermore, performance is sensitive to the reason-

ing character threshold (τchar): gains often vanish
outside a narrow hyperparameter band, highlight-
ing the need for more robust, adaptive constrained
RL algorithms.
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A Appendix

A.1 Prompt Design
A typical prompt in this study includes the white-
board screenshot image, text-based descriptions of
the whiteboard objects, the task description, spe-
cific instructions to avoid misunderstanding, a tem-
plate of the standard whiteboard object format, sev-
eral few-shot examples, and the system instructions.
An example looks as follows:

[Image Data]
[Whiteboard Objects: "x":0, "y":0,

"rotation":0, ...]
[Task: Draw a red star to the north of

the red octagon]
[Instructions: Do not deviate from the

schema. Validate your output against
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the schema before returning it. Ensure
that your output is enclosed in a JSON
code block in markdown format. Do
not output additional JSON blocks, and
do not include comments or mathematical
expressions in the JSON block. All
values must be fully computed before
submission.]
[Template: Your output should be

formatted as a JSON block in tldraw using
the following schema...]
[Examples: For instance, for the

following tasks...]
[System Instructions: The user and the

assistant are having a conversation. The
user asks the assistant to solve a task.
The assistant provides the solution,
including their reasoning process and
final answer. The reasoning must
be enclosed in <think>...</think> and
must follow this exact structure and
order: Identify: State which test
is being solved and output the test
name immediately after "Identify:" using
one of the following: shape, maze,
visual, line, graph, overlap, sort, point.
Reasoning: Use step-by-step reasoning
with labels "Step 1", "Step 2", "Step
3", etc. Combine text reasoning and
visual reasoning as needed. Intermediate
Answer: Produce a concise intermediate
answer that describes the action or
result that the reasoning leads to.
Imagination: Describe the new image after
conducting the operations described in
the Intermediate Answer. This description
should reflect what the modified or final
state of the image should look like
if the Intermediate Answer is correct.
Verify: Verify whether the imagined final
image correctly solves the question. If
it does not, reconsider and revise the
answer. Close the reasoning with </think>.
The final answer must be enclosed in
<answer>...</answer>, containing only the
final action or result...]

A.2 Operation Descriptions
There are multiple types of operations for white-
board manipulation tasks. An example operation
that describes how to create a rectangle on the
whiteboard is shown as follows:

{"createShapes": [{"id": "shape:new_shape
", "type": "geo", "x": 450, "y": 200, "prop
s": {"geo": "rectangle", "w": 300, "h": 20
0, "color": "blue", "fill": "semi"}}]}

A.3 Reward Function Formulations
The overall reward is defined as:

Rtotal = λRformat+(1−λ)Racc, 0 ≤ Rtotal ≤ 1
(5)

where λ is a weighting parameter that controls the
trade-off between format correctness and opera-
tion accuracy. By default, λ = 0.5 during GRPO
training.

The format reward is defined as a balanced com-
bination of the task-aware structured reasoning
reward Rtask-aware and the web-alignment reward
Rweb:

Rformat = ρRtask-aware + (1− ρ)Rweb, (6)

where ρ is 0.5 by default.
For the task-aware structured reasoning reward,

the formulation is:

Rtask-aware = α · I[think-answer tags(T,A)] + β·
[structured reasoning(T )] + γ · I[len(T ) ≥ τchar]

(7)
where α, β, and γ are weights assigned to each
criterion, and I[·] denotes the indicator function.
By default, α = 0.1, β = 0.7, and γ = 0.2.

The think-answer tags score is defined as an
indicator function that checks whether the re-
sponse contains both <think> and <answer> tags.
The score is 1 if the response has the form
<think>T </think><answer>A </answer>, and
0 otherwise. Here, T denotes the reasoning content
and A denotes the final answer.

To ensure fairness, the task-aware structured rea-
soning reward Rtask-aware is excluded for all base-
line models (except our pipeline), as they are not
trained to employ it.

The web-alignment reward Rweb checks the
JSON content within the <answer> tags. Let the
JSON content contain m key elements, and let I[ei]
be the indicator function that evaluates to 1 if the
i-th element is correctly generated and 0 otherwise.
The web-alignment reward is defined as:

Rweb =
1

m

m∑

i=1

I[ei]. (8)

This ensures that the reward is scaled between 0
and 1. The web-alignment reward enforces JSON
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correctness, aligns outputs with digital whiteboard
operations, and encourages proportional credit as-
signment for partially correct generations.

A.4 GRPO Training Objectives
Our method uses GRPO (Guo et al., 2025) to train
LLMs to reason about whiteboard tasks and gen-
erate responses that instruct the web interface to
update its content accordingly. We design eight
task types, each associated with a specific pair of
reward functions: a format reward to ensure the
output follows the expected structured format, and
an accuracy reward to evaluate whether the pro-
duced operation description is correct. Thus, for
each training step, one question is sampled, and
the corresponding format reward and operation
accuracy reward are used to guide optimization.
Let {o1, . . . , oG} be a group of G response out-
puts sampled from the current policy πold, and let
r = (r1, . . . , rG) denote the reward scores of these
samples. Each ri is the weighted combination of
the format and accuracy rewards for the given task.
The rewards are normalized within each group to
mitigate variance and stabilize training to yield the
estimated advantages Âi:

Âi =
ri − mean(r)

std(r) + ϵ

The objective then optimizes the policy model πθ
by maximizing:

JGRPO(θ) = Eq∼P (q),{oi}Gi=1∼πθold (·|q)

[
1

G

G∑

i=1

1

|oi|
|oi|∑

t=1

(
min

{
πθ(oi,t | q, oi,<t)

πθold(oi,t | q, oi,<t)
Âi,

clip

(
πθ(oi,t | q, oi,<t)

πθold(oi,t | q, oi,<t)
, 1− ϵ, 1 + ϵ

)
Âi

}

− βDKL[πθ ∥ πref]

)]
. (9)

Here:

• πθ is the policy model being optimized,

• πθold is the policy from the previous iteration,

• ϵ is the clipping parameter,

• β is the KL penalty coefficient that regularizes
against the reference policy πref,

• DKL denotes the KL divergence.

This formulation ensures that the learning pro-
cess is guided by verifiable, task-specific rewards.
By combining format and accuracy rewards, our
training procedure effectively aligns LLMs to ma-
nipulate digital whiteboard objects in diverse tasks.

A.5 Additional Experimental Settings

We construct a smaller dataset for the multi-agent
system and a larger dataset for the GRPO training
process. The smaller dataset A consists of 600
samples. The larger dataset B consists of 6,000
samples for training, 600 samples for validation,
and 600 samples for testing.

In the multi-agent interaction system, we
use Qwen2.5-3B-Instruct as the questioner,
Qwen2.5-VL-3B-Instruct as the solver, and
GPT-5 (OpenAI, 2025b) as the optimizer by default.
In each global iteration, the questioner and solver
iterate over all samples in dataset A, after which the
optimizer refines the system instructions based on
the current instructions and summarized running
statistics such as format rewards and operation ac-
curacy. For each sample, the solver generates three
candidates; each candidate is evaluated to obtain
reward values, and the one with the highest reward
is selected. The questioner then generates feedback
based on missing or low-scoring components in
the evaluated format compliance, and the selected
candidate is included in the prompt as chat history
in the next round.

In the GRPO training, we use EasyR1 (Sheng
et al., 2025; Zheng et al., 2025) to build our train-
ing pipeline. By default, the learning rate is set to
5× 10−6 and the data type is bfloat16. A typical
example of the format reward and operation accu-
racy on the validation subset of dataset B is shown
in Figures 5 and 6.

Figure 5: Example Format Reward in GRPO Training.
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Figure 6: Example Operation Accuracy in GRPO Train-
ing.

Model Inference Time (s)

Qwen2.5-VL-Instruct
Qwen-3B 4.87
Qwen-7B 10.52
Qwen-32B 36.82
Qwen-72B 44.20

Qwen2.5-Instruct (text-only)
Qwen2.5-32B 26.83
Qwen2.5-72B 48.59

Qwen3 (thinking mode)
Qwen3-0.6B 28.61
Qwen3-14B 43.65
Qwen3-32B 67.45

Our pipeline 18.15

Table 7: Inference Time (Averaged over eight types of
tasks).

A.6 Inference Time and Latency Trade-off
Analysis

Our goal is to develop whiteboard agents capable of
interacting with users for various purposes such as
education (Liu et al., 2024, 2025). The model needs
to reason correctly and respond quickly enough to
maintain interactive communication with users. We
focus on using smaller models rather than larger
ones because smaller models may provide advan-
tages in inference time. As shown in Table 7,
we conduct experiments to measure the inference
time using different models (Yang et al., 2024,
2025b; Bai et al., 2025b; Yang et al., 2025a). The
Qwen2.5-VL-3B-Instruct model in our pipeline
achieves an average inference time of 18.15 sec-
onds.

The structured reasoning protocol increases in-
ference time from 4.87 s (base model) to 18.15 s
(our pipeline), a ∼4× slowdown. Below we pro-
vide a more nuanced analysis of this trade-off.

Model Time (s) Accuracy (%)

Qwen2.5-3B (Base) 4.87 1.59
Qwen2.5-7B 10.52 24.74
Ours (3B + Reasoning) 18.15 81.12
Qwen2.5-72B 44.20 30.78

Table 8: Accuracy-latency Pareto analysis. Our pipeline
achieves the best trade-off: 2.6× higher accuracy than
the 72B model at 2.4× lower latency.

Accuracy vs. Latency Pareto Frontier. Table 8
contextualizes the latency increase by jointly con-
sidering accuracy and inference time for key mod-
els. The base Qwen2.5-VL-3B-Instruct model is
fast (4.87 s) but achieves only 1.59% accuracy, ef-
fectively unusable for any practical whiteboard task.
Conversely, Qwen2.5-VL-72B-Instruct requires
44.20 s but achieves only 30.78% accuracy. Our
pipeline occupies a favorable position on the Pareto
frontier: it provides 81.12% accuracy at 18.15 s, of-
fering 2.6× the accuracy of the 72B model at 2.4×
lower latency.

Cost of Incorrect Actions. In high-stakes UI ma-
nipulation scenarios, the cost of an incorrect oper-
ation (e.g., deleting the wrong object, placing an
element at the wrong position) is typically much
higher than the cost of additional thinking time. An
incorrect action requires user detection, undo, and
re-execution, a cycle that often exceeds the ∼13 s
latency overhead of our reasoning protocol. We
therefore argue that trading speed for reliability is
a net positive in agentic whiteboard settings.

Future Mitigation Strategies. We view the cur-
rent model as a teacher for knowledge distillation.
The high-quality reasoning traces generated during
GRPO training can serve as supervision for training
a faster “System 1” student model that retains spa-
tial precision without the runtime overhead. Specu-
lative decoding (Leviathan et al., 2023) and reason-
ing trace compression are promising complemen-
tary directions.

A.7 Cross-Platform Schema Portability

Our framework is designed to be platform-agnostic
at the reasoning level. To illustrate the effort re-
quired to port our pipeline to a different whiteboard
environment, Table 9 compares the JSON schema
conventions of TLDraw and Excalidraw for a rep-
resentative rectangle object.

The core spatial primitives (position, size, rota-
tion, color, and shape type) are semantically iden-
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Primitive TLDraw Excalidraw

Position x, y x, y
Size props.w, props.h width, height
Rotation rotation angle
Color props.color strokeColor
Fill props.fill backgroundColor
Shape type props.geo type
Opacity opacity (0–1) opacity (0–100)

Table 9: Schema Comparison: TLDraw vs. Excalidraw.
Core spatial primitives are semantically identical; dif-
ferences are limited to key naming, nesting depth, and
value scaling.

tical across both platforms. The differences are
superficial: key naming conventions (e.g., props.w
vs. width), nesting depth (TLDraw uses a props
sub-object), and minor value scaling (opacity as
a [0, 1] float vs. a [0, 100] integer). Adapting our
pipeline to Excalidraw would require updating only
the web-alignment reward Rweb (to validate against
the Excalidraw schema) and the output template
in the prompt. All accuracy rewards (Racc), which
operate on abstract spatial properties (Euclidean
distances, IoU, angular errors), and the Identify-
Reason-Verify reasoning protocol transfer without
modification.

A.8 Declaration of Generative AI and
AI-Assisted Technology Usage

During the preparation of this manuscript, the au-
thors used ChatGPT (OpenAI, 2025a) solely for
light grammatical and stylistic refinement of the
text. All content was reviewed and edited by the
authors as needed, and the authors take full respon-
sibility for the content of the publication.
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