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2026-11-06.

Figure 1:  The same six training prompts early, mid and late in training. No cherry-picking: the prompts 

were drawn at random (seed 0) from the 29 training prompts that have saved rollout images in all three 

windows. Each tile is the best-scoring of the 8 samples at that prompt’s first step in the window. Tiles 

show the step and the judge score. The subjects are clearest mid-training. Late in training they shrink into 

the template, while the scores stay high.

TL;DR
• The good phase: we trained Bolt for 4 h with GRPO (375 steps, 1 GPU) to draw pictures in JavaScript, 

judged by Qwen3-VL-8B. Up to about step 200 the pictures got genuinely richer (Figure 1, middle row).

• Then it learned to fool the judge: from about step 250 it draws almost every prompt as the same 

scene: sky band, small sun, horizon, subject drawn tiny in the distance, lower canvas often blank 

(Figure 1, bottom row; Figure 9). The judge still finds the tiny subject, and the horizon satisfies its 

“depth” question.

• The numbers look like a win: held-out reward rose from 0.51 to 0.64 (+0.13, 95% CI [+0.08, +0.19]). 

But the craft mean fell, from 0.65 to 0.58, and “not crude” fell from 0.76 to 0.23.
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• The good checkpoints are gone: keep-last-2 deleted them. Only steps 300–375 remain, all after the 

collapse.

• Next: make the subject question size-aware, drop “depth”, add a small KL penalty, keep every 

checkpoint, and look at images every 50 steps.

Setup

Figure 2:  GRPO training setup, with the layout of Fig. 1 in the SMART paper (2025), itself adapted from 

Shao et al. (2024). Each step, the policy writes 8 programs per prompt. They are run in a sandbox and 

drawn with Skia, the judge scores the images, and each reward minus the group mean is the advantage 

that updates the policy. The reference model is drawn faded because the KL term was off in this run. The 

numbers are a real group from step 229: 4 of its 8 samples, with advantages taken against the mean of all 8 

(0.68).

Run runs/canvas-4h--20261106-112854 (glsl-rl)

Policy NVIDIA Nemotron 3.5 Bolt E4B, LoRA r 32 / α 64, 

lr 2e-5

Algorithm GRPO (TRL), DAPO loss, clip 0.2 / 0.28, no KL 

penalty (β = 0)

Batch 8 prompts × 8 samples per step, 900 training 

prompts (creatures, landscapes, objects)

Length 375 steps in 4 h on 1 GPU (37.6 s per step)

Medium function draw(ctx, W, H) on a 384×384 canvas, 

run in a QuickJS sandbox, drawn with Skia

Judge Qwen3-VL-8B. P(Yes) on 4 prompt questions 

(subject + 3 details) and 10 craft questions

Score P(subject) × (0.3 + 0.3 · details + 0.4 · craft)

Reward Judge score, plus a compile bonus that fades to 0 

by step 100, minus a penalty for replies over 1536 

tokens

Eval 90 held-out prompts × 8 samples at temperature 

1.0. Baseline is the untrained model, judged the 

same way

Every image below is labelled with its judge score from 0 to 1.
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Training curves

Figure 3:  Training metrics per step: dots are single steps, the line is a 15-step running mean. The dashed 

line marks step 250, where the template takes over.

Reward and the subject score rose and then levelled off after about step 200. The craft questions show the 

problem earlier than the images do. “Not crude” and “lighting” began falling around step 100, and they 

dropped again at step 250. “Depth” kept climbing, and framing (the subject large and not cut off) fell after 

step 250.

Figure 4:  Share of white (unpainted) pixels in training rollouts. The rise after step 250 is the empty lower 

half of the template.

Rollouts during training
Four training rollouts per step, each for a different prompt (images are saved for 4 of the 8 prompts in each 

step).

3



(a) Step 0 (b) Step 50

(c) Step 100 (d) Step 150

(e) Step 200 (f) Step 250

(g) Step 300 (h) Step 374

Figure 5:  Training rollouts over the run, four prompts per step.

Up to step 200, each prompt gets its own composition, and some (a bus, a bear, a gift box) are better than at 

step 0. The template appears at step 250 and dominates by step 374.

Held-out eval: trained vs. baseline
Paired over 90 prompts, with 95% bootstrap intervals. All values are judge P(Yes), except tokens. The craft 

keys are oriented so that higher is better (“not crude”, “no mistakes”).

Metric Baseline Trained Difference 95% CI

Reward 0.505 0.637 +0.132 [+0.081, +0.185]

Judge score 0.461 0.634 +0.173 [+0.116, +0.231]

Renders 0.983 0.982 −0.001 [−0.015, +0.013]

Subject present 0.534 0.772 +0.238 [+0.172, +0.303]

Prompt details 0.778 0.832 +0.054 [+0.010, +0.098]

Craft mean 0.654 0.575 −0.078 [−0.112, −0.044]

Depth 0.514 0.948 +0.434 [+0.367, +0.503]

Detail / texture 0.312 0.469 +0.157 [+0.101, +0.214]

Contrast 0.753 0.806 +0.052 [+0.004, +0.101]

Anatomy 0.641 0.603 −0.038 [−0.098, +0.025]

Focal point 0.833 0.780 −0.053 [−0.102, −0.006]

Professional 0.710 0.599 −0.111 [−0.169, −0.052]
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Metric Baseline Trained Difference 95% CI

Framing 0.737 0.578 −0.159 [−0.217, −0.105]

No mistakes 0.909 0.644 −0.265 [−0.313, −0.216]

Lighting / shading 0.376 0.097 −0.278 [−0.340, −0.219]

Not crude 0.755 0.231 −0.524 [−0.583, −0.463]

Tokens per reply 1024 1486 +462 [+431, +493]

Two pixel statistics, independent of the judge, point the same way:

• Unpainted canvas: 7% for the baseline vs. 34% for the trained model.

• Images from different prompts became more alike: the mean L1 distance between 32×32 

thumbnails from different prompts fell from 0.391 to 0.347.

• Variety within one prompt is unchanged: 0.159 vs. 0.160.

Side by side
Each row is one prompt. The left four images are the baseline and the right four are the trained 

model. The prompts are random: 4 per category, not picked by score.

(a) A horse running across a field

(b) A fox sitting in the snow

(c) A duck swimming on a pond

(d) A parrot with red and green feathers

Figure 6:  Creatures: baseline (left four) vs. trained model (right four).
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(a) A train crossing a viaduct through mountains

(b) A field of sunflowers under a blue sky

(c) A farm with a red barn next to a wheat field

(d) A misty lake with a wooden pier

Figure 7:  Landscapes: baseline (left four) vs. trained model (right four).
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(a) A hot air balloon in a clear sky

(b) A lightbulb glowing against a dark background

(c) A donut with pink icing and sprinkles

(d) A traffic light showing red at night

Figure 8:  Objects: baseline (left four) vs. trained model (right four).

How the judge is fooled
These are creature and object prompts where the trained image scored above 0.8 but the judge’s framing 

score was among the lowest (one image per prompt). In every case the judge answered “yes, the subject is 

there” with P ≥ 0.96.
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(a) Person on a hill 

looking at the stars

(b) White coffee cup 

on a saucer

(c) Gold pocket watch 

with its chain

(d) Rabbit in a meadow

(e) Dragonfly hovering 

over a pond

(f) Cat silhouette on a 

windowsill

(g) Blue vase with a 

single sunflower

(h) Desk lamp on an 

open notebook

(i) Golden key on red 

velvet

(j) Hedgehog in 

autumn leaves

(k) Ladybug on a 

green leaf

(l) Frog on a lily pad

Figure 9:  Trained-model images scored above 0.8 although the subject is tiny.

The program behind one of the frog images shows the pattern. It spends 45 of its 116 lines on sky, sun, 

hills, water and grass before the frog appears. The frog’s body is then an 8 × 4 px ellipse on a 384 px 

canvas:

    // 8. The Frog Body (Olive Green)

    const fx = 150;

    const fy = 270;

    // Body

    ctx.fillStyle = '#6B8E23';

    ctx.beginPath();

    ctx.ellipse(fx, fy, 8, 4, 0, 0, Math.PI * 2);

    ctx.fill();
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Figure 10:  The frog image drawn by this program. Judge score 0.94.

The trained model’s highest-scored images
These are the highest-scored eval images, one per prompt, with framing above 0.5. They show the same 

scene template: dark or sunset sky, horizon, small subject.

(a) Jellyfish glowing in 

dark water

(b) City skyline at 

sunset

(c) Full moon over a 

calm sea

(d) Flock of birds 

across a sunset

(e) Lit candle in a dark 

room

(f) Smiling cartoon sun (g) Crescent moon 

above a village

(h) Lantern hanging 

from a hook

Figure 11:  The trained model’s highest-scored eval images.

What went wrong, and what to change
1. The subject question checks presence, not size. A recognisable 10 px frog passes, and it gates the 

rest of the score. Change: ask whether the subject is “large and clearly visible”, or multiply the subject 

score by framing.

2. “Depth” is easy to satisfy with a fixed layout. A horizon and a far row of trees answer it. Change: 

drop it, or cap its weight.
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3. Nothing held the policy near the base model. β = 0 was chosen for speed. Change: use a small KL 

penalty (β ≈ 0.01), or stop near step 200.

4. The early warning was in the logs. The craft mean peaked at step ~100 and “not crude” fell from then 

on. Change: look at rollout images every 50 steps, and keep every checkpoint, not just the last two.

Reproduce
Figures and numbers: uv run --no-sync --with matplotlib python reports/canvas-4h/

make_figures.py, run from the project root. That writes figs/ and numbers.json. Render with quarto 

render reports/canvas-4h/report.qmd.
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