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S1. Method Detail
S1.1. Bilinear interpolation

Here, we provide more detail on bilinear interpolation [7],
where the spatial gradients occur. Let ⌊U⌋ = u0, ⌊V ⌋ = v0,
and define the fractional parts wu = U − u0, wv = V − v0.
The bilinear weights form:

w =


(1− wu)(1− wv)

wu(1− wv)
(1− wu)wv

wuwv

 (S1)

The primitive values at the four neighboring pixels are:

p =


Pi[v0, u0]

Pi[v0, u0 + 1]
Pi[v0 + 1, u0]

Pi[v0 + 1, u0 + 1]

 (S2)

Those four points are depicted as green dots in Fig. S1. The
interpolated value is then:

Mi(x, y) = wTp =

3∑
j=0

wjpj (S3)

S1.2. Backward Pass

Here, we state how the color gradients and alpha gradients
are calculated. Entire forward-backward computation dia-
grams are shown in Fig. S2.

Color Gradients. The gradient with respect to color logits
follows the chain rule:

∂L

∂ck,j
=

∂L

∂Ij
· Tkαk · σ(ck,j)(1− σ(ck,j)) (S4)
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Figure S1. Coordinate transformation and primitive sampling.
Color and opacity from i-th primitive at (x, y) in canvas (black
dot) is sampled from (U, V ) in the primitive’s coordinate (red dot).
Since U and V are not integers, bilinear interpolation from four
nearest lattice points (green dots).

Alpha Gradients. For the Porter-Duff over operator [15],
the alpha gradient incorporates both direct color contribu-
tion and transmittance effects:

∂L

∂αk
=

∑
j∈r,g,b

∂L

∂Ij

(
Tkσ(ck,j)−

Sj

1− αk

)
+

∂L

∂A
TkB

(S5)
where the suffix sum Sj =

∑
m>k σ(cm,j)αmTm and

back-product B =
∏

m>k(1−αm) account for the interde-
pendence of layered primitives.

Half2 Precision. In the backward pass, for all gradi-
ent calculation, we use half2 which packs two FP16,
half, in vector format. Per-parameter gradients are ac-

cumulated per pixel directly into packed half2 buffers
via half2 atomicAdd for the pairs (mx,my), (α, scale),
(θ, cr), and (cg, cb), followed by a lightweight post pass
that unpacks to legacy FP16 arrays. In our measurements,
half atomicAdd matched kernel time but degraded nu-

merical accuracy, whereas half atomicCAS recovered
accuracy at prohibitive cost. By contrast, packed half2

based atomics preserved accuracy, improved throughput,
and reduced memory traffic. Accordingly, we adopt this

1



L

I(x, y) =

K∑
k=1

Tk αk ck, Tk+1 = Tk (1− αk)

∂L
∂I

ci αi = αmaxσ̃iMi(x, y)

∂I

∂ci

∂I

∂αi

νi Mi(x, y) = bilinear
(
Ti, tex(u, v)

)

tex(u, v) =
(
0.5(u+1)(W−1), 0.5(v+1)(H−1)

)

[
u
v

]
= 1

si

[
cos θi sin θi
− sin θi cos θi

] [
x− xi

y − yi

]

∂αi

∂νi

∂αi

∂Mi

∂Mi

∂tex

∂tex

∂(u, v)

xi yi si θi

∂Mi

∂xi

∂Mi

∂yi

∂Mi

∂si

∂Mi

∂θi

forward
backward(gradient)

Figure S2. DiffBMP computation tree (forward/backward). Forward uses premultiplied-alpha Over in front-to-back order; per-primitive
opacity is a sigmoid-scaled value modulated by a template mask sampled at rotated/scaled coordinates. Learnable leaves (gray) are
ci, νi, xi, yi, si, θi. Red dashed arrows indicate gradient flow. See Sec. 3.1.1 for equations.

path and dispense with block-local reductions, aligning with
our accuracy–throughput goal.

S1.3. CUDA Implementation Details

In T = 32 settings, we partition the canvas into 32×32 tiles
on the CPU and assign each primitive to all tiles its bound-
ing box overlaps. Each CUDA thread block processes one
tile with 32 × 32 threads (one thread per pixel), achieving
full pixel-level parallelism. We adopt a tile-and-bin CUDA
pipeline, following tile-based differentiable splatting prac-
tices as in [21], adapted here for 2D bitmap primitives.

S1.3.1 Forward Pass

Primitive templates are loaded into shared memory per
block. FP16 halves bandwidth and enables tensor core ac-
celeration via hfma() intrinsics.

S1.3.2 Backward Pass

The backward kernel uses the same grid structure (32× 32
threads per tile-block). Each thread rebuilds its cached
primitive list and computes gradients via the chain rule.



Algorithm 1 Forward Pass Kernel (FP16)

Require: N primitives {(xi, yi, si, θi, νi, ci)}Ni=1, tile-primitive
mapping

Ensure: Output image I , alpha channel Iα
1: Grid: (⌈Wcanvas/32⌉, ⌈Hcanvas/32⌉) blocks, each with 32×32

threads
2: Each thread handles pixel (x, y) in canvas coordinates
3: for each primitive i assigned to this tile do
4: Transform (x, y)→ (u, v) in primitive space via Eq. (1)
5: Compute Mi(x, y) via bilinear interpolation at (u, v)
6: if Mi(x, y) < ϵ then skip
7: end if
8: Compute αk = αmax · σ(νi) ·Mi(x, y), ck = σ(ci)
9: Cache αk, ck in global memory (FP16)

10: end for
11: Alpha composite: T ← 1, C ← (0, 0, 0)
12: for each cached primitive k do
13: Store Tk for backward; C ← C+Tαkck; T ← T (1−αk)
14: end for
15: Write I[x, y]← C, Iα[x, y]← 1− T

For the Over operator, gradients depend on suffix sums as
shown in Sec. 3.1.2. Geometric gradients (xi, yi, si, θi) flow
through bilinear sampling of Mi(x, y) [7] as in Sec. 3.1.2,
where ∂Mi(x,y)

∂u and ∂Mi(x,y)
∂v come from bilinear inter-

polation. We accumulate gradients using packed half2

atomic operations for parameter pairs (xi, yi), (νi, si),
(θi, cr,i), and (cg,i, cb,i), which halves atomic contention
while maintaining accuracy compared to unpacked FP16
atomics.

S1.3.3 PSD Export

For per-primitive layer generation, we avoid atomics by ren-
dering each primitive to its own cropped buffer. The export
uses higher resolution (e.g., 2× or 4×) and proceeds in two
stages: First, we compute the bounding box bboxi for each
primitive at the export scale ρ in parallel across N threads.
Second, we launch a 3D CUDA grid with dimensions (tiles
in x, tiles in y, primitives), where each primitive i is ren-
dered in parallel to its own layer Li by computing Mi(x, y),
α, and c as in the forward pass, and writing to local coor-
dinates within bboxi. This primitive-level parallelism elim-
inates atomic operations, while memory scales with bound-
ing box areas rather than full canvas, enabling 4K+ exports.
Layers are editable in Photoshop/After Effects.

S1.4. Heuristics and Losses for Dynamic and Spa-
tially Constrained Rendering

S1.4.1 Dynamic DiffBMP for Videos

DiffBMP can be easily extended to rendering sequential
frames by warm starting from previous frames (initial-
ize Θf from Θf−1⋆), as in [12] for 3DGS. We add two

lightweight controls here, targeting two specific problems:
(i) over-dominant “stuck” primitives in changing regions
and (ii) drift in static regions that causes flicker.

Primitives “Stuck” in regions of change. Fig. S3 illus-
trates the “stuck” failure and why it occurs. After warm
start, new foreground content in If may appear where the
previous frame If−1 contained background. Without rigid-
ity constraints [12], the optimizer takes the steepest path
by recoloring background primitives instead of relocating
the correct foreground ones. This is a situation we do not
want. Large, opaque, front-ordered primitives that sit over
high inter-frame change absorb the gradients the other prim-
itives. They just get recolored, suppressing high-frequency
detail and leaving the finer primitives behind them subopti-
mal.

Primitives modified in static region. Updating a single
primitive affects all pixels under its footprint—including
regions with no inter-frame change. These unintended ed-
its in static areas perturb the loss and trigger compensatory
updates in neighboring primitives, creating a cascade that
propagates across the frame (see Fig. S4b). To arrest this
drift, we compute at each step a difference mask D :=
1(If−1

target ̸= Iftarget) and freeze every primitive whose bound-
ing box does not intersect D; only primitives overlapping D
are allowed to update. This localizes parameter changes to
actually changing content, prevents the cascade and visible
flicker.

Algorithm 2 formalizes the procedure: (1) compute per-
primitive bounding boxes Bi and freeze flags from the inter-
frame difference mask D; (2) partition the canvas into an
nh×nw spatial grid to localize decisions; (3) within each
region, rank non-frozen primitives by a visibility-weighted
score and decay the opacity logit of the top-K candidates
by a factor η ∈ (0, 1). A primitive is considered stuck if it
satisfies all three criteria simultaneously: large scale (si ≥
τscale ·W ), high opacity (αi ≥ τα, where αi = αmaxσ(νi)),
and front z-order (depth rank above the ζ percentile within
its region). Here, (nh, nw) controls spatial granularity, K
caps interventions per region, ζ targets front-most strokes,
τscale and τα gate eligibility, and η controls decay strength.
The procedure is lightweight, data-agnostic, and adds neg-
ligible overhead.

S1.4.2 Rendering with Spatial Constraint

Re-initialization Mechanism. When enabled, Primitives
with σ(νi) < prune threshold (typically 0.3) are re-
initialized. This occurs every prune iterations (50), ex-
cluding an initial warmup period and final iterations (op-
tional) to prevent destabilization. Instead of pruning the
transparent primitives as in [13], pruned primitives are re-
initialized randomly, following our Structure-aware initial-



(a) Target Frame (b) Initialized
from Θf−1⋆

(c) (b) + Removing
Stuck primitives

r 3 frames
� 256×109

/ 3.8s, VRAM 0.7GB
27.20 dB

/ 3.8s, VRAM 0.7GB
27.89 dB

Figure S3. Frame-wise Fidelity Heuristic of Dynamic DiffBMP.
Warm-starting from Θf−1⋆ can leave an over-dominant primitive
sitting over a high-change area; rather than relocating, it gets recol-
ored and suppresses local detail, as in b. We apply Removing Stuck
Primitives: adaptively decaying the opacity of large, opaque, front-
ordered strokes so finer primitives behind them take over. This re-
stores facial detail and improves fidelity under the same budget.

(a) Ground Truth (b) Initialized
from Θf−1⋆

(c) (b) + Freezing
Unchanged Primitives

r 17 frames
� 512×529

/ 240s, VRAM 0.8GB
tLP↓ 9.26

/ 223s, VRAM 0.8GB
tLP↓ 1.11

Figure S4. Anti-flicker via freezing unchanged regions. We vi-
sualize inter-frame change with an error map E = 5·(I1 − I17) +
127, where I1 is the first frame and I17 the last frame. Mid-gray
(≈ 127) indicates no change; brighter/darker values denote larger
differences. If all primitives are freely optimized, spurious updates
appear even in static regions, producing widespread flicker, as seen
in b. Our remedy c freezes primitives, concentrating updates only
where the video truly changes.

ization (Sec. 3.2.2).

S2. Experimental Configuration Details

This section provides a comprehensive description of the
experimental settings used to generate all figures in the
main paper. All configuration files are available in the
configs/ directory of our repository. Parameters not ex-
plicitly specified in individual configs default to values de-
fined in pydiffbmp/util/constants.py.

Algorithm 2 Dynamic DiffBMP for Videos

Require: Primitives {Θi = (xi, yi, si, θi, νi, ci)}Ni=1, spa-
tial grid size (nh, nw), inter-frame difference mask D ∈
{0, 1}H×W , thresholds {τscale, τα, ζ}, per-region budget K,
decay factor η

Ensure: Updated opacity logits {ν⋆
i }Ni=1

1: Step 1: Compute freeze masks
2: for i = 1 to N do
3: Compute bounding box Bi from (xi, yi, si, θi)
4: freezei ← 1(Bi ∩ support(D) = ∅) ▷ freeze if no

overlap with change
5: end for
6: Step 2: Partition canvas into nh × nw spatial regions
7: for each regionRj in {1, . . . , nh × nw} do
8: Pj ← {i | (xi, yi) ∈ Rj} ▷ primitives in region j
9: Step 3: Score primitives by visibility and stuck criteria

10: for each primitive i ∈ Pj do
11: αi ← αmax · σ(νi)
12: Evaluate stuck criteria:
13: c1(i)← 1(si ≥ τscale ·W ) ▷ large scale
14: c2(i)← 1(αi ≥ τα) ▷ high opacity
15: c3(i)← 1(depth-ranki ≥ ζ · |Pj |) ▷ front z-order
16: is stucki ← (c1(i) + c2(i) + c3(i) = 3)∧ (¬freezei)
17: scorei ← si · αi · is stucki

18: end for
19: Step 4: Select and decay top-K stuck primitives
20: Sj ← top-K{scorei | i ∈ Pj} ▷ by descending score
21: for each i ∈ Sj do
22: ν⋆

i ← η · νi ▷ reduce opacity
23: end for
24: end for
25: return {ν⋆

i }Ni=1

S2.1. Common Hyperparameters

Table S1 summarizes hyperparameters and settings that are
consistently used across all or most experiments. These
form the foundation of our optimization pipeline.

S2.2. Figure-Specific Configurations

Table S2 details the key parameters that vary across differ-
ent figures in the main paper. Each row corresponds to a
specific subfigure or experiment. For more detail and specs,
please check the code provided in the supplementary mate-
rial.

S2.3. Detailed Descriptions of Main Figures

Figure 1: Teaser Examples. The teaser presents various
applications of DiffBMP. Seurat Painting Composition
(1a) uses 2000 fingerprints and 2000 autographs on separate
image regions at 1024px resolution. The fingerprint primi-
tives use radial transparency=true to create smooth
fading effects. The Marilyn Monroe assemblage (1b)
employs 300 brand logos [9] with c blend=1.0 to pre-



Table S1. Common hyperparameters used across experiments. These settings are applied to all experiments unless explicitly overridden
in figure-specific configurations. Values marked with † come from constants.py when not specified in config files.

Category Parameter Value / Description

Initialization

initializer structure aware (default for most; random for Fig. 8)
v init bias −4.0 (yields σ(−4) ≈ 1.8% initial opacity)
std c init† 0.02 (color initialization noise std)
variance window size† 7 (local variance computation window)
variance base prob† 0.1 (base sampling probability for low-variance areas)
max prims per pixel† 100 (200 for spatially constrained cases)

Optimization

num iterations 100–500 (task-dependent; see Tab. S2)
learning rate.default 0.1 (base LR; scaled by gains below)
lr gain x† 10.0

lr gain y† 10.0

lr gain r† 10.0 (scale parameter)
lr gain v† 1.5 (5.0 for spatially constrained; see Tab. S2)
lr gain theta† 1.0

lr gain c† 1.0
do decay true (exponential LR decay)

Rendering
do gaussian blur true (soft rasterization, Sec. 3.2.1)
blur sigma† 1.0
alpha upper bound 1.0 (0.7 for spatially constrained)

Loss loss config.type mse or combined (see Tab. S2)
bg color† white (default); random for no-bg cases

Postprocessing psd scale factor 2.0 or 4.0 (export resolution multiplier)
compute psnr true (for quantitative evaluation)

serve the original logo colors, using a combined loss with
grayscale L1 (weight 1.0) and MSE (weight 0.2) to main-
tain luminance structure. The flower video composition
(1c) consists of two parts. First, background flower prim-
itives are optimized using a circle mask. Second, for the
foreground video of the girl, an initial frame is optimized
with a spatially constrained image (face region). The subse-
quent frames use warm-start initialization from the previous
frame (Θf−1⋆), combined with our dynamic heuristics: re-
moving stuck primitives and freezing unchanged regions, as
detailed in Sec. 3.3.1 of the main paper.

Figure 2: An illustration of the algorithm flow of Diff-
BMP. The target image I target is spatially constrained us-
ing four semantic masks (hair, skin, neck, cloth) from the
CelebAMask-HQ dataset [10]. The image I depicts the in-
termediate output after 10 iterations, which continues for a
total of 100 iterations.

Figure 4: Heuristics for Dynamic DiffBMP. The example
uses an 8-frame clip from The Gold Rush (Charlie Chaplin).
Warm-starting the current frame from Θf−1⋆ can trap the
optimizer in a local minimum—(b) shows an over-dominant
primitive stuck across the face that washes out detail. In (c)
we apply Removing Stuck Primitives: adaptively decaying
the opacity of large, front-ordered, high-opacity strokes so

finer primitives take over, restoring facial detail and improv-
ing per-frame fidelity.

Figure 5: DiffVG vs ours. These experiments demon-
strate DiffBMP’s superior performance and versatility, par-
ticularly with complex bitmap or vector primitives where
DiffVG struggles. All experiments use 2000 primitives at
512px resolution and are optimized for 100 iterations.

Figure 6: Noisy Canvas Ablation. This ablation demon-
strates the effect of canvas background on primitive cover-
age (Sec. 3.2.3). Configuration (b) uses bg color=white,
while (c) uses bg color=random, encouraging primitives
to fill all regions by blending with uniform noise per itera-
tion.

Figure 7: Alpha Loss and Re Initialization Ablation.
These experiments ablate the alpha loss and re-initialization
mechanisms for spatially constrained rendering(Sec. 3.3.2).
Configuration (a) uses MSE loss only (but it follows the spa-
tially constrained initialization), (b) adds the opacity loss
component (weight 0.3) without re-initialization, and (c)
enables both. We re-initialize primitives with opacity be-
low 0.3 every 50 iterations, with a warmup period of 199
iterations. All use gain v=5.0 to accelerate opacity opti-
mization.



Table S2. Figure-specific experimental configurations. This table shows parameters that differ across experiments, including primitive
details, number of primitives (N ), image resolution, scale range, iterations, and special settings.

Figure Primitive(s) N Resolution Scale Range Iter. Special Settings

Figure 1: Teaser examples
1(a)-fingerprint fingerprint.jpg 2000 1024 [2, 8] 300 radial transparency=true,

c blend=0.0
1(a)-autograph autograph seurat.png 2000 1024 [2, 10] 300 c blend=0.0
1(b) logos/*.png (300 logos) 300 512 [4, 20] 100 c blend=1.0, grayscale L1 + MSE

loss
1(c)-flowers 5 flower types 1000 512 [2, 31] 300 exist bg=false, mask, pruning
1(c)-girl 2 flower types 1000 512 [2, 20] 300+100 exist bg=false, initial+sequential

(17 frames), Algorithm 2, freeze un-
changed

Figure 2: An illustration of the algorithm flow of DiffBMP
2 4 flower types 500 512 [2, 20] 10 exist bg=false, 4 masks, re-

initialization

Figure 4: Heuristics for Dynamic DiffBMP
4(b) cane.png, hat.png 1000 256 [8, 48] 100 sequential (8 frames), Θf−1⋆ init,

MSE+perceptual loss
4(c) cane.png, hat.png 1000 256 [8, 48] 100 sequential (8 frames), Θf−1⋆ init, Al-

gorithm 2, MSE+perceptual loss

Figure 5: DiffVG vs ours
5(a) square.svg 2000 512 [2, 10] 100 use fp16=false

5(b) grass.svg 2000 512 [2, 10] 100 use fp16=false

5(c) paw.jpg 2000 512 [2, 10] 100 use fp16=false

Figure 6: Noisy Canvas Ablation
6(b) Lisc lipy.jpg 1000 312 [2, 50] 100 bg color=white

6(c) Lisc lipy.jpg 1000 312 [2, 50] 100 bg color=random

Figure 7: Alpha Loss and Re Initialization Ablation
7(a) paw complicated.png 3000 512 [2, 64] 300 exist bg=false, lr gain v=5.0,

MSE only w/o mask
7(b) paw complicated.png 3000 512 [2, 64] 300 exist bg=false, lr gain v=5.0,

MSE+alpha loss, w/o re-initialization
7(c) paw complicated.png 3000 512 [2, 64] 300 exist bg=false, lr gain v=5.0,

MSE+alpha loss, w/ re-initialization

Figure 8: CLIP-guided generation
8-amazon flowers/*.png 500 224 [2, 20] 500 CLIP loss, random init, custom LR
8-galaxy maxwell eq*.png 1000 224 [19, 20] 500 CLIP loss, random init, custom LR
8-witch bat.png 500 224 [19, 20] 500 CLIP loss, random init, custom LR

Figure 8: CLIP-Guided Generation. These experiments
use text-prompt guidance via CLIP loss instead of target
images. The initialization is random rather than structure-
aware as no target image structure is available. All config-
urations use ViT-B/32 CLIP model with 16 augmentations,
normalized CLIP embeddings. The Amazon rainforest uses
primitives with small scale [2, 20], while galaxy and witch
use larger primitives [19, 20] to create distinct visual styles.
Additionally, we apply the negative prompt “blurry” with a
weight of 0.1 to mitigate unwanted artifacts.

Spatial Constraint Implementation. Experiments

with exist bg=false (Figures 1c, 2, 6, 7) optimize
foreground-only rendering using Eq. 9 in the main paper.
The alpha loss weight is typically 0.3, and gain v is
increased to 5.0 to facilitate rapid opacity adjustments. The
max prims per pixel is increased to 200 for these cases
to ensure adequate coverage in complex regions.

Dynamic DiffBMP Implementation. For dynamic Diff-
BMP (Figures 1c and 4), we optimize sequential frames
by warm-starting from the previous frame’s optimized pa-
rameters (Θf−1⋆). To prevent stuck primitives and flicker-
ing, we employ two heuristics: (1) Removing Stuck Prim-



itives adaptively reduces opacity of over-dominant primi-
tives that satisfy all three criteria simultaneously (large scale
si ≥ τscale · W , high opacity αi ≥ τα, front z-order ex-
ceeding the ζ percentile). We partition the canvas into an
(nh=4)× (nw=4) spatial grid and select up to K=4 prob-
lematic primitives per region, reducing their νi by a factor
η. This occurs at specific epochs ([20, 45, 70] for Fig. 1c;
[20, 40, 60, 80] for Fig. 4c). (2) Freezing Unchanged
Regions computes an inter-frame difference mask D and
freezes primitives whose bounding boxes do not intersect
D, preventing spurious updates in static regions. Hyperpa-
rameters: τscale=0.1, τα=0.7, ζ=0.7, η=0.3 (Fig. 1c) or 0.1
(Fig. 4c).

FP16 Precision. Most experiments use use fp16=true
for memory efficiency. The FP16 implementation maintains
accuracy through packed half2 atomic operations as de-
scribed in Sec. 3.1.2.

S3. Naive PyTorch Baseline Comparison

To demonstrate the efficiency of our CUDA implementa-
tion, we have compared against a naive PyTorch-based ren-
derer that uses standard tensor operations without tile-based
culling or specialized kernels, in Sec. 4.1.

S3.1. Naive PyTorch Implementation

The naive PyTorch approach processes all primitives for ev-
ery pixel without spatial optimization, as shown in Algo-
rithm 3.

Algorithm 3 Naive PyTorch Baseline (Sequential)

Require: N primitives {(xi, yi, si, θi, νi, ci)}Ni=1

Ensure: Rendered image I
1: X,Y ← meshgrid() over canvas ▷ Full

(Hcanvas,Wcanvas) grids
2: I ← zeros(); T ← ones()
3: for i = 0 to N − 1 do ▷ Sequential CPU loop, no parallelism
4: ∆x← X − xi; ∆y ← Y − yi ▷ (H,W ) tensors per

primitive
5: u, v ← rotate/scale (∆x,∆y) by θi, si
6: mask ← torch.grid sample(Mi, (u, v)) ▷ Generic

interpolation
7: αi ← αmax · σ(νi) ·mask; ci ← σ(ci)
8: I ← I + T · αi · ci; T ← T · (1− αi)
9: end for

10: return I

S3.2. Key Inefficiencies and Performance Analysis

Table S3 summarizes the architectural differences between
the naive PyTorch baseline and our optimized CUDA imple-
mentation. The naive PyTorch baseline suffers from several
critical bottlenecks:

Table S3. Comparison of naive PyTorch vs. our CUDA implemen-
tation

Aspect Naive PyTorch Our CUDA

Spatial culling None Tile-based binning
Primitive loop Sequential (N ) Parallel per-pixel
Memory per iteration O(N ×HW ) O(k ×HW ), k ≪ N
Precision FP32 only FP16 + FP32 mixed
Intermediate tensors (H,W ) per primitive Small per-pixel cache
Atomic operations Many (unoptimized) Packed half2

Gradient accumulation Global sync Per-pixel atomic

Speedup 1× (baseline) 30-50×

Major Bottlenecks. (1) No spatial culling—every prim-
itive is evaluated at all H × W pixels, yielding O(N ×
HW ) work even when most primitives contribute nothing.
For 1000 primitives on 5122 canvas, this is 262M wasted
evaluations. (2) Massive memory allocation—each primi-
tive creates full-canvas tensors for ∆x,∆y, u, v,mask (∼5
GB at FP32 for our example). (3) Sequential loop—the
Python for loop prevents primitive-level parallelism and
forces repeated kernel launches. (4) Generic operations—
torch.grid sample() handles general cases rather than
exploiting our structure.

Our CUDA kernel achieves 30-50× speedup via tile-
based culling (10-100× work reduction), per-pixel paral-
lelism, compact caches storing only k ≪ N affecting prim-
itives, and FP16 optimization with tensor cores.

S4. More Results

Qualitative Results for Table 3. Across our experiments,
DiffBMP handles a wide variety of primitive libraries and
target images within a single optimization framework, yet
the optimization behavior is consistent. It first recovers the
global layout and dominant color structure of a target and
then progressively sharpens local details as optimization
proceeds. This behavior is clearly visible in Fig. S7, where
we visualize the same configurations used in Table 3 of
the main paper. Early iterations already place large primi-
tives that capture silhouettes and large color regions, while
later iterations refine edges, textures, and small features as
overlapping primitives are repurposed and reweighted. The
three rows in Fig. S7 cover different combinations of prim-
itives and targets including photographic images, portraits,
and more stylized graphics, which shows that this coarse to
fine optimization pattern holds across diverse content with-
out task specific tuning.

The Number of Primitives N . In Fig. S8, we vary the
primitive count N from 1000 to 4000 for several pairings
of primitive collections and target images. Larger values of
N mainly improve sharpness, fine texture, and small details,
resulting in PSNR gains.



Scaling with primitive footprint and tile density.. To bet-
ter understand how the rendering workload scales with the
primitive count N , we analyze three complementary de-
scriptors: the normalized primitive footprint Ai/(HW ), the
primitive tile-hit degree τi, and the per-tile primitive den-
sity dt. We use the same primitive families as in the Seurat
painting composition of Fig. 1a, namely fingerprint and au-
tograph primitives. To expose a broader primitive size dis-
tribution, we widen the allowed scale range to [2, 50] in this
analysis instead of using the original Fig. 1a ranges. As in
Fig. 1a, radial transparency is enabled for the fingerprint
primitives. Fig. S5 summarizes the resulting distributions
of Ai/(HW ) and τi, together with the measured runtime,
as N increases. Here, Ai denotes the area of the padded
screen-space bounding box of primitive i, normalized by the
image area HW . τi denotes the number of tiles intersected
by that primitive. dt denotes the number of primitives as-
signed to tile t during CPU binning.

For both primitive families, increasing N shifts the foot-
print CDF toward smaller values and slightly lightens the
τi distribution, indicating that individual primitives become
smaller and intersect fewer tiles on average. However, run-
time still increases monotonically with N . Fig. S6 further
shows that, despite the smaller average footprint of individ-
ual primitives, visually active regions accumulate progres-
sively denser tile-local primitive lists as N grows. Since
the total primitive–tile interaction count satisfies

∑
i τi =∑

t dt, the observed scaling depends not only on primitive
count, but also on how primitive overlap is spatially dis-
tributed across tiles.

S5. More discussion

Initialization with autoregressive/RL methods. Initializ-
ing our method with autoregressive/RL-based methods [2,
4–6, 8, 11, 14, 16–18, 20] and then fine-tuning with Diff-
BMP could potentially yield high-quality images with fewer
primitives. However, the primary goal of this work is to pro-
vide a general rendering engine usable for diverse objec-
tives. Utilizing these existing methods, which often rely on
primitives with pre-defined shapes, falls outside the scope
of our current research. Nevertheless, given that we have
created an easy-to-hack Python interface, we hope that cre-
ators will find it easy to integrate these techniques.

Diff-3D-Raster. Similar to recent work on non-Gaussian
splatting in 3D [1, 3, 19], our work could be extended to
3D for artistic expression, even if it does not offer computa-
tional advantages for real-time rendering. However, existing
studies often use simple analytic primitives like polyhedra,
and we anticipate that 3D raster primitives would present
a challenge due to their significantly higher computational
demands.
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Figure S7. Optimization progress across iterations for three different examples. Each row shows the evolution from iteration 1 (left)
to iteration 100 (right), illustrating how coarse structure emerges early and fine details are refined in later iterations. All three rows reuse
the same primitive sets and target images as the ablation study in Table 3 of the main paper, enabling direct visual comparison with the
quantitative results.
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Figure S8. Effect of primitive count on reconstruction quality across diverse targets and primitive types. Each row uses a different
primitive set (left) to approximate a different target image (right), while columns sweep the number of primitives N from 1000 to 4000. As
N increases, our optimizer consistently sharpens details and improves PSNR across movie posters, portraits, and natural scenes, demon-
strating robust approximation capability over varied image content and primitive shapes.


