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This supplementary document provides additional details on dataset con-

struction, implementation, computation cost, diagnostic analyses, extended ex-
periments, qualitative results, and limitations. For ease of navigation, we provide
a roadmap of the supplementary contents that support the main paper:

Sec.[A} Details on Annotation and Statistics of the New Test Data.
This section expands the details on the newly introduced Anita-Pirate data,
with the complete construction pipeline, licensing information, and dataset
statistics/comparisons that justify its role as a long-video stress test.

Sec. B Additional Implementation Details. This section provides fur-
ther details for reproduction: metric definitions, backbone configurations,
detailed view expansion steps and end-to-end runtime comparisons.

Sec. [C} Further Comparisons to Previous Works. This section reports
an additional evaluation under the same shorter-clip in-between protocol
related to Feng et al. |7] and additional details on pixel-generative baselines.
Sec. Additional Analysis on Reference Expansion and Probabil-
ity Aggregation. This section supports the motivation of the main paper
(Sec. 3.3-3.4) by analysing how the “quality” of colour probabilities changes
as the number of reference views and correspondence aggregation differs.
Sec. [E} Additional Temporal Stability Analysis. This section further
proves that our method achieved better video-level temporal consistency.
We report an additional temporal stability metric together with curves and
qualitative results, revealing how performance evolves over time.

Sec. |k} Extension to Natural Video Region Label Propagation. This
section supports the generality of PECA beyond paint-bucket colourisation
task by conceptually extending it to a new task of semantic label propagation
over regions from a generic video segmentation dataset.

Sec. [G More Qualitative Results. This section provides additional vi-
sual comparisons under different reference settings and backbones, comple-
menting the representative examples shown in the main paper.

Sec. [Ht Limitations. This section expands the limitations discussion by
detailing failure modes related to imperfect line segmentation and incomplete
reference coverage, together with future directions.

We also include an accompanying video named 6189_supp.mp4 with addi-

tional qualitative results.
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A Details on Annotation and Statistics of Anita-Pirate

For the same-video colourisation experiments in the main paper, we introduce
Anita-Pirate, a stress-test case study with a much longer video, to validate the
long-horizon stability of our method. To construct this stress test, we select
the longest continuous sequence from Anita , which provides hand-drawn line
sketches paired with intermediate colourisation targets. The source animation
video is licensed under a CC-BY licence. Our goal is to convert the raw data into
production-ready line sketches paired with region-level colour annotations for
standard paint-bucket evaluation. This requires addressing several mismatches
between the raw data format and production-style annotation.

Raw line Raw colour Production-level line Merged segments

Final coloured image

Fig. S1: Visualisation of Anita-Pirate construction pipeline: Raw line, Raw
colour, Production-level line, Merged segments, and Final coloured image, each corre-
sponds to an intermediate stage of annotation.

To begin with, we first verified that all frames have properly enclosed re-
gions by applying flood-fill segmentation that reveals enclosed regions, and
manually fixed the detected leakages. After that, another issue in the original
data is that shadow and highlight boundaries are completely absent from the
raw line sketches (first column in Fig. . We therefore infer such boundaries
from colour discontinuities by running flood-fill segmentation on coloured im-
ages (second column in Fig. and merging the boundaries into the line map.
In the resulting line sketches, original artist lines are preserved in black, while
newly introduced shadow /highlight separators are encoded in pure blue follow-
ing industrial convention, yielding near production-level line sketches in the third
column of Fig,.

After line merging, we performed flood-fill segmentation again on the con-
structed production-level lines and assigned the majority colour to each region
as illustrated in the last two columns of Fig. It can be seen that the resulting
frames recover the appearances and colours from the raw coloured frames suc-
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Table S1: Statistical comparison of Anita-Pirate against existing test sets.

Dataset |PBC-3D [6| PBC-Real [6| Anita-Pirate (Ours)
Avg. Video Length (Frame) 20 10 206

Frame Resolution 1024 x 1024 mixed! 1920 x 1080

Avg. Regions per Frame 68.26 89.19 139.67
Unique RGBA Colours 196 271 366

TPBC—Real contains mixed resolutions: 512 X 512, 1024 x 1024, 1280 X 1280, and 1600 X 1600.
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(a) Top-20 colours by segment count. (b) Top-20 colours by pixel count.

Fig. S2: Non-transparent colour-distribution visualisation for Anita-Pirate.

cessfully. We then export both the region index map and the segment-to-RGBA
mapping, which are directly compatible with PBC datasets [5].

The final Anita-Pirate test set contains 28,773 annotated segments in total.
Key dataset-level comparisons to PBC-3D and PBC-Real @ are summarised
in Tab. Beyond these per-frame statistics, we further visualise the palette
distribution of Anita-Pirate in Fig. [S2} These statistics indicate that the newly
introduced test case Anita-Pirate features a longer sequence, denser region lay-
outs, and a richer colour palette.

B Additional Implementation Details

B.1 Evaluation Metrics

In the main paper experiment Sec.4, we evaluate at both segment level and pixel
level using exact discrete RGBA equality after palette colour decoding. Let N be
the number of valid target segments in a frame, a; be the pixel area of segment
i, y; and g; be ground-truth and predicted RGBA labels, and «(-) denote the
alpha channel. We list the complete metric calculations below:

| X
Acc = N ;1[?% = yil- (i)
1
Acc-Thresh = —— 1y =vi], I ={i|a; > 10} ii
|I>10| Z [y Y ] >10 { | } ( )

1€ls10
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> @i 1[G = yi]
> i .
>0 ai Lo(y:) > 0] 1[g; = yi (iv)
Satlat) >0
where the background is defined by transparency (o = 0). Let b; = 1[a(y;) =
0] and b; = 1[a(;) = 0]. The background IoU at pixel level is:

Pix-Acc = (iii)

Pix-F-Acc =

Pix-B-MIoU = = .
Ziai]l[bi =1Vvb, = 1]

(v)

All final metrics are averaged over all per-frame metrics evaluated. Here, Acc
measures segment-wise exact RGBA accuracy (all segments equally weighted),
while Acc-Thresh excludes tiny segments to reduce noise. Pix-Acc is equiva-
lent to pixel-value accuracy across all pixels, Pix-F-Acc restricts Pix-Acc to
foreground (non-transparent) regions, and Pix-B-MIoU measures the IoU of pre-
dicted vs. ground-truth background (transparent) pixels.

B.2 Details on Foundation Model Usages

In the main text Sec.4, we have run several experiments using various vision
backbone models. For these foundation models or colourisation-pretrained mod-
els, segmented region descriptors are obtained by region pooling over dense fea-
ture maps within region masks obtained by flood-fill , and matched by co-
sine similarity in Lo-normalised feature space. For colourisation-trained method-
s/backbones, we leverage their official checkpoints provided @ In addition
to these previous works, we list the details of other frozen foundation model
sources in Tab. (Note that for Stable Diffusion [21], we follow diffusion-
feature extraction practice from existing works with prompt “a photo of
an anime character.”) As shown, our experiments cover a broad spectrum of mod-
els with different capacities, supervisions, usages and resolutions, demonstrating
the model-agnostic generality of PECA.

Performance differences between backbones should therefore be interpreted
as differences in descriptor quality and pretraining task bias. Self-supervised
features tend to provide stronger region identity, while visual-language and gen-
erative diffusion model features are less directly optimised for local region corre-
spondences. PECA uses the same region-pooling and matching interface for all
backbones, so its gains are measured relative to each backbone’s base inference.

B.3 More Details on Active Reference Expansion (ARE).

In main Sec. 3.3, we mentioned that ARE candidates are generated by applying
joint palette-preserving geometric transforms to the reference triplet (line image,
segment map, colour image). Specifically, the transform order follows:

T = Taffine © Tooo © Tyaip © Thiip- (vi)
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Table S2: Foundation backbones and configurations used in our inference pipeline.

Backbone ‘Checkpoint / Model ID ‘Input Size‘Feature Used ‘Source
DINOv2 ViT-L/14 facebookresearch/dinov2:dinov2_vitl14 518x518 |final patch-token feature map 18|
CLIP ViT-L/14 ViT-L/14@336px 336x336 |visual encoder patch features 19|
DINOv3 ConvNeXT-L|timm/convnext_large.dinov3_lvd1689m 512x512 |forward_features map (timm) 23|
SigLIPv2 ViT-B/16  |timm/vit_base_patch16_siglip_512.v2_webli| 512x512 |forward_features map (timm) 28|
SAM2.1-Large facebook/sam2.1-hiera-large 512x512 |image predictor visual features 20|
Stable Diffusion 2.1 sd2-community/stable-diffusion-2-1 768x768 |U-Net first upsampling block, ¢ = 261/1000 21|

Table S3: Geometric transformation parameters used in Active Reference Expansion
Step (Main text Sec. 3.3).

Transform ‘Apply Prob.‘Parameters
Horizontal flip (Thaip) 0.5 NA
Vertical flip (Tvaip) 0.1 NA
90° rotation (Tooe) 0.2 k ~ Unif{1, 2, 3}, rotate by 90° x k
angle 6 ~ Unif[—30°,30°];
Affine (Tagine) 1.0 translation (Az, Ay) up to £50% of image width/height;

scale s ~ Unif[0.5,2.0]; shear = 0

Each transform is independently determined by probability p. For affine, we use
rotation + uniform scale + translation (no shear). Given an original pixel in
homogeneous coordinates p = [x,y, 1], the transformed point is

scosf —ssinf Az
p =Ap, A= |ssinf scosf Ay|, (vii)
0 0 1

where 6 ~ U[-30°,30°], s ~ U][0.5,2.0], and (Ax, Ay) is sampled translation.
Following standard image affine warping, the transform is applied around the
image centre (cg, cy):

A =T(Az, Ay) T(cy, cy) R(0) S(s) T(—cy, —¢y). (viii)

We fix these transformation parameters (Tab. for all experiments. When
multiple reference images are provided, we split the budget B evenly across
references: we generate mB/|R| candidates and select B/|R| views per reference.
Lastly, the selection is computed against |7;|] = 20 target frames uniformly
subsampled from the target video to bound the selection cost.

B.4 Computation Cost

We report overall runtime on Anita-Pirate, which exhibits the highest per-frame
segment complexity among benchmarks (Sec. using different backbone mod-
els with PECA. All measurements are obtained on a single NVIDIA A100 GPU
with batch size 1 and FP32 inference. We report the total runtime of each method
under the same evaluation setting. As shown in Fig. [S3] although PECA intro-
duces additional test-time computation, the overall pipeline remains substan-
tially faster than earlier diffusion-based or inclusion-matching pipelines [5,/6,/12].
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Fig. S3: Overall latency per frame on Anita-Pirate. All measurements are ob-
tained on an NVIDIA A100 GPU with batch size 1 and FP32 inference.

Overall, these results suggest that the full method remains efficient. Note that
all these runtimes are practical in production settings, where manual colouring
typically requires minutes per tens of frames .

C Further Comparisons to Previous Works

We did not report a direct quantitative comparison to Feng et al. , since their
code, checkpoints, and new evaluation data are not publicly available at the time
of submission. Moreover, their in-between evaluation protocol focuses on short
clips (lengths of 3, 5, and 10 frames), rather than a complete video, which is not
directly comparable to our in-between setting, which considers the rest of the
whole video as the target. Nevertheless, we managed to test our method under
shorter frame sequences (10 frames) as Feng et al. did on PBC-3D dataset,
with results shown in Tab.[S4] The simplest Base training-free feature-matching
baseline already achieves competitive performance with previous works. Adding
PECA on top of this baseline further improves the results.

Table S4: Short-sequence inbetweening colourisation on PBC-3D with
shorter clips of 10 frames, following Feng et al. . Training-free indicates
whether the backbone model is trained on colourisation tasks. (Note that RAFT
used optical flow-based matching.)

Method ‘ Training-free Acc? Acc-Thresht Pix-Acct Pix-F-AccT Pix-B-MIoU 1
ToonCrafter 2 X 9.69 13.11 22.48 12.92 25.64
MangaNinja 1 X 14.21 14.44 53.47 24.73 57.84
LVCD . X 26.59 28.66 58.38 42.94 60.19
BdlePBC X 53.26 56.66 90.88 71.92 96.56
Feng et al X 68.67 72.63 95.42 87.09 97.80
RAFT ‘ v 32.06 36.07 60.74 52.88 88.80
SAM2. 1 ‘ v 67.92 72.13 96.40 89.33 98.49
SAM2.1 + PECA v 73.18 7717 97.16 92.48 98.73

C.1 More Recent Pixel-Generative Baselines

We further compare against recent pixel-generative baselines, including both
earlier methods already covered in the main paper and newer reference-guided
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systems. Since these methods output RGB images rather than region-to-palette
assignments, we follow the DACoN post-processing protocol : resize each gen-
erated image to the target resolution, replace each pixel with the nearest colour
from the reference palette, and unify each line-enclosed segment to its most
frequent projected colour. The resulting palette-preserving images are then eval-
uated with the same metrics as the main paper. The raw generated outputs
are used in qualitative figures to show the original behaviour of pixel-generative
models before this metric conversion. Unless otherwise stated, we use the offi-
cial/default inference settings for each baseline. For Nano Banana 2, a closed-
source model, we use the gemini-3.1-flash-image-preview Google Cloud API
with the default generation api call and the following prompt:

Colorize the target line art using the colored reference character
image. The first image is the colored reference. The second image
is the target line art. Preserve the target line art, pose,
composition, and plain background. Use only colors visible in the
reference image. Return only the final colored image.

Table S5: Modern pixel-generative baseline comparisons. Left: PBC-3D under
the one-shot design-sheet key-frame reference protocol; right: PBC-Real under the first-
frame reference protocol. RGB generation baselines are evaluated after DACoN-style
post-processing before computing paint-bucket metrics.

PBC-3D: key-frame reference PBC-Real: first-frame reference
Method | Acc Acc-Thresh Pix-Acc Pix-F-Acc Pix-B-MIoU Method | Acc Acc-Thresh Pix-Acc Pix-F-Acc Pix-B-MIoU
ColorFlow 972 1081 50.64 9.16 57.17 AnimeColor 3739 40.22 85.25  59.24 90.19
AniDoc [14] 1980 2268 7738 4646 87.32 ToonComposer |L1] 2903 31.28 3243 48.02 22.62
Cobra [3] 1506 17.26 6920  19.72 82.69 Nano Banana 2 [§ 4778 5217 90.39 7163 98.46
MagicColor 2148 2481 1634 44.04 7.63 DACON 1.1 65.82  69.11 9418 80.68 98.76
DACoN 1.1 + PECA|72.04 77.08 97.90 94.04 99.42 DACoN 1.1  PECA 67.64 71.29 94.70 82.11 99.48

D Additional Analysis on Reference Expansion and
Probability Aggregation

As discussed in the main paper Sec. 3.3 and Sec. 3.4, increasing the number of
reference views has two opposing effects. On the one hand, more views improve
target coverage and increase the chance of retrieving the correct correspondence,
which is the main motivation behind Active Reference Expansion (ARE). On the
other hand, a larger reference pool also introduces more distractor matches, so
the benefit of additional views can only be realised when the aggregation rule
is sufficiently selective. This is exactly the role of our Probability Aggregation
(PA). In other words, ARE enlarges the pool of potentially useful colour evidence,
while PA is needed to convert that larger evidence pool into actual gains without
suffering from dilution.
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PBC-3D: key-frame reference
Reference Target Cobra MagicColor PeCA (Ours) GT
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Fig. S4: Raw qualitative comparison for modern pixel-generative baselines.
We show the references, target line sketches, raw RGB outputs and GT under the PBC-
3D key-frame reference protocol and the PBC-Real first-frame reference protocol.

To make this connection more explicit, we analyse how the quality of the
induced colour distribution changes as the number of reference views increases.
We use DINOv2 as the frozen backbone, keep all other settings fixed, and
vary the total number of random reference views included as R € {1, 31,63, 128}.

We compare three inference-time colour propagation rules from correspon-
dence probabilities: top-1 hard copy as in main text Eq. (2), full linear combi-
nation over all source matches (can be viewed as a special case for Eq. (6)
from main text with & = +oo,7 = 1), and the PA soft-voting introduced in
main paper Sec. 3.4. Note that PA soft-voting uses the default hyperparameters
in Main Eq. (6).

To characterise the quality of the colourisation probability P;;, we measure
it from two complementary aspects. First, Uncertainty is measured by Entropy,
which quantifies how concentrated the predicted colour distribution is (lower is
better). Second, Discriminability is measured by GT Margin, which quantifies
how strongly the ground-truth colour is separated from the strongest competing
colour (higher is better). We compute both metrics on non-transparent segments
only (a(yf’i) > 0). Let Ny, denote the total number of non-transparent segments
in the evaluation frames:

Entropy = ]\;n Z [— Z P, i(c)log P i(c) |, (ix)

t
a(yff,-)>0 ceC

GT Margin = Nim Z (x)

a(yf,ti)>0

Pri(yf}) — max P, (c)
Ciyf,i

We conduct the above experiments under the one-shot key-frame colourisa-
tion setting on PBC-3D [6]. From Fig. [S5| we observe three consistent trends be-
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Fig. S5: Colour probability quality vs. number of reference views R. Entropy
() measures uncertainty of P ;, and GT Margin (1) measures the probability gap be-
tween the ground-truth colour and the strongest competitor. Top-1 hard copy yields
near-zero Entropy by construction (one-hot), but has the lowest GT Margin, indicating
less robust decisions under ambiguous matches. As R increases, PA soft-voting im-
proves both confidence (lower Entropy) and discriminability (higher GT Margin), while
full linear combination saturates due to evidence dilution.

yond the performance gains already reported in the ablations (main text Tab. 5).
First, top-1 prediction keeps near-zero Entropy across all R, which is expected
from its one-hot prediction, but it also yields the lowest GT Margin, indicating
limited robustness when the best match is ambiguous. Second, full linear combi-
nation shows the opposite trend: as R grows, Entropy further increases and then
saturates at a relatively high level, while GT Margin improves only mildly. This
indicates that simply adding more views is not sufficient; without the selective
soft-voting, the additional evidence is increasingly diluted by distractor corre-
spondences. This observation is also consistent with the hyperparameter analysis
in the main paper (Fig. 7(a,b)): enlarging the aggregation range by increasing
top-k or 7, thereby moving the behaviour closer to full combination, leads to
clear performance drop, while reducing top-k, which pushes the model towards
top-1 direct matching, also weakens the benefit of expanding reference set.

In contrast, PA soft-voting exhibits the desired behaviour for leveraging
larger reference pools: as R increases, Entropy decreases while GT Margin in-
creases steadily, and the gap to both top-1 and full linear combination becomes
more pronounced at larger R. Taken together, these results support both the
motivation that expanding reference views indeed provides more useful match-
ing evidence, but such possibly noisy evidence requires a controlled aggrega-
tion mechanism to be effectively converted into performance gains rather than
through indiscriminate mixing.
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Fig. S6: Qualitative hyperparameter comparisons. Rows 1-2 vary PA settings,
and rows 3-4 vary ARE selection budget. % marks wrong-colour foreground regions
under each setting.

We further provide qualitative examples for extreme and default hyperpa-
rameter settings in Fig.[S6} The examples are selected from the automatic sweep
outputs by foreground accuracy changes. The extremes produce interpretable
degradations: overly hard PA under-aggregates useful evidence, while broader
PA moves closer to indiscriminate colour mixing; very small selection budgets
reduce reference support, whereas larger budgets saturate around the fixed de-
fault. These qualitative behaviours are consistent with the quantitative hyper-
parameter surfaces in the main paper.

E Additional Temporal Stability Analysis

To further validate robustness throughout the video, we compare Base and
PECA using aggregate curves over relative clip position under the one-shot
design-sheet key-frame colourisation setting for PBC-3D @ dataset. We report
five standard per-frame quality metrics, together with an additional temporal
stability metric defined below.

Temporal stability metric definition. Since exact ground-truth segment tra-
jectories between adjacent frames are unavailable, we evaluate temporal stability
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Fig. S7: Metric curves over relative video clip position (Base vs. PECA).
PECA improves temporal consistency (TM-F1) and consistently improves segmen-
t/pixel quality over time, mitigating long-horizon error accumulation.

on surrogate temporal correspondences, following the same strategy used in CT.
Concretely, for each target segment ¢ at frame ¢, we first define its nearest tem-
poral link to frame t—1 by feature matching using DACoN 1.1 features [16]:

ji (i) = arg max (Frirfi1y)- (xi)

Not all nearest-neighbour links are reliable, so we further retain only cycle-
consistent links as stable:

stable(t,i) = 1 {z = arg max <f‘t,1’j; (i) f'tﬂ-/)} . (xii)

This filtering removes spurious matches and restricts evaluation to reliably track-
able regions. On each stable link, we then evaluate whether the ground-truth
label is temporally consistent, and whether the prediction preserves the same
consistency pattern:

9t = Lyei = Ye—15: (1)) » 9ti = L[ = Ge—1,5: (1)) - (xiii)

Intuitively, g¢; = 1 means the true colour should stay the same along the link,
while g¢; = 1 means the method predicts no colour change. We then compute
per-step precision and recall over stable links:

P — >, Listable(t, )] §+,ig¢,i R - >, Listable(t, )] g¢,ig¢.
¢ S, Astable(t, )] gz, t S, A[stable(t, )] gz,

Finally, the temporal stability metric is defined as the per-step F1 score:

2Pth
P, + R’

(xiv)

TM-F1, = t=2,...,T. (xv)
This completes the calculation of the surrogate temporal stability metric

TM-F1. Higher TM-F1 indicates better temporal consistency, i.e. fewer “colour
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Fig. S8: Visualisation of temporal stability. Compared with previous methods
(BasicPBC-Ref , Base DACoN 1.1 ), our method shows significantly fewer “colour
flickers” over time. More qualitative results are provided in the accompanying video.

flickers” in the output video. As shown in Fig. [S7] PECA remains consistently
above the base inference across nearly the entire clip for all metrics. In particular,
TM-F1 improves from around 91% (Base) to around 97% (PECA), indicating
substantially better temporal stability throughout the sequence. Overall, these
curves suggest that PECA not only improves average colourisation quality, but
also mitigates error accumulation over time. We provide additional qualitative
visualisations for such stability in Fig. [S§ and in the accompanying video in-
cluded.

F Extension to Natural Video Region Label Propagation

To test whether PECA generalises beyond palette-based colour assignment, we
evaluate it on a reference-guided Region Label Propagation task built on the
panoptic video segmentation dataset VIPSeg . Given a target video and
a small set of external reference frame(s), the goal is to assign each target
superpixel a semantic label from its correspondences to reference superpixels.
Ground-truth superpixel labels are induced from VIPSeg panoptic annotations
via maximum overlap, and we evaluate predictions using Segment-wise accuracy
(Seg-Acc), as well as pixel-level accuracy and Mean IoU (Pix-Acc, Pix-MIoU).

Specifically, we use the VIPSeg validation split (343 videos, 8,255 frames)
as targets. For each target frame, we over-segment the RGB image into SLIC
superpixels . Each target superpixel is assigned a semantic category by max-
imum overlap with the panoptic mask, which serves as the ground-truth label
for evaluation.

For this diagnostic experiment, we use the ground-truth panoptic labels to
identify the semantic classes present in each target video, and then greedily
select a small set of external reference frames from the VIPSeg training split
whose union covers these classes. We apply the same SLIC over-segmentation
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Fig. S9: Task formulation for reference-guided region label propagation for
natural videos. Given an external reference frame with panoptic semantic masks,
we compute SLIC superpixels and assign each reference superpixel a semantic class
according to the original panoptic annotation. For the target video, we compute SLIC
superpixels for each frame. Region matching then propagates semantic labels from ref-
erence to target SLIC regions, producing per-region semantic predictions for evaluation.

and maximum-overlap label assignment to the selected reference frames, yielding
reference superpixels with semantic labels.

With these reference—target pairs constructed, we compare two inference
pipelines as in Sec. 4. Base uses backbone features and direct matching (main
paper Eq. (2)) to perform nearest-neighbour superpixel matching and hard label
transfer. PECA enables the full inference pipeline with the same default hyper-
parameters as in the colourisation experiments, aggregating matched semantic
labels to obtain the final prediction. We report results with two generic pre-
trained backbones, DINOv2 ViT-L/14 and SAM2.1-Large [20]. Metrics are
computed per frame and averaged over all evaluation frames following Sec.

Table S6: VIPSeg Region Label Propagation results. All numbers are frame-
wise averages. PECA consistently improves over direct hard matching across both
backbones and all metrics.

Backbone |Pipeline  |Seg-Acc (%) Pix-Acc (%) Pix-MIoU (%)
Base 33.35 33.05 6.78
SAM2I-Large |ppoA (ours)|  38.95 38.79 10.85
. Base 44.12 14.03 12.68
DINOV2 VIT-L/M b p (ours)| 5247 52.38 19.23

As shown in Tab. [S6] PECA yields consistent gains across both backbones
and all three metrics, with qualitative examples in Fig. Although this task is
outside our main scope of paint-bucket colourisation, the improvements suggest
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Reference Target Base PeCA (Ours) GT

Fig. S10: Qualitative results on VIPSeg superpixel region label propaga-
tion. From left to right: first external reference frame with label map, target RGB
frame (input), Base, PECA, and ground truth. Compared with direct matching, PECA
produces more spatially coherent predictions with fewer fragmented labels and better
object coverage. Ground truth denotes the superpixel semantic labels induced from the
VIPSeg annotations.

that PECA captures a more general form of reference-guided region matching
that transfers to natural videos.

G More Qualitative Results

We provide further qualitative results on various settings in separate figures
below. Specifically, we visualise a more comprehensive set of test samples under
different methods and references in Fig. Note that for the pixel-generative
method [12], we follow the post-processing steps in previous work to convert
the raw results to palette-preserving paint-bucket colourisations. In general, our
method shows superior performance under challenging test cases.
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(b) First-frame Reference Colourisation Results

Fig. S11: Additional qualitative comparison under different references. We
show the one-shot reference and target line sketch, followed by the results from Man-
galNinja , BasicPBC(-Ref) @, DACoN 1.1 , our PECA on DACoN 1.1,
and colour ground-truth (right).
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Leak to Background! Over Segmented Fragments!
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Ground-truth Coloured Frame Raw Line-sketch Flood-Fill Segmentation Leak-proof Segmentation

Fig. S12: Segmentation failure modes on amateur-level line sketches from
. From left to right: coloured reference, raw sketch, standard flood-fill segmenta-
tion, and leakage-robust segmentation. Standard flood-fill may leak into the background
when strokes are not fully closed, while leakage-robust segmentation reduces leakage,
but often over-segments the drawing into fragments. These results highlight the gaps
between amateur-level and production-ready line sketches that paint-bucket colourisa-
tion task formulations @ and industry-level animation workflows assume.

H Limitations

Like previous paint-bucket colourisation methods 7 PECA expects line
sketches with sufficiently enclosed regions, so that simple flood-fill segmenta-
tion [24] can be applied. This assumption is consistent with standard animation
production workflows and is therefore largely inherited from the paint-
bucket formulation rather than introduced by our method. When applied to raw
drafts or amateur sketches with broken strokes and leakage, region extraction
may fail and subsequently affect matching and colour assignment.

Possible ways to relax this assumption include draft-line gap closing
and leakage-robust region segmentation [331]. The latter preserves the original
drawing and therefore has been preferred as additional lines may break the
original structure of the target animation. But it often produces more fragmented
regions, which can make matching less stable and increase manual colourisation
workload (with many more fragments to colour) as shown in Fig. Bridging
the gap between raw or amateur-level sketches and production-ready line art is
therefore a promising and largely orthogonal direction for future work IEII

Another limitation comes from incomplete reference coverage. Like other
reference-guided colourisation methods 7 PECA can only propagate colours
that are represented in the available references. Missing views, colours, or part
appearances may lead to systematic colour confusion as shown in Fig. Ac-
cordingly, the geometric transformations in PECA should be understood as inex-
pensive in-plane spatial support, which further reduce moderate pose or layout
gaps, but do not synthesize out-of-plane 3D rotations or colours for surfaces
never observed in the reference pool.

A possible practical direction is a more interactive reference-selection work-
flow that allows dynamic reference growth (as an online setting) in paint-bucket
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colourisation process: instead of simply increasing the number of manually coloured
keyframes (which shifts the workload back to the user and thus reduces the ben-
efit of automation), artists may choose to colour a small subset of the most
informative keyframes or design-sheet views for downstream automatic colouri-
sation. Because ARE selects and reweights from the supplied reference pool, it
can also benefit from expanded pools provided by artist interaction, retrieval,
or generated novel-view references without changing the paint-bucket output
interface. An efficient selection strategy based on layout complexity or feature
coverage, as we already attempted with PECA, may be a valuable direction
to further accelerate automation. To sum up, we view this gap as a promising
orthogonal direction for future work.

kN S
AL
Reference Target Base Ours 6T

Fig. S13: Failure cases caused by incomplete reference coverage. From left
to right: reference, target line sketch, Base and PECA predictions, and ground truth.
Top: missing reference coverage for the target pose leads to incorrect colour assignment
on the helmet back regions. Bottom: a very small visible part in the target frame lacks
sufficient colour evidence in the reference, resulting in local colour confusion.
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