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Abstract. In animation production, paint-bucket colourisation for hand-
drawn animation is a labour-intensive procedure that assigns each en-
closed region in line sketches a colour from reference design sheets. Re-
cent automatic paint-bucket colourisation pipelines mirror this workflow
via region correspondence, but correspondences can be brittle when re-
gions are ambiguous fragments without proper context. In this paper,
we propose Palette Context Assisted (PECA), a new training-free, plug-
and-play framework for animation video colourisation that aims to close
this gap at test-time via reasoning over spatial and temporal contexts.
Extensive experiments on existing benchmarks and a newly introduced
long-video test case show consistent performance boosts.
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“A colour shines in its surroundings.”

Ludwig Wittgenstein

1 Introduction

Hand-drawn animation colourisation is not an unconstrained image synthesis
problem. In production, region colours must strictly follow a discrete celluloid
palette defined by design sheets, and colours must be correctly assigned despite
deformation, occlusion, and changes in the layout of line-enclosed regions [24].
Consequently, transforming line sketches into correctly coloured animation re-
mains a major bottleneck [10]. A particularly labour-intensive stage is the paint-
bucket colourisation, where artists meticulously assign colours to a massive num-
ber of enclosed regions [24]. This step is repetitive yet unforgiving: even mi-
nor colourisation mistakes or boundary leaks can break production-level quality
and lead to costly correction. Although automatic colourisation has improved
markedly with the advancement of generative computer vision techniques [10,40],
fully reliable automated paint-bucket colourisation remains a challenge.
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Fig. 1: Conceptual overview of PECA. Compared to a baseline that colours re-
gions using isolated correspondences, PECA leverages temporal and spatial context to
pick supports for a more reliable colourisation.

Existing automated colourisation approaches can be broadly split into pixel-
based generative models and segment-based pipelines. Pixel-generative meth-
ods [3, 11, 18,32, 35,45, 49, 52|, including recent DiT-based generative models
[17,46,48,53], can produce seemingly pleasing renders, but often violate produc-
tion constraints: colours bleed across ink boundaries and discrete colour restric-
tion is weak or absent [40]. Segment-based methods [2,5-7,20,23,29] instead mir-
ror the paint-bucket workflow by treating colourisation as assigning a colour to
enclosed regions in the target frame from those in reference frames (i.e. coloured
key-frames or design sheets) by regional correspondences. This formulation pre-
serves the exact colour and region constraints by construction. The remaining
difficulty lies in finding robust correspondences between references and target
frame regions that may appear to be completely different.

Most segment-based pipelines solve paint-bucket colourisation by region cor-
respondences, which parse regional similarities to colour label estimations either
by top matches or a weighted combination of them [5,7,8,20,23]. Although some
methods introduce structural or temporal constraints, the per-region assign-
ment is still largely driven by local correspondence scores. In practice, failures
are often not due to a complete absence of correct matches, but arise when cor-
respondences are ambiguous or noisy due to view/pose variations in animation
videos [19,23]. For example, thin fragments under occlusion can be visually am-
biguous on their own, and multiple reference regions may look similarly plausi-
ble. This ambiguity persists and becomes a bottleneck. As a result, despite being
trained on correspondence-based colourisation, such a direct segment matching
& colour propagation pipeline still struggles to deal with spurious correspon-
dences under reference-target appearance gaps [19,23].

A more robust view is that region identity in animation is rarely resolved from
a single isolated match. Humans rely on context when understanding colours in
art [44]: both from similar views in reference images, and the temporal conti-
nuity in target videos themselves. This suggests a complementary direction to
training a stronger backbone: when a direct reference-to-target match is uncer-
tain, spatially similar reference views and temporally neighbouring frames can
provide indirect context support that refines ambiguous colour propagation.
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To this end, we propose a Palette Context Assisted (PECA) inference frame-
work that improves segment matching colourisation with test-time context, as
shown in Fig. 1. PECA is training-free at inference; it fits well to either trained
colourisation models or frozen foundation backbones. It first constructs a target-
conditioned support reference bank, so that reference views are expanded to have
better coverage of the current target shot, reducing the visual gap with spatially-
close context (Sec. 3.3). We then resolve noisy top correspondences with a soft
voting scheme (Sec. 3.4) to reach a consensus that blocks spurious correspon-
dences. Finally, we refine per-region assignments across time, leveraging the con-
tinuity between adjacent frames while avoiding unreliable transfers via a gated
mechanism (Sec. 3.5). Together, PECA turns noisy, isolated segment colouri-
sation into context-aware colour assignments without task-specific training. We
summarise our contributions as follows:

— We propose a plug-and-play Palette Context Assisted (PECA) inference
framework for paint-bucket colourisation, leveraging context at test-time.

— PECA improves the default inference that struggles with region ambiguity,
by aggregating contexts from both spatially-supportive reference views and
temporal continuity in animation videos.

— Extensive experimental analysis on existing benchmarks and a newly in-
troduced long-shot benchmark show consistent gains on both task-trained
and frozen foundation backbones, with particularly larger improvements in
training-free settings.

2 Related Works

2.1 Automated Paint-bucket Colourisation in Animation

Production paint-bucket colourisation assigns each segmented region a colour
from a fixed palette, thus fundamentally relies on region correspondence [24].
Early segment-based methods modelled this problem as geometric or graph-
based matching between regions [20, 29]. These approaches typically assume
moderate motion and rely on handcrafted similarity measures or motion cues,
which fail to handle large appearance gaps and longer videos in production [§].
BasicPBC [7] departs from this simple region matching formulation by explicitly
modelling topology with inclusion and subset matching to handle split/merge
events, and designed propagation strategies tailored to these cases. Feng et
al. [8] further extended this direction with a unified pipeline that augments
adjacent-frame matching with temporal-structural constraints and additional
refinement modules. Compared with earlier methods, they incorporate more
structured matching rules and model-specific post-processing to refine colour
propagation. But still, these works primarily operate under a temporal-local
assumption, where the target frame and reference frames are in the same video.

Key-frame colourisation task relaxes this assumption and considers arbitrary
reference—target pairs, such as design sheets and distant shots. BasicPBC-Ref [6]
adapts the segment-matching framework to this setting by incorporating stronger
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semantic features to bridge pose and layout gaps. DACoN [23] shows that region
matching with powerful foundation model descriptors can already serve as a
strong baseline for key-frame colourisation, and further improves performance
through additional training and model components. Despite such progress, these
prior works still report failure modes on extreme views/poses that are visually
different from reference shots, and the gains from introducing more reference
shots become more marginal as the number of references goes up [23]. This
saturation revealed a universal bottleneck identified in many tasks, when models
fail to find direct correspondences under huge visual gaps [12].

As a response to this bottleneck, our PECA builds on the simplest segment-
matching formulation. Rather than introducing a stronger model for direct corre-
spondence, we focus on improving robustness from a model-agnostic perspective.
By keeping the underlying model unchanged, our approach remains compatible
with both trained segment matching models and frozen foundation backbones,
and isolates the effect of PECA reasoning from model-specific design choices.

2.2 Visual Correspondence by Foundation Models at Test-time

Large pretrained models provide transferable representations that enable training-
free or low-supervision correspondence and region reasoning [14, 25,27, 30]. A

common practice is to pool dense features within regions to build local descrip-

tors, then perform similarity-based retrieval for region matching and propaga-

tion [13,33,36]. Beyond such representation reuse, another line of work [16,21,26,

42,47,50,51] improves the performance of various downstream tasks (including

generic video colourisation) via test-time adaptation, updating model parame-

ters or refinement at inference steps.

In production-oriented animation paint-bucket colourisation, models must
generalise to binarised line sketches with sparse appearance cues [7,24]. As a
result, even strong pretrained region descriptors [25,27,30] can be brittle when
correspondence is solved purely by similarity retrieval without task-specific train-
ing [23]. We thus take a test-time perspective and aim to make inference more
reliable with minimal assumptions on the backbone. Instead of treating each
region match as an isolated decision, we organise region-level evidence into a
palette-space belief and refine it using spatial support from references and tem-
poral support from the target sequence.

3 Methodology

3.1 Problem Formulation

We study production-oriented paint-bucket colourisation for hand-drawn ani-
mation, where each enclosed region should be assigned a colour from a discrete
palette in reference regions. Given a target video clip of T' sketch frames {I;}1 ,,
each frame is partitioned into closed regions S; = {s;;}2*,. A reference set R
is provided as R = {(I), 80 Y }E  where V(") assigns a ground truth
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Fig. 2: The proposed PECA framework overview. Active Reference Expan-
sion (Sec. 3.3) builds a target-conditioned reference support set. Probability Aggre-
gation (Sec. 3.4) aggregates noisy matches into per-region palette colour probabilities
via soft voting. Cyclic-gated Temporal Fusion (Sec. 3.5) fuses colour probabilities
across adjacent frames through cycle-consistent temporal links, altogether improving
colourisation with spatial, probabilistic, and temporal context.

colour label (from a finite palette C = {c1,...,¢c|}) to each reference region in
S (segmented from line-sketches I(") by flood fill [39]). Our goal is to assign
each target region s;; a colour label ;; € C correctly throughout the video.

Following segment-matching pipelines [23,33], we compute a descriptor for
each region by average pooling dense features inside its mask in Eq. (1), and de-
fine cosine similarity S ;) (rj) = (4, fjm>. A retrieval-style baseline in previous
SOTA [23] copies the colour label from the top match as in Eq. (2):

f,; = AvgPool({o(I)[p] | p € s04}), £ = AvgPool({o(I™)[p] | p € s7}), (1)

(T*’j*) = argrr%%x S(tw‘),(r,j)’ e = y](: ). (2)

As discussed in Sec. 1 and Sec. 2, direct correspondence probability S 4), ()
can be ambiguous for colour propagation. This motivates us to propose the
Palette Context Assisted (PECA) test-time reasoning framework that exploits
spatial and temporal context of correspondences and colours during inference.

3.2 Palette Context Assisted (PECA) Framework Overview

We propose PECA, a training-free and plug-and-play inference framework that
improves region matching-based colourisation by constructing and exploiting
context at test time (Fig. 2). PECA first builds a target-conditioned support
bank by expanding the given reference shots to a limited support set that max-
imises spatial coverage to the target video (Sec. 3.3). Then, from the multi-source
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correspondences, a soft top-k voting converts multiple plausible matches into per-
region palette-colour consensus probabilities (Sec. 3.4). Finally, we refine these
probabilities along reliable correspondence links between adjacent frames serving
as temporal context (Sec. 3.5).

3.3 Spatially-Supportive Reference Views Selection

Prior works [6,23] have shown that increasing the number and diversity of ref-
erence shots brings consistent gains for segment-matching-based colourisation,
largely because it improves the chance that a target region finds a reference
region from a similar layout. In real productions, however, we are often given
limited reference RGB images due to the labour-intensive nature of colourisa-
tion. In this regard, a natural next step is to expand this limited reference bank
with test-time augmentation [34], generating new views to reference shots that
possibly provide easier “shortcut” matchings for colour propagation.

However, naive test-time augmentation
is unlikely to scale efficiently at inference
time under this setting [37]. In basic infer-

ence pipelines [5, 23], region assignment is :Ergzl'vm:
resolved from a similarity matrix over all E S
reference-region candidates. Naively aug- s i
menting views, which increases the candi- Omusame E b E
date set indiscriminately, may provide use- | 4 suersacvin Target-Condtioned i R
ful evidence. But the additional views may i P

also increase exposure to high-similarity
distractors [28]. This makes top matches Fig.3: Active Reference Expan-
less stable for ambiguous regions, resulting sion. Regions are encoded as features
in a limited performance gain (see Tab. 5). (¢). There are target segments that
This also aligns with a trend in previous hardly n}atCh the reference (0). Se-
works where further adding more references lecting I a.rg‘et—condltloned views (»),
(>5) shows marginal gains [23]. can maximise coverage fo ftargets,
while provide lim-
We therefore designed active reference jioq support to target video.
expansion (Fig. 3) to make additional ref-
erence views both budgeted and target-aware, forming a spatial context that
best covers the target regions. Starting from the original reference views Vy, we
first generate an augmented candidate pool Vg by applying geometric transfor-
mations (flips, rotations, affine transforms; details in supplementary material).
Rather than keeping all candidates, we select only B views that best support the
target video in the feature space, so the bank is strengthened without indiscrim-
inately enlarging the region candidate set. Specifically, for each candidate view
v € Vayg With region descriptors {f;v)};.vzvl, we measure its support to a target
region (t,4) by the similarity of its best-matching region:

score, (t,i) = Joax, <fm-, fj(v)>. (3)
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We expect the expansion to keep a subset V' C V,y,, such that the resulting
support for (¢,7) is max,cy score,(t,1), i.e. the best support offered by selected
views. We therefore choose B views by maximising a facility-location objective

over target regions in uniformly sampled frames 7, C {1,...,T}:
Ny
F(V) = (0, F(V)st. |V| = B. 4
V) ; Z;glea&(score (t,17) e (V) s.t. V| (4)

In practice, we form an augmented candidate pool of size |Vaug| = mB and
select B views from it. This selection is performed once per target video, with
overhead depending only on mB (see supplementary material for details). Since
F (V) is monotone submodular, a greedy algorithm provides a standard approx-
imation guarantee [15]. The resulting support bank Vy UV improves target-shot
coverage under a fixed budget by actively prioritising views that best support
the current video. Importantly, this selection step controls the exposure to dis-
tractor regions, yielding a more relevant candidate set for subsequent matching.
On the other hand, with more reference shots, naturally, for each target region,
it introduces additional correspondence candidates from different views. This
motivates our next step, which votes multiple high-confidence correspondences
to palette colour probabilities (Sec. 3.4).

3.4 Correspondence Candidate Voting for Colour Palette

When more than one reference shot is available, a target region is naturally sup-
ported by multiple high-confidence candidates from different sources. To better
utilise such probabilistic context, instead of committing to top-1 retrieved re-
gion [23] or full linear combinations [5], we wish to resolve the correspondences
to colour estimations by soft-voting over the top-k correspondence hypotheses.
This produces per-region colour consensus probability over the finite palette from
the relevant correspondence probabilistic context.

Specifically, for each target region (¢,1), let Ny (t,4) denote the top-k can-
didate reference regions under similarity S(; ;) (rj)- We convert similarities into
normalised weights with temperature 7 € (0, 1]:

, exp (S(t,i),(r.4)/7) - -
pei(r,j) = e , (r,7) € Ni(t,1). (5)
' > exp (S, r,/T)
(v ") N (110)

We then vote these weighted matches into the palette colour space:
Pyi(c) = Z pt,z‘(ﬁj)']l[y](»r) ZC} ; ceC. (6)
(7.3) €Nk (£,9)

Here, P;; € A€l summarises the correspondence evidence as colour-level
probabilities, where AlCl denotes the probability simplex over |C| colour entries.
The temperature T controls the sharpness of this soft vote. When k=1 and 7—0,
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it reduces to hard copying as in baseline, while moderately larger k or 7 pool
evidence across matches and reduce sensitivity to spurious correspondence.
Serving as an interface from region correspondence to per-region colourisation
results, the aggregation has two practical benefits for spatial/temporal context:
First, restricting aggregation to top-k candidates avoids the dilution effect of
naive global mixing when the candidate pool gets larger after active expansion in
Sec. 3.3, leading to robust colourisations from soft voting by multiple candidates.
Second, colour probabilities live in a fixed label simplex shared by all frames,
making them directly comparable and therefore suitable for supporting each
other as temporal contexts in Sec. 3.5, unlike matching probabilities that may
change across regions with the same colour identity but in different frame pairs.

3.5 Temporal Cycle-Consistency for Colour Refinement

Now each frame has per-region palette-
colour probabilities constructed from a

strengthened reference support. In addi- Refxnce
tion, animation videos also provide a tem- T
poral cue, in which adjacent frames within © Matched ol

the same video look more similar due to
temporal continuity of videos [4, 40, 43].
Motivated by this, if a direct match be-
tween reference and target failed, an eas-
ier transitive colour-propagation shortcut
can be parsed from the adjacent frames’
correspondences (a temporal context) to Fig. 4: Cyclic-Gated Temporal Fu-
refine the colourisation. sion utilises temporal context by fus-
However, region matching is not al- ing per-region colour probabilities only
ways reliable under changes between ad- along cycle-consistent matches between
jacent frames. If we indiscriminately fuse adjacent frames, refining colours while
. . . . . avoiding unreliable temporal fusions.
information across time, a single spurious
match can be propagated to other frames and amplified. We therefore refine
colour probabilities only along cycle-consistent temporal links, so that temporal
context is used when it is reliable and ignored otherwise, as shown in Fig. 4.
Specifically, between adjacent frames, we compute adjacent-frame region sim-
ilarity A.li, j] = <ft1i,f't,1’j>. We define the forward nearest-neighbour match
from frame t to t—1 as m; (i) = argmax; A.[i,j], ¢ € {1,..., N¢}, and symmet-
rically, the backward match from frame t—1to t as p;(j) = argmax; A:[i,j], j €
{1,...,N;_1}. We treat a temporal link as cyclic stable only if it is bidirectional:

=: Matching?

@ Cyclic Matched!

Target Video

(t,4) is stable if py(m(i)) = . (7)

This cycle-check conservatively filters unreliable correspondences, which is
crucial as the matching between adjacent frames can still be noisy (see Tab. 6).
For cyclic stable links, we fuse colour probabilities with a product update:

Pt,i(c) o Pri(e) - Pi—1 x4y (c), P,; <+ Normalise(f’t7i), celC. (8)
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Intuitively, Eq. (8) reinforces colour propagation for hard cases by leveraging
palette probabilities carried by regions in other frames of the same video, while a
cycle-consistency gate prevents error propagation. We perform one forward sweep
(t =2—1T) and one backward sweep (t =T — 1—1). In the backward sweep,
we apply the same matching, cycle check, and fusion with indices swapped.
In practice, the two passes are complementary: each direction conditions on
different neighbouring frames that may already have more reliable estimates, so
bidirectional sweeping improves robustness and yields more stable colourisation.

4 Experiments

4.1 Experiment Setup

We evaluate on the existing PaintBucket benchmarks [6, 7] sourced from CG-
Rendered and hand-drawn videos. We further test our method against previous
works on a newly constructed long-shot dataset, with 10-20x the length of target
video, compared to previous datasets. Further experiments of segment matching
on generic video dataset and ablations are provided in supplementary material.

PaintBucket-Character (PBC-3D) dataset contains 22 characters with
9-16 reference design-sheets per character; following prior work [6,23], we report
results on the official test split of 3,000 frames.

PaintBucket-Real (PBC-Real) is a hand-drawn test set collected from
professional animation, with 200 frames in total (20 short clips). Since it is not
provided with design-sheet references, we use the first coloured frame from the
clips as references, following previous works [7,8,23].

Anita-Pirate. We annotated a new long-shot benchmark featuring a hand-
drawn 206-frame sequence, with raw data from the Anita dataset [1], which is
more challenging than PBC-Real due to its 10-20x longer time horizon with
roughly 140 segments per frame. It comes with frames with complex region
layouts over a long time horizon. This new challenging test set is available on
our project page, with annotation protocol and licensing details in supplementary
material.

Evaluation protocols: We consider several production-relevant settings.
Firstly, we evaluate standard design-sheet key-frame colourisation, following pre-
vious works [6,23], in Tab. 1. This setting provides a few coloured design sheets
without assuming any temporal relation to the target video, and is therefore
the most general reference protocol [6,23]. We also evaluate video colourisation
under the same-video key-frame colourisation, in which references are sampled
from the target video itself. Note that this is the only reference type available
for PBC-Real and Anita-Pirate without design sheets. We report two proto-
cols from prior works. 1) First-frame reference (Tab. 3): only the first frame
is given as an RGB reference [23]. 2) Two-sided reference (in-between): only
the first and last frames are given as RGB references [8] (Tab. 4). Following
previous works [6-8,23], we report both segment- and pixel-level metrics: Acc,
Acc-Thresh (segments>10 pixels), Pix-Acc, Pix-F-Acc (for foreground), and
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Pix-B-MIoU (for background). All metrics are reported in percentages, and larger
values mean better performance. See supplementary material for further details.

Implementation details: We compare against representative pixel-generative
methods [18,22,52] and segment-based pipelines [6,7,23] under official proto-
cols [6,23]. We build a Base inference for SOTA [23] and frozen foundation
models that perform colourisation using region correspondence, following prior
works. We then apply PECA as a plug-and-play inference framework to var-
ious backbone models, either with or without colourisation task training, and
fixed hyperparameters (top-k=64, 7=0.05 and #views B = 31, m=4.) across all
experiments. Further implementation details, computational costs, and hyper-
parameter settings are provided in supplementary material.

4.2 Main Experimental Results

Results on design-sheet key-frame colourisation. Tab. 1 reports one-
shot key-frame results with design-sheet references on PBC-3D. On task-trained
models, the Palette Context Assisted (PECA) framework further improves the
current SOTA on all metrics consistently. Notably, PECA yields substantially
larger gains on training-free backbones, indicating that PECA’s test-time con-
text reasoning unlocks region matching animation colourisation even for foun-
dation models without colourisation training. Such gain also persists when more
key-frame references are given, as shown in Tab. 2, which reports 5-shot and
max-shot results on PBC-3D. This further shows that more reference shots do
not dilute PECA’s contribution to the task. Fig. 5a shows representative qualita-
tive results, showing our method can help the model overcome a huge appearance
gap between references and target frames when previous base inference failed to.

Results on same-video key-frame colourisation. Tab. 3 reports colourisa-
tion results on PBC-3D and PBC-Real using only the first frame as a reference
to colourise the rest of the video. Including PECA inference provides consis-
tent improvements on the trained DACoN 1.1 pipeline on both domains, and
again yields larger gains on training-free backbones. For in-between colourisa-
tion, Tab. 4 shows that our PECA consistently improves multiple backbones on
both PBC-3D (20-frame clips) and the new long-shot Anita-Pirate dataset. In
the latter, only the first and last reference frames are provided with colours, while
all the remaining 204 frames have to be coloured, given such a limited reference.
All these suggest that test-time context reasoning with PECA can substantially
strengthen existing models’ performance with different model types and supervi-
sions. Such improvements persist when we naturally have better feature coverage
by the temporal proximity of reference-target frames. Corresponding qualitative
comparisons are provided in Fig. 5b and Fig. 6. See more comparisons in sup-
plementary material.
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Table 1: One-shot key-frame (design-sheet) colourisation on PBC-3D. We
follow prior work and use a single design-sheet reference image to colourise the target
video. We compared the PECA framework on both the trained DACoN 1.1 Model
and other frozen foundation models with the base setting that matches the segmented
region features for prediction. Training-free indicates whether the backbone is used
without further training (v) or requires training (X) on colourisation tasks.

Method / Backbone ‘Training—free‘ Acc (%) Acc-Thresh (%) Pix-Acc (%) Pix-F-Acc (%) Pix-B-MIoU (%)
ColorFlow [52] X 9.72 10.81 50.64 9.16 57.17
MangaNinja [18] X 14.86 16.73 7.11 28.52 0.00
AniDoc [22] X 19.80 22.68 77.38 46.46 87.32
Cobra [53] X 15.06 17.26 69.20 19.72 82.69
MagicColor [48] X 21.48 24.81 16.34 44.04 7.63
BasicPBC-Ref [6] X 52.55 56.73 90.53 72.33 94.56
DACON [23] X 67.87 72.58 96.99 91.00 99.08
DACON 1.1 [23] X 68.01 72.87 96.97 91.03 99.11
DACOoN 1.1 + PECA X 72.04 (4.037) 77.08 (4.211) 97.90 (0.931) 94.04 (3.011) 99.42 (0.317)
SAM2.1-Large (Base) [30] | v 34.54 38.95 86.76 54.12 88.37
SAMz2.1-Large + PECA v 46.65 (12.111) 49.92 (10.977) 88.70 (1.947) 66.96 (12.847) 96.70 (8.337)
DINOv3 ConvNeXT-L (Base) [38] ‘ v ‘ 34.90 36.35 71.32 49.79 75.93
DINOv3 ConvNeXT-L + PECA v 45.88 (10.981) 46.97 (10.621) 80.13 (8.811) 60.15 (10.367) 85.38 (9.457)
SigLIPv2 ViT-B/16 (Base) [41] | v | 48.64 51.68 89.24 70.05 91.03
SigLIPv2 ViT-B/16 + PECA v 55.34 (6.707) 58.88 (7.201) 92.48 (3.247) 80.37 (10.321) 93.88 (2.857)
DINOv2 ViT-L/14 (Base) [25] | v | 57.49 61.86 95.35 87.24 97.45
DINOv2 ViT-L/14 + PECA v 61.38 (3.891) 65.58 (3.727) 96.25 (0.901) 89.31 (2.077) 98.62 (1.171)

Table 2: Key-frame (design-sheet) colourisation on PBC-3D with more ref-
erences. PECA show consistent gains under multi-reference protocols from [6,23].

# of Refs‘Method / Backbone ‘Training-free‘ Acc Acc-Thresh  Pix-Acc Pix-F-Acc Pix-B-MIoU
ColorFlow [52] X 12.64 14.37 54.51 15.26 61.22
BasicPBC-Ref [6] X - 64.59 96.12 83.17 98.67
DACON [23] X 73.25 T7.44 97.74 93.70 99.13
DACON 1.1 [23] X 73.91 78.23 97.84 94.28 98.92
5-shot DACON 1.1 + PECA X 77.73 (3.821) 82.39 (4.161) 98.87 (1.031) 97.02 (2.741) 99.45 (0.531)

refs SAM2.1-Large (Base) [30] v ‘ 43.80 46.59 87.66 62.25 96.75
SAM2.1-Large + PECA v 57.23 (13.437) 60.96 (14.371) 91.50 (3.841) 76.52 (14.271) 97.18 (0.431)

DINOV2 ViT-L/14 (Base) [25] v | 6265 66.42 96.77 91.54 97.96
DINOv2 ViT-L/14 4+ PECA v 66.46 (3.811) 70.01 (3.591) 97.73 (0.961) 93.57 (2.031) 98.83 (0.871)

DACON [23] X 74.31 78.48 98.04 94.27 99.10

DACON 1.1 [23] X 75.05 79.23 98.19 94.79 99.16
DACON 1.1 + PECA X 79.03 (3.981) 83.43 (4.201) 99.01 (0.821) 97.21 (2.421) 99.55 (0.391)

max-shot |SAM2.1-Large (Base) [30] v | 46.40 49.30 87.98 63.27 96.59
refs SAMZ2.1-Large + PECA v 56.88 (10.481) 60.50 (11.201) 91.94 (3.961) 77.49 (14.221) 97.29 (0.701)

DINOV2 ViT-L/14 (Base) [25] v | 63.84 67.67 97.07 91.70 98.28
DINOv2 ViT-L/14 + PECA v 67.28 (3.441) 70.82 (3.151) 97.71 (0.641) 93.63 (1.931) 98.59 (0.311)

4.3 Ablations and Analysis

We analyse the three steps in the Palette Context Assisted (PECA) inference
framework on both task-trained and frozen foundation backbone under different
key-frame reference types. Quantitative results are shown in Tab. 5.

Three steps are jointly contributing. Across both reference types and both
backbones, we observe a consistent pattern. Active Reference Expansion (ARE)
only gives a minor performance improvement. That means expanding the refer-
ence bank, even if in a target-aware way, can still lead to confusion, as it may
dilute the exact match with more region candidates. Therefore, further adding
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Reference Target BasicPBC-Ref [6] DACoN 1.1 [23] Ours Groundtruth

ax

(a) Key-frame (Design-sheet) Reference Colourisation Results

Reference BasicPBC [7]

DACoON 1.1 [23] Ours Groundtruth

(b) First-frame Reference Colourisation Results

Fig. 5: Qualitative comparison under two production formulations. We show
one-shot reference and target line sketch, followed by results from BasicPBC(-Ref) [6,
7], DACoN 1.1 [23], our PECA on DACoN 1.1, and colour ground-truth (right).

Probability Aggregation (PA) yields substantial gains by soft-voting across mul-
tiple plausible matches, which reduces sensitivity to spurious matches. Cyclic-
gated Temporal-fusion (CT) then provides additional improvements by exploit-
ing temporal context inside the video, refining per-region colour probabilities.
Combining all steps gives the strongest results, while removing any of them
results in a considerable performance drop, indicating these context cues are
complementary and reciprocal as expected, instead of isolated heuristics.

Step-wise contributions differ by reference types. The relative contribu-
tions of ARE and CT differ between the two reference types. Under design-sheet
references, errors are often driven by spatial mismatch because design sheets
can be far from the target shot in pose and region layout; correspondingly, ARE
tends to contribute more by improving target-conditioned reference support.
Under first-frame references, the reference comes from the same video, and the
appearance gap is smaller, so temporal continuity becomes a stronger cue; CT
therefore tends to provide more noticeable gains. The balance also depends on
the backbone: frozen features benefit more from improved support and aggrega-
tion, whereas the task-trained model benefits more from temporal refinement,
consistent with its stronger correspondence quality.
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Table 3: First-frame Colourisation on PBC-3D and PBC-Real. We include
both colourisation-trained methods (X) and results using frozen backbones (v). Addi-
tional analyses of more baselines [9,17,49] are provided in supplementary material.

Method / Backbone | Training-free| PBC-3D | PBC-Real
| | Acc Acc-Thresh Pix-Acc Pix-F-Acc Pix-B-MIoU| Acc Acc-Thresh Pix-Acc Pix-F-Acc Pix-B-MIoU

BasicPBC [7] X 56.28  60.14 93.00  77.25 9719 [59.31  62.00 9184 7250 98.39
BasicPBC [7] (Online*) X 53.18  58.28 93.57  79.92 96.19  [57.28 6047 92.74  74.92 98.35
DACON [23] X 69.91  73.59 97.30 - - 6585  69.15 93.50 - -
DACoN 1.1'[23] X 7034 74.04 97.30 9113 9917 [65.82  69.11 9418 80.68 98.76
DACON 1.1 + PECA X 7441 78.08  98.11  94.06 99.50  67.64 71.29 9470 8211 99.48
StableDiffusion 2.1 (Base) [31] v [32.93 3452 87.38  58.70 9440  [4645  48.84 89.91 64.13 97.96
StableDiffusion 2.1 + PECA v 40.50 42.01  90.87  71.01 96.51  48.11 49.70  90.89  67.45 98.18
SAM2.1-Large (Base) [30] v [49.10 5246 91.64 7240 97.38  [55.63  58.31 9032 69.21 98.73
SAM2.1-Large + PECA v 58.98  62.89  93.65  79.72 98.11 6041 63.44  93.25  75.99 99.00

* Online setting: the first frame uses the ground-truth reference, and each subsequent frame is colourised using the previous frame’s prediction as the reference.

Y&
i

References

i 6 &
P

© Sergi Miranda Target BasicPBC DACON 1.1 Ours 6T

Fig. 6: Qualitative results of in-between colourisation on Anita-Pirate. It
compares how our proposed PECA performs against existing methods when dealing
with a 10x longer target frame sequence.

Ablation on view selection and cyclic gating. We additionally ablate two
module-internal designs in Tab. 6. For ARE, greedy facility-location selection
(Eq. (4)) consistently outperforms keeping all the random views under the same
budget, supporting that the gain comes from coverage-aware selection rather
than merely adding more augmented views. For CT, disabling the cyclic gate
(Eq. (7)) leads to a substantial performance drop, indicating that gating is neces-
sary to prevent unreliable temporal matches from propagating errors over time.

Hyperparameter sensitivity. Fig. 7a and Fig. 7b visualise the sensitivity
of PA (top-k, 7) and ARE (#views B, exploration factor m) under key-frame
colourisation. Across a wide range of top-k and 7, all metrics vary mildly, in-
dicating stable behaviour. The observed degradations match expected trends.
As 7—0 and top-k — 1, probability aggregation degenerates to simple nearest-
neighbour [23]. Increasing top-k and 7 makes aggregation less selective and ap-
proaches a global mixing of candidates, similar in spirit to linear combination
schemes used in prior work [5], which can overly flatten the colour distribution
and let low-quality matches dilute the prediction. Thus, we select the default set-
ting (7=0.05, top-k=64) that retains multiple plausible matches while keeping
the palette colour probability mass concentrated on high-confidence candidates.
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Table 4: In-between colourisation results. We report results on short video clips
on both the existing PBC-3D [7] testset (20 frames) and a new challenging testset,
Anita-Pirate, with 10x longer frame sequence containing multiple complex subjects.

Method/Backbone | Training-free| PBC-3D | Anita-Pirate
| | Acc Acc-Thresh Pix-Acc Pix-F-Acc Pix-B-MIoU| Acc Acc-Thresh Pix-Acc Pix-F-Acc Pix-B-MIoU

BasicPBC [7] x 6338  67.77 94.84 84.20 97.54 2854 28.97 88.52 39.77 96.63
BasicPBC [7] (Online*) x 5397 59.13 93.74 80.62 96.32 7.71 7 32.97 17.00 35.93
DACON 1.1 [23] X 78.02 82.11 98.48 95.51 99.47 38.16 39.36 94.29 61.65 99.16
DACoON 1.1 + PECA X 80.80 84.82 99.00 97.18 99.58 41.24 42.16 94.29 62.78 99.43
DINOv2 ViT-L/14 (Base) [25] | v |66.25  70.17 97.72 93.36 98.89 2855 29.30 93.06 53.88 99.40
DINOv2 ViT-L/14 [25] + PECA v 69.20  72.60 98.23  94.49 99.33  [31.01  31.81 93.39  57.18 99.49
*Online setting: the first frame uses the ground-truth reference, and each subsequent frame is colourised using the previous frame’s prediction as the reference.

Table 5: Ablation study on colourisation under different reference and
model types. DACoN 1.1 is pretrained on colourisation; DINOv2 (ViT-L/14) is used
frozen in a zero-shot manner. ARE: Active Reference Expansion in Sec. 3.3, PA: Prob-
ability Aggregation in Sec. 3.4, CT: Cyclic-gated Temporal-fusion in Sec. 3.5.

Backbone ‘ARE PA CT‘ Design-sheet (one-shot) ‘ First-frame (one-shot)
| | Acc Acc-Thresh Pix-Acc Pix-F-Acc Pix-B-MIoU| Acc Acc-Thresh Pix-Acc Pix-F-Acc Pix-B-MIoU
X X X |6801L 7287 96.97 91.03 99.11 70.34  74.04 97.30 91.13 99.17
voox X |69.04 7402 97.22 91.67 99.24 70.65 7454 97.29 91.34 99.25
DACON 11 /v X |7061  75.40 97.43 92.52 99.28 72.50  76.17 97.64 92.09 99.38
. X v v|7030 7527 97.21 92.47 99.38 7278 76.56 97.83 92.87 99.35
voox v/ |69.02 7407 97.19 91.68 99.26 70.87  74.80 97.37 9144 99.31
v v/ /|12.04 7708 97.90  94.04 99.42  |74.41  78.08 98.11  94.06 99.50
X X X |57.49 95.35 87.24 97.45 50.50 6299 96.25 87.95 98.47
vooX X |5874 95.96 88.14 98.57 6092  64.53 96.52 88.87 98.64
. v v/ x|60.64 95.94 88.32 98.60 6251 65.61 96.80 89.00 99.06
DINOv2 VIT-L/14| o I5568 9456 8452 9799 |6100 6377 9654  88.76 99.07
v X v |5851 95.89 88.08 98.52 61.16  64.85 96.70 89.10 98.97
v v/ /|61.38 6558 96.25  89.31 98.62  |63.28  66.47 97.13  90.45 99.22

Meanwhile, Fig. 7c¢ and Fig. 7d show that in ARE, the number of selected
views B trades off coverage against cost, while m controls the size of the ex-
plored candidate pool (mB) for greedy selection. Performance saturates quickly
as B increases, and increasing m yields only marginal gains beyond moderate
search breadth. We therefore adopt B=31 and m=4 as a cost-effective operating
point. We provide further numerical analysis and discussions in supplementary
material.

5 Conclusion

To sum up, we introduced a training-free and plug-and-play Palette Context
Assisted (PECA) inference framework for production-level paint-bucket colouri-
sation, where each region must follow a correct colour in a predefined palette.
PECA improves region matching by constructing and validating test-time con-
text: it strengthens spatial context with a target-aware reference expansion,
unifying noisy matching evidence in colour space, and uses adjacent frames as
temporal context to support prediction. In particular, such context can provide
additional support for colour propagation paths when direct matches are am-
biguous. Experiments on existing benchmarks and a new long-video test case
showed consistent gains on both task-trained models and frozen backbones.
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Table 6: Additional one-shot key-frame (design-sheet) colourisation abla-
tions on PECA’s internal designs. ARE Selection uses X=random, v'=greedy
(Eq. (4)); CT Cycle Gate uses X=off, V=on (Eq. (7)).

Backbone ‘Selection‘Cycle Gate‘ Acc Acc-Thresh Pix-Acc Pix-F-Acc Pix-B-MIoU

X v 47.90 51.41 87.60 63.84 96.74
SAM2.1-Large [30] v X 45.92 49.11 88.19 65.49 97.18

v v 50.69 54.59 89.10 69.05 97.39

X v 46.45 48.70 88.61 68.66 90.44
CLIP ViT-L/14 [27] v X 40.30 41.83 88.64 67.45 91.37

v v 48.58 50.94 90.51 73.77 92.19
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Fig.7: Hyperparameter sensitivity for PECA inference under key-frame
(one-shot design-sheet referenced) colourisation. We visualise the sensitivity of
(top-k, 7) in PA (Sec. 3.4) and (#views B vs. m) in ARE Sec. 3.3, reported under
Segment Accuracy and Pixel Accuracy.

Limitations. Similar to prior paint-bucket colourisation methods that rely
on region segmentation and a well-defined palette, PECA cannot fully resolve
failures caused by line leakage or by colours/regions missing from the avail-
able references. This limitation is inherent to palette-constrained paint-bucket
colourisation, which requires strict, discrete colour assignment from reference
palette to target sketch regions. This construction prevents the system from
hallucinating colours that are not supported by reference evidence. We provide
further discussions and failure case analysis of the task formulation and current
methods in supplementary material.

Beyond these limitations, a promising direction is to move from a fixed-
reference setting to an interactive or open-world reference-growth setting. In-
stead of relying only on the provided key frames or design sheets, future systems
may actively acquire additional colour evidence through artist correction feed-
back, generated reference views, or external character-sheet retrieval. Such ex-
tensions would help cover missing poses, parts, and colours, while preserving the
strict palette constraints required by paint-bucket colourisation. We view this
as a natural next step for extending the concept of test-time context reasoning
introduced by PECA toward practical production toolkits.
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