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Abstract. Traditional 2D animation is labor-intensive, often requiring
animators to manually draw twelve illustrations per second of movement.
While automatic frame interpolation may ease this burden, 2D anima-
tion poses additional difficulties compared to photorealistic video. In this
work, we address challenges unexplored in previous animation interpo-
lation systems, with a focus on improving perceptual quality. Firstly, we
propose SoftsplatLite (SSL), a forward-warping interpolation architec-
ture with fewer trainable parameters and better perceptual performance.
Secondly, we design a Distance Transform Module (DTM) that lever-
ages line proximity cues to correct aberrations in difficult solid-color re-
gions. Thirdly, we define a Restricted Relative Linear Discrepancy metric
(RRLD) to automate the previously manual training data collection pro-
cess. Lastly, we explore evaluation of 2D animation generation through a
user study, and establish that the LPIPS perceptual metric and chamfer
line distance (CD) are more appropriate measures of quality than PSNR
and SSIM used in prior art.
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1 Introduction

Traditional 2D animators typically draw each frame manually; this process is
incredibly labor-intensive, requiring large production teams with expert train-
ing to sketch and color the tens of thousands of illustrations required for an
animated series. With the growing global popularity of the traditional style, stu-
dios are hard-pressed to deliver high volumes of quality content. We ask whether
recent advancements in computer vision and graphics may reduce the burden on
animators. Specifically, we study video frame interpolation, a method of au-
tomatically generating intermediate frames in a video sequence. In the typical
problem formulation, a system is expected to produce a halfway image naturally
interpolating two given consecutive video frames. In the context of animation, an
animator could potentially achieve the same framerate for a sequence (or “cut”)
by manually drawing only a fraction of the frames, and use an interpolator to
generate the rest.

Though there is abundant work on video interpolation, 2D animation poses
additional difficulties compared to photorealistic video. Given the high manual
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cost per frame, animators tend to draw at reduced framerates (e.g. “on the twos”
or at 12 frames/second), increasing the pixel displacements between consecutive
frames and exaggerating movement non-linearity. Unlike in natural videos with
motion blur, the majority of animated frames can be viewed as stand-alone cel
illustrations with crisp lines, distinct solid-color regions, and minute details. For
this non-photorealistic domain with such different image and video features, even
our understanding of how to evaluate generation quality is limited.

Previous animation-specific interpolation by Li et. al. (Animelnterp [37])
approached some of these challenges by improving the optical flow estimation
component of a deep video interpolation system by Niklaus et. al. (Softsplat
[24]); in this paper, we build upon Animelnterp by addressing some remaining
challenges. Firstly, though Animelnterp improved optical flow, it trained with
an Ly objective and did not modify the Softsplat feature extraction, warping, or
synthesis components; this results in blurred lines/details and ghosting artifacts
in supposedly solid-color regions. We alleviate these issues with architectural
improvements in our proposed SoftsplatLite (SSL) model, as well as with an
additional Distance Transform Module (DTM) that refines outputs using do-
main knowledge about line drawings. Secondly, though Animelnterp provided
a small ATD12k dataset of animation frame triplets, the construction of this
dataset required intense manual filtering of evenly-spaced triplets with linear
movement. We instead automate linear triplet collection from raw animation
by introducing Restricted Relative Linear Discrepancy (RRLD), enabling large-
scale dataset construction. Lastly, Animelnterp only focused on PSNR/SSIM
evaluation, which we show (through an exploratory user study) are less indica-
tive of percieved quality than LPIPS [45] and chamfer line distance (CD). We
summarize the contributions of this paper:

1. SoftsplatLite (SSL): a forward-warping interpolation architecture with
fewer trainable parameters and better perceptual performance. We tailor
the feature extraction and synthesis networks to reduce overfitting, propose
a simple infilling method to remove ghosting artifacts, and optimize LPIPS
loss to preserve lines and details.

2. Distance Transform Module (DTM): a refinement module with an aux-
iliary domain-specific loss that leverages line proximity cues to correct aber-
rations in difficult solid-color regions.

3. Restricted Relative Linear Discrepancy (RRLD): a metric to quantify
movement non-linearity from raw animation; this automates the previously
manual training data collection process, allowing more scalable training.

4. Perceptual user study: we explore evaluation of 2D animation generation,
establishing the LPIPS perceptual metric and chamfer line distance (CD) as
more appropriate quality measures than PSNR/SSIM used in prior art.

2 Related Work

Much recent work has been published on photorealistic video interpolation.
Broadly, these works fall into phase-based [21,22], kernel-based [26,25], and
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Fig. 1. We improve the perceptual quality of 2D animation interpolation from previous
work. (a) Overlaid input images to interpolate; (b) Animelnterp by Li et. al. [37]; (c)
Our proposed method; (d) Ground truth interpolation. Note the destruction of lines
in (b) compared to (c), and the patchy artifacts ghosted on the teapot in (b). Our user
study validates our focus on perceptual metrics and artifact removal.

flow-based methods [24, 16, 28,43], with others using a mix of techniques [1, 2,
6]. The most recent state-of-the-art has seen more flow-based methods [24, 28],
following corresponding advancements in optical flow estimation [14, 39, 15, 40].
Flow-based methods can be further split by forward [24], or backward [28] warp-
ing. The prior art most directly related to ours is Animelnterp, by Li et. al. [37].
While they laid the groundwork for the problem specific to the traditional 2D
animation domain, their system had many shortcomings that we overcome as
described in the introduction section.

Even though we focus on animations “post-production” (i.e. interpolating
complete full-color sequences), there is also a body of work on automating more
specific components of animation production itself. For example, sketch simpli-
fication [36, 35] is a popular topic with applications to speeding up animation
“tie-downs” and “cleanups”. There are systems for synthesizing “in-between”
line drawings from sketch keyframes in both raster [23,44] and vector [42,7]
form. While the flow-based in-betweening done by Narita et. al. [23] shares sim-
ilarity to our work (such as the use of chamfer distance and forward warping),
their system composed pretrained models without performing any form of train-
ing. Another related problem is sketch colorization, with application to both
single illustrations [31] and animations [30,20,5]. These works unsurprisingly
highlight the foundational role of lines and sketches in animation, and we con-
tinue the trend by introducing a Distance Transform Module to improve our
generation quality.

3 Methodology

3.1 SoftsplatLite

As with Animelnterp [37], we base our model on the state-of-the-art Softsplat
[24] interpolation model, which uses bidirectional optical flow to differentiably
forward-splat input image features for synthesis. Whereas Animelnterp only fo-
cused on improving optical flow estimation, we assume a fixed flow estimator



4 S. Chen et al.

a) SoftsplatLite
[
Tl m [
(3 - featuresy warped featuresg i
: imageg

forward warped imageg

warp occlusion maskg infilled features
PRO% flows occlusion- U-net
RAFT/RFR mask
(4 infilling
image, forward warped featuresy prediction

warp warped image; infilled image

ResNet-50 |__J @ acclusion masky .

! features, m

b) Distance Transform %2
Module ﬁ
| Prediction B | normalized s

EDT

|
i

+
~

predicted
normalized
EDT

| v
Y
I

convnet

w imageg m “B | forward | warped EDTs convnet

EDT warp
flows \—I occlusion- | jnfilled
. ‘rfafk normalized prediction refined
- image, - infilling | gpT prediction
m normalized forward +
e EDT - warp K 3
OB : ,

Fig. 2. Schematic of our proposed system. SoftsplatLite (SSL, Sec. 3.1) passes a predic-
tion to the Distance Transform Module (DTM, Sec. 3.2) for refinement. SSL uses many
fewer trainable parameters than Animelnterp [37] to reduce overfitting, and introduces
an infilling step to avoid ghosting artifacts. DTM leverages domain knowledge about
line drawings to achieve more uniform solid-color regions. Artists: hariken, k.k.!

v

(the same RAFT [40] network from Animelnterp, which they dub “RFR”). We
instead look more closely at feature extraction, warping, and synthesis; our pro-
posed SoftsplatLite (named similarly to PWC-Lite [19]) aims to improve conver-
gence on LPIPS [45] while also being parameter- and training-efficient. Please
see Fig. 2a for an overview of SSL.

We first note that the feature extractors in Animelnterp [37] and Softsplat
[24] are relatively shallow. The extractors must still be trained, and rely on back-
propagation through the forward splatting mechanism. In practice, we found that
replacing the extractor with the first four blocks of a frozen ImageNet-pretrained
ResNet-50 [12] performs better; additionally, freezing the extractor contributes
to reduced memory usage and compute during training, as no gradients must
be backpropagated through the warping operations. Note that we also tried un-
freezing the ResNet, but observed slight overfitting.

Next, we observe that forward splatting results in large empty occluded re-
gions. If left unhandled during LPIPS training, these gaps often cause undesir-
able ghosting artifacts (see Animelnterp [37] output in Fig. 3b). Additionally,
subtle gradients at the edge of moving objects in the optical flow field may result

! hariken: https://danbooru.donmai.us/posts/5378938
k.k.: https://danbooru.donmai.us/posts/789765
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(a) Inputs (b) Animelnterp ft. (c) SSL (d) Ground Truth

Fig. 3. SSL vs. Animelnterp ft. [37]. Trained on the same ATD data [37] and LPIPS
loss [45], Animelnterp encounters many “ghosting” artifacts, which we resolve in SSL
by proposing an inpainting technique.

in a spread of dots after forward warping; these later manifest as blurry patches
in Animelnterp predictions (see Fig. 1b). To remove these artifacts, we propose
a simple infilling technique to generate a better warped feature stack F prior to
synthesis (“occlusion-mask infilling” in Fig. 2a):

F=-(MoutWoue(F(lo))+ (1 More)Wiune(F(lh)))

+ % (Mg eWiae(F(1)) + (1 Myiso)Woure(F(lo))) (1)

| =

Zing= 01 JiLAB(l) Wqy(LAB(lo))jj (2)

where Wa s, denotes forward warping from timestep a to timestep b, W' denotes
backwarping, M denotes the opened occlusion mask of the warp, | represents
either input image, and f represents the feature extractor. In other words, oc-
cluded features are directly infilled with warped features from the other source
image. The computation of mask M involves warping an image of ones, followed
by a morphological image opening with kernel k = 5 to remove dotted artifacts;
note that though opening is non-differentiable, no gradients are needed with re-
spect to the flow field as our flow estimator is fixed. Unlike Animelnterp [37], we
do not use average forward splatting, and instead use the more accurate softmax
weighting scheme with negative Ly LAB color consistency as our Z-metric (sim-
ilar as in Softsplat [24]). While it is not guaranteed that this infilling method
will eliminate all holes (it is still possible for both warps to have shared occluded
regions), we find that in practice the majority of image areas are covered.
Lastly, for the synthesis stage, we opt for a much more lightweight U-Net
[33] instead of the GridNet [10] used in the original Softsplat [24]. We may
afford this thrifty replacement by carefully placing a direct residual path from
an initial warped guess to the final output. This follows the observation that
directly applying our previously-described infilling method to the input RGB






