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Figure 1: Character-Centric Understanding of Animated Movies. We propose a pipeline for recognising characters in animated
movies across both visual and audio domains. Our approach involves constructing an audio-visual character bank from online

sources, which is then used for video and audio (voice) animated

character recognition. We use character recognition for two

downstream tasks: Audio Description (AD) generation and character-aware subtitling. The movie clip is from Sing.

Abstract

Animated movies are captivating for their unique character designs
and imaginative storytelling, yet they pose significant challenges
for existing recognition systems. Unlike the consistent visual pat-
terns detected by conventional face recognition methods, animated
characters exhibit extreme diversity in their appearance, motion,
and deformation. In this work, we propose an audio-visual pipeline
to enable automatic and robust animated character recognition,
and thereby enhance character-centric understanding of animated
movies. Central to our approach is the automatic construction of
an audio-visual character bank from online sources. This bank con-
tains both visual exemplars and voice (audio) samples for each
character, enabling subsequent multi-modal character recognition
despite long-tailed appearance distributions. Building on accurate
character recognition, we explore two downstream applications:
Audio Description (AD) generation for visually impaired audiences,
and character-aware subtitling for the hearing impaired. To support
research in this domain, we introduce CMD-AM, a new dataset of 75
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animated movies with comprehensive annotations. Our character-
centric pipeline demonstrates significant improvements in both ac-
cessibility and narrative comprehension for animated content over
prior face-detection-based approaches. For the code and dataset,
visit https://www.robots.ox.ac.uk/~vgg/research/animated_ad/.
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1 Introduction

When we were children, animated movies were more than just
entertainment — they introduced us to our favourite characters,
sparked our imagination with captivating stories, and left us with
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lasting memories. Today, modern computer vision systems are
rapidly advancing towards superhuman capabilities across many
domains, from recognising bird species to describing fine-grained
actions. Yet, intriguingly, existing technologies often struggle to
comprehend animated movies — a medium effortlessly understood
by young minds.

Ask any four-year-old child to describe an animation they have
just seen, and the reason for this computer vision system failing is
obvious: the child names the characters and can recognise them, but
current computer vision systems using face recognition cannot. The
challenge is that animated characters have huge diversity. Although
there is typically some anthropomorphic element, their appearance
can range from human-like faces, to cars, fish, blobs, skeletons,
...(and that is just Pixar movies). This long-tailed distribution of
appearances poses a significant challenge for recognition methods.
In contrast, (human) face recognition, which is the workhorse for
character recognition in movies, is a far more constrained problem:
a face has eyes, a nose, a mouth, maybe some facial decorations
(beard, glasses), in a regular configuration.

In this paper, we present a computer vision pipeline for animated
movies with a key design to recognise and track animated charac-
ters, despite the long-tailed distribution of character appearance and
exaggerated actions. We achieve this by using visual recognition
methods to detect, segment, track and encode the appearance of
the characters, and also audio recognition methods, since the voice
of the animated character remains mostly the same throughout the
movie. We leverage online movie forums like IMDb and Fandom as
external knowledge banks, and build a novel audio-visual character
bank for animated movies automatically, including the voice sam-
ples of each voice actors. Both the visual and audio cues are then
utilised to recognise and track animated characters effectively.

Recognising animated characters enables multiple downstream
applications, and we develop two of these in this paper: Audio De-
scription generation and character-aware subtitling, as illustrated
in Fig. 1. Both of these applications depend heavily on character
recognition.

In movies and TV series, Audio Descriptions (ADs) are narrations
that convey essential visual information to complement the original
soundtrack. They help ensure a continuous and coherent narrative
flow, enabling visually-impaired audiences to follow the plot effec-
tively. ADs prioritise the most visually salient and story-relevant
content such as character dynamics and significant objects, while
omitting redundant details like background figures.

Character-aware subtitling, on the other hand, concentrates on
helping hearing-impaired people follow dialogues in video material.
This actually requires determining three things for each utterance:
what is being said, when it is said, and who is saying it. By explicitly
attributing dialogue to specific characters, it enhances the clarity of
conversation flow, particularly in scenes with overlapping speech
or multiple speakers.

In this paper, we make contributions over four areas:

(i) We develop an automatic pipeline for constructing an audio-
visual character bank from online sources, consisting of a character
appearance bank and a character voice bank (Sec. 3).

(ii) We tackle character recognition by leveraging both visual and
audio information. For accurate visual animated character recogni-
tion, we propose Track-Guided Region Proposals (TGRP) and adapt
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DINOV2 to animated content. Additionally, we introduce visual
enhancements to improve audio-only speaker recognition (Sec. 4).

(iii) We use our animated character recognition to solve two
downstream tasks — Audio Description generation and character-
aware subtitling; where previous face-based methods fail due to
the large domain gap with animated content (Sec. 5).

(iv) We introduce a new dataset, CMD-AM, consisting of 75
animated movies with unified annotations, including character
bounding boxes, ground truth Audio Descriptions, and sentence-
level diarisation labels (Sec. 6).

Overall, our pipeline achieves superior character recognition
accuracy compared to conventional human face detection methods.
This, in turn, enables the generation of high-quality Audio Descrip-
tions and character-aware subtitles, significantly enhancing the
accessibility of animated movies.

2 Related Work

2.1 Animated Character Recognition

Animated character recognition is often considered more challeng-
ing than real-world human identification, primarily due to large
domain variations in animated media in terms of character geome-
try and styles. As a result, conventional human facial recognition
methods [3, 12, 13, 31] often struggle with this task.

To address this issue, several datasets [2, 49, 52, 63, 72] have been
proposed for image-based animated character recognition, with
follow-up research focusing on animated face detection [15, 41, 69]
and recognition [19, 29, 34, 39, 43, 55, 67, 71].

On the other hand, character recognition in animated videos
remains relatively under-explored. Kim et al. [30] adapted Faster
R-CNN [48] for detecting characters in animated movies, while
Somandepalli et al. [54] employed an unsupervised clustering ap-
proach to “discover” characters. More recently, CAST [40] improved
character clustering through self-supervised training of animation
representations. In contrast, our method automatically constructs
character banks for target animated movies and formulates the
recognition process as a few-shot retrieval task, thereby achieving
scalable and generalisable animated character recognition.

2.2 Audio Description Generation

Audio Descriptions (ADs) are narrations in movies and TV se-
ries that provide visual information complementary to the au-
dio, helping visually impaired individuals better understand the
story. Existing AD generation approaches can be broadly divided
into fine-tuned models [17, 20-22, 35, 59] and training-free meth-
ods [9, 64, 65, 70]. The former typically involve end-to-end architec-
tures trained on ground truth AD sentences, while the latter adopts
multi-stage strategies, leveraging pre-trained vision-language mod-
els (VLMs) and large language models (LLMs) as core components
at different stages.

One of the key challenges in AD generation is accurately identi-
fying the characters to be described. AutoAD-II [20] first addressed
this by training character prediction modules on existing movie
datasets [26]. AutoAD-Zero [65] further improved accuracy by in-
corporating more robust off-the-shelf face recognition methods.
However, these approaches are not directly applicable to animated
movies due to the significant domain gap between real and animated
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then construct a character appearance bank and character voice bank from online sources. Right: An example audio-visual

character bank for Ice Age.

characters. In this work, we propose a scalable and generalisable
pipeline that accurately identifies animated characters and supports
downstream AD generation.

2.3 Character-Aware Subtitling

Character-aware subtitling [27, 32] is a recently emerging task that
aims to generate subtitles for media such as movies and TV series
while identifying the corresponding speakers. This significantly
enhances the accessibility of video content for hearing-impaired
people. The task generally involves two key steps: (i) Automatic
speech recognition (ASR) [5, 45, 46, 51], which transcribes spoken
dialogue into text; and (ii) Speaker diarisation, which determines
“who spoke when” in the audio stream.

In particular, speaker diarisation can be categorised into two
main directions. The first focuses on audio-only diarisation [18,
25, 33, 61, 62, 68]. The second direction, benefiting from recent
advances in multimodal learning, leverages both audio and visual
signals [38] to enhance diarisation performance. For instance, vi-
sual cues such as lip movements [23, 24] and character faces [10,
11, 44, 66] have been shown to improve the accuracy of speaker at-
tribution. In this work, we address speaker diarisation for animated
movies and demonstrate that accurate visual recognition of ani-
mated characters can significantly boost diarisation performance.

3 Animated Character Bank Construction

In animated movies, characters take on various forms; some re-
semble humans, while others have more abstract or imaginative
appearances. Such a long-tailed distribution of character appear-
ances presents a significant challenge to character recognition.

In this section, we introduce an automatic pipeline for construct-
ing an audio-visual character bank that captures both the appear-
ance and corresponding voice of each character.

As exemplified in Fig. 2 (right), for each movie, we maintain a
character name list S = {Cl, ...,cN }, where the p-th character
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CP € S8 is associated with a tuple {I”, AP}, where I? denotes a set
of n exemplar images I = {Ip, . Iﬁ} and A? = {AP, . Aﬁl}
represents a set of m exemplar voice (audio) segments. In Sec. 3.1,
we elaborate on the construction of the appearance bank, and in
Sec. 3.2, we detail the voice counterpart.

3.1 Character Appearance Bank Construction

To construct the appearance bank for each movie, we first retrieve
a character name list along with their profile images from online
movie databases [16, 28], as illustrated in Fig. 2 (left). However, the
set of profile images is often limited in size and typically depicts
characters in a single, static pose, whereas animated characters
exhibit a wide range of visual morphisms. To address this, we
augment the character bank with additional images collected via
web searching.

Candidate Image Retrieval. Unlike profile images, web-crawled
images often contain complex backgrounds and multiple characters.
To isolate the character of interest, we extract all regions likely to
contain relevant figures. Using an open-vocabulary detection model
(OWLv2 [37]) to generate candidate boxes, we use these boxes
as visual prompts for SAM2 [47] to segment potential character
regions in the web-crawled images.

Image Filtering. We then apply an additional filtering step to
retain only the images corresponding to the target character. Specif-
ically, for each character, we compute the cosine similarity between
the DINOv2 [42] feature of the profile image and each candidate
character image. If the cosine similarity exceeds a predefined thresh-
old, the candidate image is included in the appearance bank.

DINOv2 Adaptation. Nevertheless, we observe that pre-trained
DINOv2 features often struggle to distinguish between visually
similar characters, such as the Mammoths (Manny and Ellie) from
Ice Age in Fig. 2.
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To mitigate this, we further adapt the DINOv2 feature extractor
on the character bank to deal with the long-tailed distribution of
the appearance of animated characters. We individually fine-tune
DINOv2 for each movie using our previously crawled images.

The fine-tuning process follows a contrastive training scheme.
For each character C? € S, we randomly sample a positive pair
(If , If ) from their exemplar images, while negative samples {I;]}
are drawn from the remaining characters. Finally, we apply the
standard InfoNCE [57] loss to fine-tune the DINOv2 model. Full
details are given in the arXiv version of this paper.

3.2 Character Voice Bank Construction

In addition to the appearance bank, we also construct a voice bank
containing multiple speech segments for each character. To obtain
these voice exemplars, we consider two major sources: (i) online
interview videos, and (ii) in-movie speech segments.

Interview Video Exemplar Extraction. As shown in Fig. 2 (left),
we first associate each character with their corresponding voice
actor using information available from online movie databases. We
then query search engines to retrieve multiple interview videos for
each voice actor. To extract the speech segments of the target actor
from these videos, we leverage the prior that the actor’s speech (as
the interviewee) is likely to be the most frequently occurring voice
across the interview videos.

Specifically, we employ a speaker diarisation model [7] to par-
tition the audio streams into multiple speaker clusters. We then
select the largest resulting cluster and add its speech segments to
the character voice bank.

In-Movie Exemplar Extraction. However, compared to live-action
movies, animated movies often exhibit a greater disparity between
characters’ voices and the natural voices of their voice actors. To
further mitigate this gap, we augment the character voice bank
with in-movie speech segments, guided by our visual recognition
results (detailed in Sec. 4.1).

To be more specific, for each character, we select visually pre-
dicted tracks with the visual confidence scores higher than a defined
threshold for the corresponding label. We then use an audio-visual
synchronisation model [1] to generate a synchronisation score to
assess how likely the character on the track aligns with the con-
current speech. If the synchronisation score exceeds a predefined
threshold, the corresponding in-movie speech segments are added
to the character voice bank. For more details on the audio-visual
synchronisation model, please refer to the arXiv version.

4 Audio-Visual Character Recognition

In this section, we address animated character recognition from
two complementary perspectives: visual identification, detailed in
Sec. 4.1, and speaker attribution, described in Sec. 4.2.

4.1 Visual Recognition of Animated Characters

Given the constructed character appearance bank (as detailed in Sec.
3.1), we aim to visually recognise the animated character following
a two-stage pipeline: (i) region proposal, which localises and tracks
candidate character regions, and (ii) character identification, which
assigns character IDs to each proposed track.

3303

Zhongrui Gui, Junyu Xie, Tengda Han, Weidi Xie, and Andrew Zisserman

Bidirectional
Mask Propagation

Video Frames Candidate Tracks

(s

Random
Frame
Sampling

24

Repeat for Filtering v « x

each bbox U
Figure 3: Track-Guided Region Proposals (TGRP). We adopt
an open-vocabulary detection (OV Detect) model to gen-
erate bounding box (bbox) proposals for sampled movie
frames. These proposals are then propagated bidirectionally
to produce candidate tracks, which are subsequently refined
through a track filtering process.

Track-Guided Region Proposal. To ensure consistency across video
clips, we propose a tracking-based approach for region proposal.
As a preprocessing step, we apply a shot detection model to par-
tition the video into individual shots, which naturally defines the
boundaries for subsequent tracking operations.

As illustrated in Fig. 3, we randomly sample one seed frame from
each shot and apply OWLv2 [37], an open-vocabulary detection
model, to generate coarse bounding box proposals. These proposals
are then used to prompt SAM2 [47], a segmentation and tracking
model, which initialises a bi-directional mask propagation process
to generate a set of candidate tracks.

We sample n = 3 seed frames to repeat the process and generate
a set of tracks for each seed. Then, for the track sets, we perform
tripartite matching based on overlapping IoUs, considering a match
valid if the IoU exceeds a predefined threshold. We discard any
unmatched tracks, as they are likely to be outliers.

Character Identification. We use the adapted DINOv2 model (de-
tailed in Sec. 3.1) to assign character IDs to predicted tracks. Specif-
ically, for each track, we uniformly sample 5 frames and compute
their features {fj : j = 1,...,5}. To determine if the track matches
with a character CP, we calculate the cosine similarity between
each query feature f; and every exemplar feature z‘f from the vi-
sual character bank. The visual matching score sgm is then ob-
tained by averaging over the top-k (k = 3) cosine similarities, i.e.
sem = max; (% Ztop-k,i S Zf )). Finally, we assign the track to the
character with the highest matching score.

4.2 Audio Recognition of Animated Characters

Beyond visual recognition, we also aim to identify speakers in the
audio stream, leveraging the pre-constructed character voice bank
(detailed in Sec. 3.2). We start with an audio-only approach, and
subsequently explore the incorporation of visual cues to further
enhance speaker recognition.
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Audio-Only Speaker Recognition. We begin with a straightfor-
ward audio-only speaker recognition approach, which matches
speech segments in animated movies to voice exemplars in the
character bank, thereby predicting speaker labels for each segment.

Given the audio stream of an animated movie, we first extract all
speech segments using WhisperX [5]. We then follow the strategy
described in Sec. 3.2, where speech segments are clustered using a
diarisation model. For each cluster, we extract its “centroid feature”
by averaging ECAPA-TDNN [14] voice embeddings of all contained
speech segments.

To associate these clusters with characters in the voice bank, we
adopt a feature-based matching process, similar to that introduced
in Sec. 4.1. Specifically, we use the cluster’s centroid feature to
query the ECAPA-TDNN features of different exemplar speech
segments and compute their pairwise cosine similarities. For each
character, the top-k (k = 3) similarities are then recorded and
averaged to obtain an audio matching score. We assign the cluster
to the character with the highest score, sam. Furthermore, for each
speech segment in the cluster, we estimate a confidence score ¢,
by scaling sym with the cosine similarity between its feature and
the centroid feature of the cluster.

Visual-Enhanced Speaker Recognition. The proposed audio-only
recognition, however, is prone to background noise commonly
present in movies, such as music and environmental sounds. In
addition, the character voice bank may also include noisy exemplars.
To address these issues, we incorporate visual character recognition
to enhance speaker identification.

To further enhance speaker recognition using visual cues, we
focus on speech segments with confidence scores {c;} below a pre-
defined threshold, categorising them as low-confidence predictions.

For each such audio segment, we retrieve all visually predicted
character tracks that overlap with its time range, as illustrated in
Fig. 4. For each retrieved track, we apply the same audio-visual
synchronisation model we use to retrieve in-movie voice exemplars
in Sec. 3.2 to compute the synchronisation score ssync. This score
indicates the likelihood that the track corresponds to the voice,
specifically measuring the correlation between the temporal ap-
pearance variations of the tracked character and the temporal audio
variations.

In addition, we incorporate the visual matching score sym (in-
troduced in Sec. 4.1) as a complementary measure of visual track
reliability. We then combine the synchronisation and visual match-
ing scores into a visual confidence score ¢y = Ssync - Sym- This score
is scaled by a hyperparameter A and compared to the audio-only
confidence score cq. If 1-¢, > ¢4, we interpret this as a more reliable
visual-based prediction and update the audio-only prediction with
the character ID inferred from the visual track.

5 Applications for Animated Movies

Building on the visual and audio character recognition results, we
explore downstream applications that enhance the understanding of
animated movies. In particular, we focus on improving accessibility
through two tasks: Audio Description (AD) generation (Sec. 5.1)
and character-aware subtitling (Sec. 5.2), targeting visually and
hearing-impaired audiences, respectively.
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5.1 Audio Description Generation

Audio Descriptions (ADs) are narrations that capture the most
salient visual content in videos, serving as a complement to existing
audio information. An AD generation method therefore takes video
clips as input and aims to automatically generate AD sentences in
textual form.

In this work, we build upon AutoAD-Zero [65], a recent training-
free AD generation framework. This method involves two major
stages: In Stage I, a video-language model (VideoLLM) is prompted
to generate a comprehensive description of the input video frames,
covering key visual elements such as characters, actions, etc. In
Stage II, a large language model (LLM) refines this dense text de-
scription into a concise and narratively coherent AD output.

Prior work [20] has shown that accurate character recognition
significantly enhances the quality of ADs. Accordingly, the orig-
inal AutoAD-Zero [65] employs a robust face detection method
(InsightFace [13]) for character identification. However, this ap-
proach underperforms in animated content, where conventional
face recognition models struggle to detect animated characters.

To address this domain gap, we integrate our animated character
bank and corresponding visual character recognition results into
the AD generation framework. This is achieved by prompting the
Stage I VideoLLM in a training-free manner. Specifically, we visually
overlay the predicted character bounding boxes onto each input
frame. Each character box is assigned a unique colour, and a text
prompt provides the mapping between colours and character names.
This allows the VideoLLM to ground the visual entities to their
corresponding names and refer to them explicitly during the dense
description generation.
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Table 1: Overview of the CMD-AM dataset, where “AM”
stands for “Animated Movie”. The dataset consists of 75 an-
imated movies, with (partial) annotations including Audio
Descriptions (ADs), per-frame character bounding boxes, and
speaker labels for each audio segment.

Annotations No. Movies Duration (k) No. Annotations
Audio Descriptions 75 24.5 9,348 ADs

Character Boxes 8 1.5 126,977 frames
Diarisation 8 1.5 1,336 audio segments

5.2 Character-Aware Subtitling

Character-aware subtitling aims to temporally localise spoken dia-
logues in movies, transcribe the corresponding audio, and assign
each utterance to its corresponding speaker. This involves two
main components: automatic speech recognition (ASR) and speaker
diarisation.

Automatic Speech Recognition. We utilise WhisperX to transcribe
the video, producing individual dialogue segments along with their
precise timestamps.

Speaker Diarisation. Based on the transcribed timestamps, we
extract the corresponding speech segments from the audio stream.
These segments are then assigned to characters in the voice bank
using the speaker recognition procedure described in Sec. 4.2.

Finally, each speaker label is paired with its corresponding dia-
logue transcription to form character-aware subtitles.

6 The CMD-AM Dataset

In this section, we introduce CMD-AM (“AM” stands for “Animated
Movies”), a curated dataset comprising animated video clips sourced
from the Condensed Movie Dataset (CMD) [6]. In total, the dataset
contains 565 video clips from 75 animated movies. The statistics
are summarised in Tab. 1. CMD-AM provides a wide range of an-
notations including ground truth Audio Descriptions (Sec. 6.1),
grounded bounding boxes for character recognition (Sec. 6.2), and
sentence-level speaker labels for diarisation (Sec. 6.3). Note that
these annotations are used for evaluation purposes only, and our
method is not trained on them. The complete list of movies included
in the CMD-AM dataset is available in the arXiv version.

6.1 Ground Truth Audio Description

We provide ground truth (GT) Audio Descriptions (ADs) for 565
video clips in 75 animated movies, covering a duration of 24.47
hours. To obtain the GT AD annotations, we first collect AD-blended
audio streams narrated by volunteers from AudioVault [4]. We then
follow the processing pipeline introduced in [22, 65], which extracts
clean, text-form ADs from the downloaded audio streams through
a series of transcription, diarisation, and post-filtering steps.

6.2 Frame-Level Character Box Annotation

We provide frame-level bounding box annotations on characters for
40 video clips across 8 animated movies (listed in the arXiv version).
In each clip, the video is sampled and labelled at 23.98 fps, resulting
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in a total of 126, 977 annotated frames, covering approximately 1.5
hours of video footage.

To obtain these frame-level bounding box annotations, we em-
ploy a three-stage process: (i) We first partition each video clip
into multiple shots using an off-the-shelf shot detection model [53].
Within each shot, we randomly sample a few frames and manually
annotate them with precise bounding boxes and corresponding
character labels; (ii) We accelerate the annotation process by lever-
aging SAM2 to bidirectionally propagate the annotated boxes across
each shot; (iii) Finally, we manually inspect every frame to correct
any missing or erroneous boxes and labels, ensuring the overall
accuracy of the annotations.

6.3 Sentence-Level Diarisation Annotation

We provide sentence-level speaker labels for the same 40 video clips
across 8 movies, covering approximately 1.3k speech segments.
During the curation process, we begin by manually identify-
ing the speech segments for each character. These segments are
then further divided at the sentence level, i.e. to correspond to in-
dividual sentences. Specifically, we leverage WhisperX to detect
sentence boundaries and localise their corresponding timestamps.
The segments are then split at these boundaries. Finally, we manu-
ally review and correct any timestamp errors to obtain high-quality
sentence-level segments with corresponding speaker labels.

7 Experiments

In this section, we first provide implementation details of our
method in Sec. 7.1, followed by a comprehensive evaluation of
its effectiveness. We assess performance on both visual and au-
dio character recognition (i.e. character diarisation) in Sec. 7.2 and
Sec. 7.3, respectively. Additionally, we evaluate the effectiveness of
our approach on downstream tasks, including Audio Description
generation (Sec. 7.4) and character-aware subtitling (Sec. 7.5).

7.1 Implementation Details

More details are given in the arXiv version of this paper.

Character Appearance Bank. For each movie, we select the top-
10 characters from the cast list and collect 8 exemplar images per
character from online sources. Character regions are detected using
OWLv2 [37] with the prompt “a photo of animated character” and
segmented via SAM 2.1 [47]. Manual correction is performed when
web-crawled images are incorrect.

To adapt DINOv2 to animated content, we fine-tune DINOv2
ViT-g/14 (w/ 4 register tokens) [42] by updating its final linear
layer. Training lasts for 75 epochs with a cosine annealing learning
rate schedule from 6 x 10™* to 5 x 107, using InfoNCE loss with
temperature 7 = 0.07.

Character Voice Bank. To build voice exemplars, we collect 5
interview videos per voice actor. In-movie audio segments are se-
lected when the visual match score sy, > 0.6 and the sync score
Ssync > 0.3, computed using an adapted version of LWTNet [1]. In
our character voice bank, each character has 15 voice segments; if
a character has fewer than 15 in-movie samples, we supplement
them with segments derived from interview audio.
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Table 2: Visual Character Recognition on CMD-AM. “DINOv2
adap.” denotes DINOv2 adaptation. Note, *: our bounding
box annotations are for entire character bodies (as the facial
boundaries of animated characters are often ambiguous),
while InsightFace detects face boxes. This mismatch results
in low IoUs between the two sources, leading to the reported
0.0 mAP value.

Exp. Method ch\llgfz Tracking ChaXPNTa me Clﬁz?k}ox
A InsightFace [13] - - 45.3 0.0*
B Ours X X 75.3 30.9
C Ours v X 81.8 35.2
D Ours v v 80.1 45.3

Visual Character Recognition. We detect shot boundaries using
SceneDetect [53], then generate region proposals with OWLv2 and
track them using SAM 2.1. Tracks are matched if their IoU is at
least 0.5. Frame-level predictions are refined using non-maximum
suppression (NMS) with IoU threshold 0.5.

Audio Character Recognition. Audio-only predictions with confi-
dence ¢, < 0.35 are refined using synchronised visual tracks. We
compute a composite score (Sec. 4.2) with A = 1.0 and update the
predicted label to that of the highest-scoring concurrent track.

Audio Description Generation. Following AutoAD-Zero, we sam-
ple 8 frames from the AD interval. Character predictions with
Sym > 0.45 are retained. Bounding boxes around the characters’
bodies are overlaid to indicate character identity, using unique
colours and names in the prompt.

7.2 Visual Animated Character Recognition

We evaluate visual animated character recognition on the CMD-AM
dataset from two perspectives: (i) whether the character names in
a given clip are correctly predicted, and (ii) whether the character
positions are accurately detected. The former is measured using
Average Precision (AP) between the predicted and ground truth
name lists for 3-shot clips. For character detection, we evaluate the
predicted bounding boxes and report the mean Average Precision
(mAP), calculated by averaging AP scores at IoU thresholds ranging
from 0.50 to 0.95 in increments of 0.05. We use full-body bound-
ing boxes for characters instead of face boxes, because animated
characters often have ambiguous facial boundaries, as seen with
Lightning McQueen in Cars.

We report the quantitative results in Tab. 2, where the baseline
InsightFace method is found to struggle with recognising animated
characters. In contrast, our visual recognition approach yields sig-
nificant improvements. In particular, we observe a notable perfor-
mance boost when adapting DINOv2 on the animated character
bank, as seen by comparing Exp. B and Exp. C. Furthermore, incor-
porating the Track-Guided Region Proposal (TGRP) scheme (Exp.
D) leads to comparable character name identification results with
per-frame detection (Exp. C), while achieving significantly higher
accuracy in grounded bounding box predictions.
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Table 3: Audio Character Recognition on CMD-AM. We report
Average Precision (AP) for various methods while predict-
ing and evaluating speaker labels using ground truth times-
tamps.

In-Movie Exemplar  Visual Enhanced Speaker AP T

X X 73.8
v X 77.3
v v 77.9

7.3 Audio Animated Character Recognition

We evaluate our method’s performance on audio-only animated
character recognition. The evaluation is conducted on 8 animated
movies from CMD-AM, each annotated with sentence-level speaker
diarisation labels. We report the Average Precision (AP) between
the predicted and ground truth speaker labels at the sentence level.
As shown in Tab. 3, augmenting the character voice bank with in-
movie exemplars improves recognition accuracy compared to using
voice exemplars sourced solely from interview videos. Furthermore,
visual-enhanced recognition corrects errors made by the audio-only
approach, leading to more accurate speaker identification.

7.4 Audio Description Generation

To assess the quality of generated ADs, we follow previous works [22]
and report the performance on CRITIC, CIDEr, and LLM-AD-Eval.
Specifically, CRITIC [22] measures the accuracy of character iden-
tification in predicted ADs. CIDEr [58] evaluates text description
quality based on the TF-IDF [50]-weighted word matching between
predicted and GT ADs. LLM-AD-Eval [22] leverages large language
models (LLaMA2-7B [56] | LLaMA3-8B [36]) to assess the quality
of generated ADs, scoring them from 1 (lowest) to 5 (highest).

We compare our approach against AutoAD-Zero under two con-
figurations: a baseline version without any character label informa-
tion, and a variant that uses InsightFace combined with our con-
structed character bank for character recognition. We exclude other
training-dependent methods, particularly those explicitly tuned on
the CMD-AD [22] training set, since our CMD-AM dataset partially
overlaps with it. We evaluate our method on all 75 animated movies
in the CMD-AM dataset.

We report the performance of the AD generation framework
leveraging two different base VLM models, namely VideoLLaMA2-
7B [8] and Qwen2-VL-7B [60]. As shown in Tab. 4, incorporating
our character appearance bank and tracking-based character recog-
nition method improves the quality of predicted ADs, especially
CRITIC scores, indicating more accurate character references in
the generated descriptions.

Fig. 5 (left) presents two examples of our predicted ADs. With
our method, each AD correctly identifies the character names and
exhibits improved description quality compared to AutoAD-Zero.
More visualisations are given on the paper website.

7.5 Character-Aware Subtitling

For character-aware subtitling, we measure speech recognition per-
formance using Diarisation Error Rate (DER), which is calculated
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Table 4: Audio Description Generation on CMD-AM. “TGRP” is short for Track-Guided Region Proposal, and “DINOv2 adap.”
denotes DINOv2 adaptation. The LLM-AD-Eval scores are evaluated using LLaMA2-7B (left) and LLaMA3-8B (right).

Method Appearance Bank  Character Recognition VLM LLM CRITICT CIDErT LLM-AD-Evall
AutoAD-Zero X No Label VideoLLaMA2-7B [8] LLaMA3-8B [36] 2.3 9.4 2.64/1.46
AutoAD-Zero v InsightFace VideoLLaMA2-7B [8] LLaMA3-8B [36] 15.0 11.3 2.69|1.46

Ours v TGRP + DINOv2 adap.  VideoLLaMA2-7B [8] LLaMA3-8B [36] 28.6 12.2 2.68|1.43
AutoAD-Zero X No Label Qwen2-VL-7B [60] LLaMA3-8B [36] 10.0 13.0 2.91|1.84
AutoAD-Zero v InsightFace Qwen2-VL-7B [60] LLaMA3-8B [36] 18.9 14.3 2.94]1.83

Ours v TGRP + DINOv2 adap. ~ Qwen2-VL-7B [60]  LLaMA3-8B [36] 30.1 15.5 2.96|1.84

Possible characters: Rosita (red)

R g e T
AutoAD-Zero: Pig holds a poster with text on it.
Ours: Rosita holds a poster with singing competition information.

GT: Rosita hands out the piglets backpacks then leaves home with the flyer.

Possible characters: Queen Novo (red), Princess Skystar (green)

AutoAD-Zero: The fish swims fowards the dragon holding the glowing orb.
Ours: Queen Novo flies with a glowing orb, Princess Skystar looks on.
GT: It gently settles into Queen Novo's open fins.

[00:00:09.11 - 00:00:14.65] Po
I mean, I didn't actually say that, but I thought it in
my mind.

[00:00:15.39 - 00:00:18.07] Po

! If he could read my mind, he'd have been like, what?
[00:00:23.12 - 00:00:24.82] Mantis

This is really good.

[00:00:25.16 - 00:00:25.86] Po

® No, come on.

[00:00:25.92 - 00:00:27.89] Po

You should try my dad's secret ingredient soup.
[00:00:27.91 - 00:00:30.85] Po

He actually knows the secret ingredient.
[00:00:30.87 - 00:00:31.77] Viper

What are you talking about?

[00:00:31.95 - 00:00:32.80] Viper

This is amazing.

J

Figure 5: Qualitative Visualisations on CMD-AM. Left: Predicted Audio Descriptions, where recognised characters are highlighted
with coloured bounding boxes, and their names along with corresponding colour codes are provided in the text prompts. The
default VLM used is Qwen2-VL-7B. Examples are taken from Sing (top) and My Little Pony: The Movie (bottom). Right: Predicted
character-aware subtitles for a segment from Kung Fu Panda.

Table 5: Character-Aware Subtitling on CMD-AM. Diarisation
Error Rates (DER) (in %) are reported. “DER (0O)” indicates
DER including overlapping speech, whereas “DER” excludes
overlapping speech.

Visual Enhanced DER (O)| DER|

X
v

40.3
35.8

40.0
35.7

as the sum of missed speech, false alarms, and speaker confusion
errors, divided by the total reference speech time. We report DER
both with (DER(O)) and without (DER) overlapping speech. More-
over, we evaluate closed-set performance by excluding segments
with ground truth speakers not present in the character bank, as
well as segments corresponding to characters singing in Sing.
Tab. 5 presents our character-aware subtitling results. By incor-
porating visual-enhanced speaker recognition, the error rates get
further reduced. Fig. 5 (Right) illustrates character-aware subtitles
for a segment from Kung Fu Panda. Our method produces accurate
timestamps and correct character labels, resulting in high-quality
subtitles. Further examples are given on the paper website.
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8 Discussion

Computer vision systems have been developed over decades for
human facial recognition, and are trained on millions of identi-
ties/images, while the challenging task of recognising free-form
animated characters remains under-explored. Our method achieves
accurate audio-visual character recognition with the aid of auto-
matically constructed character banks, enabling character-centric
understanding of animated movies for applications such as Audio
Description generation and character-aware subtitling.

A limitation of our method is when there are multiple identical
animated characters in the same shot. For instance, when there
are numerous Minions presenting simultaneously, distinguishing
between individual instances becomes challenging. Other than
that, the current limitations of our pipeline primarily lie in its
downstream tasks. For instance, AutoAD-Zero does not account
for temporal context, making it difficult to incorporate story-level
plot elements into AD generation. Additionally, when it comes
to character-aware subtitling, existing methods often struggle to
accurately associate “special” speech segments with the correct
speakers, such as those containing singing, crying, or screaming —
which are particularly common in animated videos.
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