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Abstract

Movie story analysis requires understanding characters’
emotions and mental states. Towards this goal, we for-
mulate emotion understanding as predicting a diverse and
multi-label set of emotions at the level of a movie scene
and for each character. We propose EmoTx, a multimodal
Transformer-based architecture that ingests videos, multi-
ple characters, and dialog utterances to make joint pre-
dictions. By leveraging annotations from the MovieGraphs
dataset [72 ], we aim to predict classic emotions (e.g. happy,
angry) and other mental states (e.g. honest, helpful). We
conduct experiments on the most frequently occurring 10
and 25 labels, and a mapping that clusters 181 labels to
26. Ablation studies and comparison against adapted state-
of-the-art emotion recognition approaches shows the effec-
tiveness of EmoTx. Analyzing EmoTx’s self-attention scores
reveals that expressive emotions often look at character to-
kens while other mental states rely on video and dialog cues.

1. Introduction

In the movie The Pursuit of Happyness, we see the pro-
tagonist experience a roller-coaster of emotions from the
lows of breakup and homelessness to the highs of getting
selected for a coveted job. Such heightened emotions are of-
ten useful to draw the audience in through relatable events
as one empathizes with the character(s). For machines to
understand such a movie (broadly, story), we argue that it
is paramount to track how characters’ emotions and men-
tal states evolve over time. Towards this goal, we lever-
age annotations from MovieGraphs [72] and train models
to watch the video, read the dialog, and predict the emo-
tions and mental states of characters in each movie scene.

Emotions are a deeply-studied topic. From ancient Rome
and Cicero’s 4-way classification [60], to modern brain re-
search [33], emotions have fascinated humanity. Psychol-
ogists use of Plutchik’s wheel [53] or the proposal of uni-
versality in facial expressions by Ekman [ 18], structure has
been provided to this field through various theories. Affec-
tive emotions are also grouped into mental (affective, be-

- Stop it
- Richard Jaeckel had on this shiny
helmet ‘cause he was the M.P.

door and never know why she's - What kind of a person would write

just lying there on the couch... to someone they heard on the radio?

-And he's very bitter. - That's a chick's movie.
- And he's just gonna walk out the - I would say so.
- No more. Oh, God, | love that movie.

Figure 1. Multimodal models and multi-label emotions are neces-
sary for understanding the story. A: What character emotions can
we sense in this scene? Is a single label enough? B: Without the
dialog, can we try to guess the emotions of the Sergeant and the
Soldier. C: Is it possible to infer the emotions from the characters’
facial expressions (without subtitles and visual background) only?
Check the footnote below for the ground-truth emotion labels for
these scenes and the supplement for an explanation of the story.

havioral, and cognitive) or bodily states [13].

A recent work on recognizing emotions with visual con-
text, Emotic [31] identifies 26 label clusters and proposes
a multi-label setup wherein an image may exhibit multi-
ple emotions (e.g. peace, engagement). An alternative to
the categorical space, valence, arousal, and dominance are
also used as three continuous dimensions [31]. Predicting a
rich set of emotions requires analyzing multiple contextual
modalities [31, 34, 44]. Popular directions in multimodal
emotion recognition are Emotion Recognition in Conver-
sations (ERC) that classifies the emotion for every dialog
utterance [42,54,83]; or predicting a single valence-activity
score for short ~10s movie clips [4,45].

We operate at the level of a movie scene: a set of shots
telling a sub-story, typically at one location, among a de-
fined cast, and in a short time span of 30 to 60s. Thus,
scenes are considerably longer than single dialogs [54] or

Ground-truth emotions and mental states portrayed in movie scenes
in Fig. 1: A: excited, curious, confused, annoyed, alarmed; B: shocked,
confident; C: happy, excited, amused, shocked, confident, nervous.
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movie clips in [4]. We predict emotions and mental states
for all characters in the scene and also by accumulating la-
bels at the scene level. Estimation on a larger time window
naturally lends itself to multi-label classification as charac-
ters may portray multiple emotions simultaneously (e.g. cu-
rious and confused) or have transitions due to interactions
with other characters (e.g. worried to calm).

We perform experiments with multiple label sets: Top-
10 or 25 most frequently occurring emotion labels in
MovieGraphs [72] or a mapping to the 26 labels in the
Emotic space, created by [45]. While emotions can broadly
be considered as part of mental states, for this work, we con-
sider that expressed emotions are apparent by looking at the
character, e.g. surprise, sad, angry; and mental states are la-
tent and only evident through interactions or dialog, e.g. po-
lite, determined, confident, helpful'. We posit that classifi-
cation in a rich label space of emotions requires looking
at multimodal context as evident from masking context in
Fig. 1. To this end, we propose EmoTx that jointly models
video frames, dialog utterances, and character appearance.

We summarize our contributions as follows: (i) Building
on rich annotations from MovieGraphs [72], we formulate
scene and per-character emotion and mental state classifi-
cation as a multi-label problem. (ii) We propose a multi-
modal Transformer-based architecture EmoTx that predicts
emotions by ingesting all information relevant to the movie
scene. EmoTx is also able to capture label co-occurrence
and jointly predicts all labels. (iii) We adapt several pre-
vious works on emotion recognition for this task and show
that our approach outperforms them all. (iv) Through analy-
sis of the self-attention mechanism, we show that the model
learns to look at relevant modalities at the right time. Self-
attention scores also shed light on our model’s treatment of
expressive emotions vs. mental states.

2. Related Work

We first present work on movie understanding and then
dive into visual and multimodal emotion recognition.

Movie understanding has evolved over the last few years
from person clustering and identification [6, 7, 19, 29, 46,

] to analyzing the story. Scene detection [!1, 55, 56,

, 66], question-answering [35, 68, 77], movie caption-
ing [57, 78] with names [50], modeling interactions and/or
relationships [21, 32, 43], alignment of text and video
storylines [67, 76, 84] and even long-form video under-
standing [75] have emerged as exciting areas. Much
progress has been made through datasets such as Condensed
Movies [3], MovieNet [27], VALUE benchmark (goes be-
yond movies) [37], and MovieGraphs [72]. Building on the

! Admittedly it is not always easy or possible to categorize a label as an
expressed emotion or a mental state, e.g. cheerful, upset. Using Clore et
al. [13]’s classification, expressed emotions refer to affective and bodily
states, while our mental states refer to behavioral and cognitive states.

annotations from MovieGraphs [72], we focus on another
pillar of story understanding complementary to the above
directions: identifying the emotions and mental states of
each character and the overall scene in a movie.

Visual emotion recognition has relied on face-based recog-
nition of Ekman’s 6 classic emotions [18], and was pop-
ularized through datasets such as MMI [49], CK and
CK+ [41,70]. A decade ago, EmotiW [16], FER [24],
and AFEW [15] emerged as challenging in-the-wild bench-
marks. At the same time, approaches such as [38, 39] in-
troduced deep learning to expression recognition achiev-
ing good performance. Breaking away from the above pat-
tern, the Emotic dataset [3 1] introduced the use of 26 labels
for emotion understanding in images while highlighting the
importance of context. Combining face features and con-
text using two-stream CNNs [34] or person detections with
depth maps [44] were considered. Other directions in emo-
tion recognition include estimating valence-arousal (contin-
uous variables) from faces with limited context [69], learn-
ing representations through webly supervised data to over-
come biases [48] or improving them further through a joint
text-vision embedding space [73]. Different from the above,
our work focuses on multi-label emotions and mental states
recognition in movies exploiting multimodal context both
at the scene- and character-level.

Multimodal datasets for emotion recognition have seen
recent adoption. Acted Facial Expressions in the Wild [15]
aims to predict emotions from faces, but does not pro-
vide any context. The Stanford Emotional Narratives
Dataset [47] contains participant shared narratives of pos-
itive/negative events in their lives. While multimodal,
these are quite different from edited movies and stories
that are our focus. The Multimodal EmotionLines Dataset
(MELD) [54] is an example of Emotion Recognition in
Conversations (ERC) and attempts to estimate the emotion
for every dialog utterance in TV episodes from Friends.
Different from MELD, we operate at the time-scale of a
cohesive story unit, a movie scene. Finally, closest to our
work, Annotated Creative Commons Emotional DatabasE
(LIRIS-ACCEDE) [4] obtains emotion annotations for short
movie clips. However, the clips are quite small (8 to 12s)
and annotations are obtained in the continuous valence-
arousal space. Different from the above works, we also aim
to predict character-level mental states and demonstrate that
video and dialog context helps for such labels.

Multimodal emotion recognition methods. RNNs have
been used since early days for ERC [28,42,62,74] (often
with graph networks [23, 80]) as they allow effective com-
bination of audio, visual, and textual data. Inspired by re-
cent advances, Transformer architectures are also adopted
for ERC [12,61]. External knowledge graphs provide use-
ful commonsense information [22] while topic modeling
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integrated with Transformers have improved results [83].
Multi-label prediction has also been attempted by consider-
ing a sequence-to-set approach [79], however that may not
scale with number of labels. While we adopt a Transformer
for joint modeling, our goal to predict emotions and men-
tal states for movie scenes and characters is different from
ERC. We adapt some of the above methods and compare
against them in our experiments. Close to our work, the
MovieGraphs [72] emotion annotations are used to model
changing emotions across the entire movie [45], and for
Temporal Emotion Localization [36]. However, the former
tracks one emotion in each scene, while the latter proposes
a different, albeit interesting direction.

3. Method

EmoTx leverages the self-attention mechanism in Trans-
formers [71] to predict emotions and mental states. We first
define the task (Sec. 3.1) and then describe our proposed
approach (Sec. 3.2), before ending this section with details
regarding training and inference (Sec. 3.3).

3.1. Problem Statement

We assume that movies have been segmented automati-
cally [55] or with a human-in-the-loop process [66, 72] into
coherent scenes that are self-contained and describe a short
part of the story. The focus of this work is on characterizing
emotions within a movie scene that are often quite long (30
to 60 s) and may contain several tens of shot changes.

Consider such a movie scene S that consists of a set of
video frames V), characters C, and dialog utterances . Let
us denote the set of video frames as V = {f;}1_,, where
T is the number of frames after sub-sampling. Multiple
characters often appear in any movie scene. We model N
characters in the scene as C = {P*}}¥ |, where each char-
acter P* = {(f;,bi)} may appear in some frame f; of the
video at the spatial bounding box b;. We assume that b}
is empty if the character P* does not appear at time ¢. Fi-
nally, U = {u;}}., captures the dialog utterances in the
scene. For this work, we use dialogs directly from subtitles
and thus assume that they are unnamed. While dialogs may
be named through subtitle-transcript alignment [19], scripts
are not always available or reliable for movies.

Task formulation. Given a movie scene S with its video,
character, and dialog utterance, we wish to predict the emo-
tions and mental states (referred as labels, or simply emo-
tions) at both the scene, yv, and per-character, yPl, level.
We formulate this as a multi-label classification problem
with K labels, i.e. y = {y,}i_,. Each y, € {0,1} indi-
cates the absence or presence of the k™ label in the scene
y,‘j or portrayed by some character ykpl. For datasets with
character-level annotations, scene-level labels are obtained
through a simple logical OR operation, i.e.yY = @~ | y™".

3.2. EmoTx: Our Approach

We present EmoTx, our Transformer-based method that
recognizes emotions at the movie scene and per-character
level. A preliminary video pre-processing and feature ex-
traction pipeline extracts relevant representations. Then, a
Transformer encoder combines information across modali-
ties. Finally, we adopt a classification module inspired by
previous work on multi-label classification with Transform-
ers [40]. An overview of the approach is presented in Fig. 2.

Preparing multimodal representations. Recognizing
complex emotions and mental states (e.g. nervous, deter-
mined) requires going beyond facial expressions to under-
stand the larger context of the story. To facilitate this,
we encode multimodal information through multiple lenses:
(i) the video is encoded to capture where and what event is
happening; (ii) we detect, track, cluster, and represent char-
acters based on their face and/or full-body appearance; and
(iii) we encode the dialog utterances as information com-
plementary to the visual domain.

A pretrained encoder ¢y extracts relevant visual infor-
mation from a single or multiple frames as f; = ¢y ({f:}).
Similarly, a pretrained language model ¢, extracts dialog
utterance representations as u; = ¢y(u;). Characters are
more involved as we need to first localize them in the appro-
priate frames. Given a valid bounding box b for person P?,
we extract character features using a backbone pretrained
for emotion recognition as ¢ = ¢¢(fy, bl).

Linear projection. Token representations in a Transformer
often combine the core information (e.g. visual representa-
tion) with meta information such as the timestamp through
position embeddings (e.g. [63]). We first bring all modal-
ities to the same dimension with linear layers. Specifi-
cally, we project visual representation f; € RPV using
Wy, € RPXPv utterance representation u; € R using
Wy, € RP*Pu and character representation ¢! € RP¢ us-
ing We € RP*Pc We omit linear layer biases for brevity.

Modality embeddings. We learn three embedding vectors
EM € RP*3 to capture the three modalities correspond-
ing to (1) video, (2) characters, and (3) dialog utterances.
We also assist the model in identifying tokens coming from
characters by including a special character count embed-
ding, E¢ € RP*N, Note that the modality and character
embeddings do not encode any specific meaning or imposed
order (e.g. higher to lower appearance time, names in al-
phabetical order) - we expect the model to use this only to
distinguish one modality/character from the other.

Time embeddings. The number of tokens depend on the
chosen frame-rate To inform the model about relative tem-
poral order across modalities, we adopt a discrete time bin-
ning strategy that translates real time (in seconds) to an in-
dex. Thus, video frame/segment and character box repre-
sentations fed to the Transformer are associated with their
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Figure 2. An overview of EmoTx. We present the detailed approach in Sec. 3 but provide a short summary here. A: Video features (in
blue region), character face features (in purple region), and utterance features (in orange region) are obtained using frozen backbones and
projected with linear layers into a joint embedding space. B: Here appropriate embeddings are added to the tokens to distinguish between
modalities, character count, and to provide a sense of time. We also create per-emotion classifier tokens associated with the scene or a
specific character. C: Two Transformer encoder layers perform self-attention across the sequence of input tokens. D: Finally, we tap the
classifier tokens to produce output probability scores for each emotion through a linear classifier shared across the scene and characters.

relevant time bins. For an utterance u;, binning is done
based on its middle timestamp ¢;. We denote the time em-
beddings as ET € RP*[T"/71 where T* is the maximum
scene duration and 7 is the bin step. For convenience, EtT
selects the embedding using a discretized index [¢/7].

Classifier tokens. Similar to the classic CLS tokens in
Transformer models [17, 85] we use learnable classifier to-
kens to predict the emotions. Furthermore, inspired by
Query2Label [40], we use K classifier tokens rather than
tapping a single token to generate all outputs (see Fig. 2D).
This allows capturing label co-occurrence within the Trans-
former layers improving performance. It also enables anal-
ysis of per-emotion attention scores providing insights into
the model’s workings. In particular, we use K classifier to-
kens for scene-level predictions (denoted z}f yand N x K
tokens for character-level predictions (denoted z, for char-
acter P, one for each character-emotion pair).

Token representations. Combining the features with rele-
vant embeddings provides rich information to EmoTx. The
token representations for each input group are as follows:

scene cls. tokens: z§ = z5 + B, (1)
char. cls. tokens: Zz = zz + Eéw + EZ-C7 2)
video: f; = Wyf, + EM + ET (3)

character box: ¢! = Wee! + EX' +EY +E], (4)
and utterance: u; = Wyu, + Eé\" + EZ; . (@)

Fig. 2B illustrates this addition of embedding vectors. We
also perform LayerNorm [2] before feeding the tokens to
the Transformer encoder layers, not shown for brevity.

Transformer Self-attention. We concatenate and pass all
tokens through H=2 layers of the Transformer encoder that
computes self-attention across all modalities [71]. For emo-
tion prediction, we only tap the outputs corresponding to the
classification tokens as

[25,21] = TransformerEncoder <Zf7ft,iz,éi7ﬁj) . (6)

We jointly encode all tokens spanning {k}5, {i} &V, {t}T,
and {j} M.

Emotion labeling. The contextualized representations for
the scene if and characters 2 are sent to a shared linear
layer W € REXP for classification. Finally, the proba-
bility estimates through a sigmoid activation o (-) are:

g = o(Wizg) and g = o(Wiay), Vei. ()
3.3. Training and Inference
Training. EmoTx is trained in an end-to-end fashion with
the BinaryCrossEntropy (BCE) loss. To account for the
class imbalance we provide weights wy, for the positive la-

bels based on inverse of proportions. The scene and charac-
ter prediction losses are combined as

K N K
L= BCE(wk, yl, 0i)+ Y Y BCE(wk,yf i) (8)
k=1 1=1 k=1
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Figure 3. Row normalized label co-occurrence matrices for the
top-10 emotions in a movie scene (left) or for a character (right).
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Figure 4. Bar chart showing the number of movie scenes associ-
ated with a specific count of annotated emotions.

Inference. At test time, we follow the procedure outlined in
Sec. 3.2 and generate emotion label estimates for the entire
scene and each character as indicated in Eq. 7.

Variations. As we will see empirically, our model is very
versatile and well suited for adding/removing modalities
or additional representations by adjusting the width of the
Transformer (number of tokens). It can be easily modified
to act as a unimodal architecture that applies only to video
or dialog utterances by disregarding other modalities.

4. Experiments and Discussion

We present our experimental setup in Sec. 4.1 before div-
ing into the implementation details in Sec. 4.2. A series of
ablation studies motivate the design choices of our model
(Sec. 4.3) while we compare against the adapted versions of
various SOTA models for emotion recognition in Sec. 4.4.
Finally, we present some qualitative analysis and discuss
how our model switches from facial expressions to video or
dialog context depending on the label in Sec. 4.5.

4.1. Dataset and Setup

We use the MovieGraphs dataset [72] that features 51
movies and 7637 movie scenes with detailed graph anno-
tations. We focus on the list of characters and their emo-
tions and mental states, which naturally affords a multi-
label setup. Other annotations such as the situation label,
or character interactions and relationships [32] are ignored
as they cannot be assumed to be available for a new movie.

Label sets. Like other annotations in the MovieGraphs
dataset, emotions are also obtained as free-text leading to
a huge variability and a long-tail of labels (over 500). We
focus our experiments on three types of label sets: (i) Top-
10 considers the most frequently occurring 10 emotions;
(ii) Top-25 considers frequently occurring 25 labels; and
(iii) Emotic, a mapping from 181 MovieGraphs emotions
to 26 Emotic labels provided by [45].

Statistics. ~ We first present row max-normalized co-
occurrence matrices for the scene and characters (Fig. 3).
It is interesting to note how a movie scene has high co-
occurrence scores for emotions such as worried and calm
(perhaps owing to multiple characters), while worried is
most associated with confused for a single character. An-
other high scoring example for a single character is curious
and surprise, while a movie scene has curious with calm
and surprise with happy. In Fig. 4, we show the number of
movie scenes that contain a specified number of emotions.
Most scenes have 4 emotions. The supplementary material
section B features further analysis.

Evaluation metric.  We use the original splits from
MovieGraphs. As we have K binary classification prob-
lems, we adopt mean Average Precision (mAP) to measure
model performance (similar to Atomic Visual Actions [25]).
Note that AP also depends on the label frequency.

4.2. Implementation Details

Feature representations play a major role on the perfor-
mance of any model. We describe different backbones used
to extract features for video frames, characters, and dialog.

Video features f;: The visual context is important for
understanding emotions [31, 34, 44]. We extract spatial
features using ResNet152 [26] trained on ImageNet [59],
ResNet50 [26] trained on Place365 [82], and spatio-
temporal features, MViT [20] trained on Kinetics400 [10].

Dialog features u;: Each utterance is passed through a
RoBERTa-Base encoder [85] to obtain an utterance-level
embedding. We also extract features from a RoBERTa
model fine-tuned for the task of multi-label emotion clas-
sification (based on dialog only).

Character features ci: are represented based on face
or person detections. We perform face detection with
MTCNN [81] and person detection with Cascade RCNN [§]
trained on MovieNet [27]. Tracks are obtained using
SORT [5], a simple Kalman filter based algorithm, and
clusters using C1C [29]. Details of the character pro-
cessing pipeline are presented in the supplement section
C. ResNet50 [1] trained on SFEW [14] and pretrained on
FER13 [24] and VGGFace [51], VGGm [I] trained on
FER13 and pretrained on VGGFace, and InceptionRes-
netV1 [64] trained on VGGFace2 [9] are used to extract
face representations.
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Top-10 Top-25 Top 10 (mAP) Top 25 (mAP)

Method Scene Char Scene Char Ve Vi D Scene Char Scene Char
Random 16.874+0.23 12.4940.15 9.734+0.101 5.84+0.05 v - - - 2281+002 15904019 14.85+002 7.98+00s
MLP 2Lin)  23.944003 20394001 15264002 10.57+0.02 - Vo 0 25730, 1788k0n 16,11k 8.96x0n

Single Tx encoder 25.6640.02 20.9540.09 16.1440.03 11.0840.18

EmoTx: 1 CLS  34.114034 23.81+0.24 23.3440.11 12.86+0.11
EmoTx (Ours) 34.22+0.18 24.35+0.23 23.8640.10 13.364-0.11

Table 1. Architecture ablation. Emotions are predicted at both
movie scene and individual character (Char) levels. We see that
our multimodal model significantly outperforms simpler baselines.
Best numbers in bold, close second in italics.

Frame sampling strategy. We sample up to 7'=300 tokens
at 3 fps (100 s) for the video modality. This covers ~99%
of all movie scenes. Our time embedding bins are also at
3 per second, i.e. 7=0.333s. During inference, a fixed set
of frames are chosen, while during training, frames are ran-
domly sampled from 3 fps intervals which acts as data aug-
mentation. Character tokens are treated in a similar fashion,
however are subject to the character appearing in the video.

Architecture details. We experiment with the number of
encoder layers, H € {1,2,4, 8}, but find H=2 to work best
(perhaps due to the limited size of the dataset). Both the
layers have same configuration - 8 attention heads with hid-
den dimension of 512. The maximum number of charac-
ters is N=4 as it covers up to 91% of the scenes. Tokens
are padded to create batches and to accommodate shorter
video clips. Appropriate masking prevents self-attention on
padded tokens. Put together, EmoTx encoder looks at K
scene classification tokens, T video tokens, N - (K + T))
character tokens, and 7" utterance tokens. For K=25, N=4
(Top-25 label set), this is up to 1925 padded tokens.

Training details. Our model is implemented in Py-
Torch [52] and trained on a single NVIDIA GeForce RTX-
2080 Ti GPU for a maximum of 50 epochs with a batch
size of 8. The hyperparameters are tuned to achieve best
performance on validation set. We adopt the Adam opti-
mizer [30] with an initial learning rate of 5 x 1075, re-
duced by a factor of 10 using the learning rate scheduler
ReduceLROnPlateau. The best checkpoint maximizes the
geometric mean of scene and character mAP.

4.3. Ablation Studies

We perform ablations across three main dimensions: ar-
chitectures, modalities, and feature backbones. When not
mentioned, we adopt the defaults: (i) MViT trained on Ki-
netics400 dataset to represent video; (ii) ResNet50 trained
on SFEW, FER, and VGGFace for character representa-
tions; (iii) fine-tuned RoBERTa for dialog utterance rep-
resentations; and (iv) EmoTx with appropriate masking to
pick modalities or change the number of classifier tokens.

N

27.28+001 20.25+014 20.20+008 11.09+0.12
- - - v 31.38x040 21.221050 20.32+005 11.23+014

Cw|NaU | AW =
N
1

v - 27.19+000 19.45+010 19.72+005 10.67 o008
- vV V- 2893100 21.41+015 21.29+005 12.03+023
- - vV vV 33.59+010 23.541016 23.40+000 13.01x008
vV - vV V 33.60x002 22.89+t002 22.76+002 12.21+002
- vV /3422 1o 24.35+02 23.86+010 13.36-0.11

Table 2. Modality ablation. V,: ResNet50 (Places365), Vi,:
MVIiT (Kinetics400), D: Dialog, and C: Character.

Architecture ablations. We compare our architecture
against simpler variants in Table 1. The first row sets the
expectation by providing scores for a random baseline that
samples label probabilities from a uniform random distribu-
tion between [0, 1] with 100 trials. Next, we evaluate MLP
(2 Lin), a simple MLP with two linear layers with inputs as
max pooled scene or character features. An alternative to
max pooling is self-attention. The Single Tx encoder per-
forms self-attention over features (as tokens) and a classi-
fier token to which a multi-label classifier is attached. Both
these approaches are significantly better than random, es-
pecially for individual character level predictions which are
naturally more challenging than scene-level predictions.

Finally, we compare multimodal EmoTx that uses 1 clas-
sifier token to predict all labels (EmoTx: 1 CLS) against
K classifier tokens (last row). Both models achieve sig-
nificant improvements, e.g. in absolute points, +8.5% for
Top-10 scene labels and +2.3% for the much harder Top-25
character level labels. We believe the improvements reflect
EmoTx’s ability to encode multiple modalities in a mean-
ingful way. Additionally, the variant with K classifier to-
kens (last row) shows small but consistent +0.5% improve-
ments over 1 classifier token on Top-25 emotions.

Fig. 5 shows the scene-level AP scores for the Top-25
labels. Our model outperforms the MLP and Single Tx en-
coder on 24 of 25 labels and outperforms the single clas-
sifier token variant on 15 of 25 labels. EmoTx is good at
recognizing expressive emotions such as excited, serious,
happy and even mental states such as friendly, polite, wor-
ried. However, other mental states such as determined or
helpful are challenging.

Modality ablations. We evaluate the impact of each
modality (video, characters, and utterances) on scene- and
character-level emotion prediction in Table 2. We observe
that the character modality (row 4, R4) outperforms any of
the video or dialog modalities (R1-R3). Similarly, dialog
features (R3) are better than video features (R1, R2), com-
mon in movie understanding tasks [68, 72]. The choice of
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Figure 5. Comparing scene-level per class AP of EmoTx against baselines (Table 1) shows consistent improvements. We also see that our
model with K classifier tokens outperforms the 1 CLS token on most classes. AP of the best model is indicated above the bar. Interestingly,
the order in which emotions are presented is not the same as the frequency of occurrence (see supplement section B).

Video Character Dialog Metrics
MVIT R50 R50 VGG-M RB Top-10 Top-25
K400 P365 FER FER FT Scene Char Scene Char

1 - oo 4 No 29.30 19.73 19.05 10.31
2/ - - v No 29.34 20.50 19.07 10.34
3 - o/ - No 29.69 20.25 20.16 11.06
4 v -V - No 31.39 21.12 20.88 11.46
5 v - - v v 31.50 21.60 21.49 11.64
6 - - v v 32422232 2145 11.62
7 - o/ - v 3346 22.98 22.69 12.48
8 v -V - v 34.22 24.35 23.86 13.36

Table 3. Feature ablations with backbones. (MViT, K400): MViT
on Kinetics400, (R50, P365): ResNet50 on Places365, (R50,
FER): ResNet50 on Facial Expression Recognition (FER), (VGG-
M, FER): VGG-M on FER, and (RB, FT): RoBERTa finetuned.
Best numbers in bold. More results in supplement E.

visual features is important. Scene features V,. are consis-
tently worse than action features V;;, as reflected in compar-
isons R1, R2 or RS, R6 or R8, R9. Finally, we observe that
using all modalities (R9) outperforms other combinations,
indicating that emotion recognition is a multimodal task.

Backbone ablations. We compare several backbones for
the task of emotion recognition. The effectiveness of the
fine-tuned RoOBERTa model is evident by comparing pairs
of rows R2, R5 and R3, R7 and R4, R8 of Table 3, where
we see a consistent improvement of 1-3%. Character rep-
resentations with ResNet50-FER show improvement over
VGGm-FER as seen from RS, R8 or R6, R7. Finally, com-
paring R8 shows the benefits provided by action features as
compared to places. Detailed results are presented in the
supplement, section E.

4.4. SoTA Comparison

We compare our model against published works Emo-
tionNet [73], CAER [34], AttendAffectNet [69], and
M2Fnet [12] by adapting them for our tasks (adaptation de-
tails are provided in the supplement, section F). Table 4

Top 10 Top 25 Emotic
Method Val Test Val Test Val Test
Random 16.87 13.84 9.73 7.57 1147 11.36
CAER [34] 18.35 1538 11.84 9.49 1391 12.68
ENet [73] 19.14 16.14 11.22 9.08 13.55 12.64

AANet [69] 21.55 17.55 12.55 10.20 14.71 13.37
M2Fnet [12]  24.55 19.10 16.02 13.05 18.27 16.76

EmoTx (Ours) 34.22 29.35 23.86 19.47 23.67 21.40

Table 4. Comparison against SOTA for scene-level predictions.
AANet: AttendAffectNet. ENet: EmotionNet. Mean over 3 runs.

Top 10 Top 25 Emotic
Method Gl ™ Test  Val  Test Val Test
Random 1249 11.37 584 536 640 632

AANet [69] 1743 16.04 8.64 720 853 17.75
M2Fnet [12]  20.82 19.01 10.67 9.71 11.30 9.92

EmoTx (Ours) 24.35 22.32 13.36 11.71 12.29 11.76

Table 5. Comparison against SOTA for character-level predictions.
AANet denotes AttendAffectNet. Mean over 3 runs.

shows scene-level performance while the character-level
performance is presented in Table 5. First, we note that
the test set seems to be harder than val as also indicated by
the random baseline, leading to a performance drop from
val to test across all approaches. EmoTx outperforms all
previous baselines by a healthy margin. For scene level, we
see +4.6% improvement on Emotic labels, +7.8% on Top-
25, and +9.7% on Top-10. Character-level predictions are
more challenging, but we see consistent improvements of
+1.5-3% across all label sets. Matching expectation, we
see that simpler models such as EmotionNet or CAER per-
form worse than Transformer-based approaches of M2Fnet
and AttendAffectNet. Note that EmotionNet and CAER are
challenging to adapt for character-level predictions and are
not presented, but we expect M2Fnet or AttendAffectNet to
outperform them.
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Forrest... Its/suppertime

Forrest! | told you not to
bother this nice young man.

Video tokens

Mrs. Gump tokens
Forrest tokens
Dialog tokens

Mrs. Gump
worried attention

All right, but your
supper's ready
if y'all want to eat.

bbod o )il

| liked that/guitar. It
sounded good.

That's all right, ma'am

N P i 0

Forrest
happy attention

Time (in seconds)

Figure 6. A scene from the movie Forrest Gump showing the multimodal self-attention scores for the two predictions: Mrs. Gump is
worried and Forrest is happy. We observe that the worried classifier token attends to Mrs. Gump’s character tokens when she appears
at the start of the scene, while Forrest’s happy classifier token attends to Forrest towards the end of the scene. The video frames have
relatively similar attention scores while dialog helps with emotional utterances such as told you not to bother or it sounded good.

expressiveness

Serious
Cheerful
Excited
Amused
Surprise
Worried
Happy
Shocked
Nervous
Sad
Determined
Curious
Confused
Calm
Alarmed
Quiet
Scared
Polite
Angry
Annoyed
Confident
Friendly
Upset
Helpful
Honest

Figure 7. Sorted expressiveness scores for Top-25 emotions. Ex-
pressive emotions have higher scores indicating that the model at-
tends to character representations, while mental states have lower
scores suggesting more attention to video and dialog context.

4.5. Analyzing Self-attention Scores

EmoTx provides an intuitive way to understand which
modalities are used to make predictions. We refer to the
self-attention scores matrix as «, and analyze specific rows
and columns. Separating the K classifier tokens allows us
to find attention-score based evidence for each predicted
emotion by looking at a row Qs in the matrix.

Fig. 6 shows an example movie scene where EmoTx pre-
dicts that Forrest is happy and Mrs. Gump is worried. We
see that the model pays attention to the appropriate mo-
ments and modalities to make the right predictions.

Expressive emotions vs. Mental states. We hypothesize
that the self-attention module may focus on character tokens
for expressive emotions, while looking at the overall video
frames and dialog for the more abstract mental states. We
propose an expressiveness score as

N T
Zz 1215 1 zk,c,'
ex = ; )
Zt 10y Sft+z 1Oés

where a, s ci is the self-attention score between the scene

classifier token for emotion k (z k) and character P*’s ap-
pearance in the video frame as b!; Qs £, is for the video f;
and QS u, is for dialog utterance ;. Higher scores indi-
cate expressive emotions as the model focuses on the char-
acter features, while lower scores identify mental states that
analyze the video and dialog context. Fig. 7 shows the av-
eraged expressiveness score for the Top-25 emotions when
the emotion is present in the scene (i.e. y=1). We observe
that mental states such as honest, helpful, friendly, confident
appear towards the latter half of this plot while most expres-
sive emotions such as cheerful, excited, serious, surprise
appear in the first half. Note that the expressiveness scores
in our work are for faces and applicable to our particular
dataset. We also conduct a short human evaluation to un-
derstand expressiveness by annotating whether the emotion
is conveyed through video, dialog, or character appearance;
presented in the supplement section G.

5. Conclusion

We presented a novel task for multi-label emotion and
mental state recognition at the level of a movie scene and
for each character. A Transformer encoder based model,
EmoTx, was proposed that jointly attended to all modalities
(features) and obtained significant improvements over pre-
vious works adapted for this task. Our learned model was
shown to have interpretable attention scores across modali-
ties — they focused on the video or dialog context for mental
states while looking at characters for expressive emotions.
In the future, EmoTx may benefit from audio features or
by considering the larger context of the movies instead of
treating every scene independently.

Acknowledgements. We thank Google India Faculty Re-
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