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Abstract

The task of generating 3D facial expressions given various
situational contexts is important for applications such as
virtual avatars or human-robot interactions. The task is,
however, challenging not only because it requires a com-
prehensive understanding of emotion, expression and con-
texts, but also there rarely are datasets to support the task.
We propose ContextFace, a Multi-modal Large Language
Model (MLLM) fine-tuned to generate 3D facial expres-
sions depending on complex situational contexts. To over-
come the lack of datasets, we perform a context augmen-
tation to existing emotion recognition datasets; we gener-
ate plausible situations and quotes from images and emo-
tions to annotate the dataset. Next, we perform visual in-
struction tuning of MLLMs on context-augmented datasets
to boost their capability of visual synthesis from emotions.
Experiments show a superior performance of ContextFace
in the zero-shot evaluation of contextual emotion recogni-
tion. A qualitative evaluation shows that our method gener-
ates expressions consistent with diverse contexts and per-
forms complex emotion reasoning, e.g., speculative gen-
eration of expressions of occluded faces through interac-
tive prompting. Code and data are available at https :
//github.com/minjung98/ContextFace_.git.

1. Introduction

The interpretation of facial expressions inherently depends
on the situational context. For instance, a smiling face can
convey different emotions — from genuine joy to forced po-
liteness — depending on the situational context. A combined
understanding of expression, emotion, and context has re-
cently become important, particularly in the field of human-
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At a vintage clothing store, he
spots something that reminds him
of a cherished childhood memory.

Running into an old friend while
walking across campus on the first
day of college classes.

If the woman in this photo says, “'Are
you kidding me? Why did you bring
your friends over without saying
anything?"” what kind of situation
might this be?

She found her roommate’s friends loudly playing video games

Iml in their shared living room without any prior notice.
What is the emotional state of this roommate? e
2 . .
R The roommate might feel Surprise.
Can you generate his facial expression as a 3D
mesh for me?
é Given this circumstances, the generated 3D
(-]}

mesh of the man'’s face is|<FACE>
reference photo “

Figure 1. (a) Context-to-face generation. ContextFace gener-
ates subtly different expressions for the same emotion “Happy”.
(b) Speculative generation of expressions. The emotion of
woman with the image alone is ambiguous. But with her quote,
ContextFace infers her emotion and generate plausible situations.
Moreover, ContextFace speculatively generates the man’s expres-
sion whose face is not visible. An embarrassed face is gener-
ated from special token <FACE> through an interactive prompt-
ing. The output is FLAME parameters [19] which is later matched
to the reference photo using INFERNO [7] for the final mesh.



robot interaction [20, 33, 39, 41]. Prior works on Facial Ex-
pression Recognition [32, 36, 40, 44] focused on facial fea-
ture analysis, but underexplored the richness of contextual
information. Recently, Multimodal Large Language Mod-
els (MLLMs) enabled interpretable analysis of expressions
by explaining how facial features indicate specific emo-
tional states [21, 24, 46]. MLLMs can perform context-
aware emotion recognition [4, 11, 17, 45, 47] to logically
infer emotions by sophisticated reasoning, opening new av-
enues for emotion analysis from multi-modal cues.

While the aforementioned works focus on predicting
emotions or textual explanations, we consider a task of gen-
erating 3D facial expressions conditional on complex sit-
uational contexts. The task has a wide range of applica-
tions, e.g., interactive visual assistants [25, 29] or virtual
avatars [3, 13], where one needs to aptly synthesize 3D
faces that well-reflect emotions arising from various situ-
ations. It is challenging to generate expressions capturing
the subtlety of situational contexts. Consider two situa-
tions: “unexpectedly meeting an old friend on the street”
and “cherishing childhood memories”. Both will be catego-
rized as “happy” in traditional emotion recognition; how-
ever, the faces of the persons in the contexts will subtly dif-
fer, although both are expected to be “smiley faces”. The
task requires reasoning capabilities to derive proper emo-
tion and expressions from situational contexts. However, a
lack of datasets that encompass expressions, emotions, and
contexts makes it difficult to develop multi-modal models.

In this paper, we propose ContextFace, an MLLM that
integrates contextual understanding and emotional reason-
ing to generate facial expressions. ContextFace is able to
generate proper expressions matched to details in the con-
texts (Fig. 1(a)). Both situations imply emotion “happy”,
but leading to the generation of different faces. Moreover,
ContextFace can perform emotional reasoning in complex
contexts. In Fig. 1(b), the model is prompted to 1) generate
a plausible situation of the conversation; 2) infer the ex-
pression of the man whose face is not visible. Although the
emotion of the woman with the image alone is ambiguous,
ContextFace can infer her emotion from her quote, create
reasonable situations and speculatively generate a proper fa-
cial expression of the man through an interactive prompting.

The design of ContextFace is based on visual instruction
tuning [29, 30]. We first create datasets for instruction tun-
ing using context augmentation. Specifically, we augment
existing emotion-labeled image datasets [9, 16] with two
new annotations: situation descriptions and subject quotes.
For the annotation, we leverage the capabilities of strong
LLMs in grounding emotions in commonly understood so-
cial contexts. The datasets will be publicly released for the
research in emotional analysis. Next, we construct instruc-
tion datasets derived from the newly augmented datasets,
fine-tune an MLLM on those instructions. The MLLM

uses special token <FACE> associated with its hidden state
along with the face projection module to estimate FLAME
parameters [19]. This enables 3D face reconstruction with
expressions based on reference photos using INFERNO [7].
Experiments show the superior performance of ContextFace
in contextualized emotion recognition compared to existing
MLLMs as well as its capability of emotional reasoning and
face generation given various contexts, such as speculative
generation of occluded faces through interactive prompting.

Our contribution is summarized as follows. (1) We cre-
ate and publicly release two emotion datasets augmented
with rich contextual information. (2) We propose Con-
textFace, an MLLM fine-tuned with visual instruction tun-
ing for synthesizing proper expressions from complex sit-
uational contexts. (3) Experiments show ContextFace has
superior emotional reasoning and recognition capabilities
in both quantitative and qualitative aspects.

2. Related Work

MLLMs and Instruction Tuning. Enabling large lan-
guage models to process data modalities beyond text has
been a foundational area of research [18, 29, 42, 43].
Flamingo [1] proposed general-purpose large vision lan-
guage models trained from a large-scale web corpus.
BLIP [18] proposed an efficient VLM training strategy
with Q-Former to bridge the image and text modality us-
ing cross-attention. LLaVA [29, 31] proposed a 2-stage vi-
sual instruction tuning method, which first aligned vision
encoders with LLMs and then fine-tuned the VLM using
chat-oriented datasets. The visual instruction tuning was
successfully applied to various tasks. LISA [15] leverages
the capabilities of LLMs for segmentation tasks that require
complex reasoning. GLaMM [38] generates natural conver-
sational texts with integrated pixel-level object segmenta-
tion masks in visual interactions. ChatPose [12] enables text
and image inputs to generate 3D human body poses while
supporting complex reasoning about posture. Inspired by
those works, we apply visual instruction tuning for genera-
tion of facial expressions given emotional contexts.

3D Face Reconstruction. FLAME [19] is a high-quality
3D face reconstruction model from a single image, which
is a parameterized framework for 3D face representation
with separate components for identity, pose, and expres-
sion. EMOCA [6] proposed an emotion consistency loss
to generate emotional expressions of significantly higher fi-
delity. Recent works such as EmoTalk [37], EMOTE [8]
and EmoFace [26] proposed emotion-aware 3D face recon-
struction methods that incorporate emotional expressions
into 3D face representations by analyzing speech. How-
ever, integrating contextually-aware emotional expressions
into 3D face representations remains an underexplored task.
Multimodal Emotion Understanding. DialogueLLM [47]
proposed a finetuning of LLMs with multimodal emotional
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dialogues from texts and videos, and released datasets on
emotion recognition conversations. There are works [10,
45] which studied reasoning emotions within the situa-
tional context, and showed that recognizing accurate vi-
sual markers such as bounding boxes could significantly
boost the performance. Emotion LLaMA [4] has presented
an MLLM that infers human emotions by integrating mul-
tiple cues including facial expressions analyzed through
action units, utterances, audio tones, and visual context
descriptions. Explainable Multimodal Emotion Recogni-
tion (EMER) [23] was proposed to improve the reliability
and accuracy of emotion recognition by generating expla-
nations for their predictions. While those approaches lever-
aged multimodality to recognize and reason about emo-
tions, our research takes a step forward by introducing a
novel task of generating facial expressions from emotional
reasoning based on complex situational contexts.

3. Method

We propose ContextFace, a Multimodal Large Language
Model (MLLM) that integrates contextual understanding,
emotional reasoning and facial expression generation. We
aim to achieve this with visual instruction tuning inspired
by recent works [12, 15, 38]. However, there rarely exists
datasets that integrate context, emotion and facial expres-
sions together. Our strategy to overcome the data scarcity
is to perform contextual augmentation to existing emotion
datasets assisted by LLMs. The augmented datasets enable
us to create an instruction-tuning pipeline for an integrated
understanding of contexts and emotions to generate appro-
priate facial expressions. With newly defined instruction
tasks and datasets, we propose an efficient MLLM architec-
ture for 3D facial mesh generation. In the following sec-
tions, we describe our dataset augmentation approach using
LLMs (Sec. 3.1), visual instruction tuning (Sec. 3.2), and
the proposed architecture (Sec. 3.3).

3.1. LLM-Assisted Context Augmentation to Emo-
tion Dataset

Datasets. We construct emotion datasets augmented with
contextual annotations. We publicly release two datasets:
SFEW-C (Static Facial Expressions in the Wild with Con-
text) and CAER-S-C (Context-Aware Emotion Recognition
- Static with Context). Our datasets are based on and en-
hance SFEW [9] and CAER-S [16], where these original
datasets contain samples of image (input) and emotion (la-
bel) pairs. We chose SFEW and CAER-S, because they
comprise frame captures of human subjects from movies
and TV shows, offering a good balance between contextual
background information and clear facial expressions of the
subjects. We augment each sample of SFEW and CAER-
S with contextual information; specifically, situation and
quote for the image-emotion pair, e.g., see Fig. 2(a). With
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[Quote] : “I can’t believe how therapeutic it is
... paper into beautiful little art pieces.”

Generating context annotation via Claude API

Figure 2. Contextual Augmentation to Emotion Datasets. (a)
The original dataset is augmented with contexts, plausible situa-
tions and quotes, consistent with the image and emotion. (b) The
context annotations are generated through prompting the Claude
API with images and emotion labels.

the contextual annotations, our datasets will be useful for
training MLLMs to understand emotion, context and facial
expressions.

Contextual Annotation. We generate the contextual anno-
tations assisted by strong LLMs. We leverage the vast vi-
sual and textual knowledge of LLMs to infer contexts from
image and emotion. Given the original dataset’s images
and emotion labels as input, we prompted LLMs to gen-
erate expected situation and plausible quotes (Fig. 2(b)).
The annotations are generated through the Claude-3-5-
sonnet-20241022 API [2]. From the original datasets,
we excluded several samples that did not meet our crite-
ria, e.g., images without human subjects, those containing
adult/inappropriate content rejected by the Claude API, etc.
After applying our preprocessing criteria, our final released
annotation dataset contains 42,196 training and 20,938 test
samples for CAER-S-C, and 890 training and 431 test sam-
ples for SFEW-C.

3.2. Visual Instruction Tuning

To train ContextFace, we construct instruction tuning
datasets derived from the augmented datasets introduced in
Sec. 3.1. We define two new tasks: Situation Generation
and Expression Generation and build the associated instruc-
tion datasets, along with a generic VQA dataset [29] for the
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Figure 3. Instruction datasets consisting of three types: (a) Situation Generation Dataset, (b) Expression Generation Dataset, and (c)

Visual Question Answering Dataset.

instruction tuning of ContextFace.

Situation Generation Instructions. Consider the aug-
mented dataset in Sec. 3.1 consisting of image, emotion,
situation and quote. From the dataset, we create a task
called Situation Generation which takes image and quote
as input, and predicts situation and emotion as response (see
Fig. 3(a)). This task enables a model to learn associations
between contextual cues and emotions.

We create a instruction tuning dataset for Situation
Generation task as follows. We prepare training pairs
{Ximg, Xext} and their corresponding text output y from
the augmented dataset. Here, X;ng denotes the input image
with a red bounding box marking the target person. X is a
text prompt which asks the model to create a scenario from
the input quote and predict the emotion from predefined cat-
egories. yix denotes the target response describing a plau-
sible situation that fits the quote, followed by the identified
emotional state. We organized the data in an instruction-
response as follows, with <image> denoting the position
of image tokens:

INSTRUCTION: <image> Think about a per-
son who says “I can’t believe how therapeutic it
is to turn these simple pieces of paper into beau-
tiful little art pieces.” -

, and what emotion
would they be feeling? Choose from: Angry, Sad,
Surprise, Neutral, Fear, Happy, Disgust.
RESPONSE:

Therefore, the emotion this person is
feeling is Happy.

Expression Generation Instructions. We create a task

called Expression Generation which takes context (situa-
tion or quote) as input, and predicts 3D facial expression
and emotion as response (see Fig. 3(b)). With this task, the
model learns to produce 3D facial expressions that corre-
spond to its emotional analysis of given situations or quotes.
The training data comprises input {x} and target re-
sponse {y, 3} obtained from the augmented dataset. x
denotes a text instruction that describes a situation or quote
and asks the model to generate an appropriate 3D facial
representation. Yy is the target response including both
emotional inference and the special token called <FACE>.
<FACE> is a learnable token from which 3D facial mesh
will be predicted. 3 denotes the latent representation of the
target 3D facial mesh. Specifically, 5 is a 100-dimensional
FLAME expression parameters [19] extracted from the face
in the ground truth image using INFERNO [7]. We struc-
ture the data in the following instruction-response format:

INSTRUCTION: She’s folding colorful origami
while enjoying a relaxing afternoon coffee break
at home. From the described situation, infer the
person’s emotional state and generate an appro-
priate 3D facial mesh that captures the feeling.
RESPONSE: Considering the situation, the per-
son expresses Happy. The 3D facial mesh is
<FACE>.

INSTRUCTION: “I can’t believe how therapeu-
tic it is to turn these simple pieces of paper into
beautiful little art pieces.” Please analyze the
speaker’s emotional state from this quote and gen-
erate a corresponding 3D facial mesh.
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Figure 4. Pipeline of ContextFace. The instruction datasets described in Fig. 3 are used as input. Images and text are processed by
the image encoder and tokenizer respectively, and are fed into the LLM to produce text output. For the expression generation task, the
hidden state of the <FACE> token in the text output is processed through face projection layers to generate the coefficient vector of facial
expressions. The coefficient vector is then used to generate the final facial meshes.

RESPONSE: Considering the quote, the per-
son expresses Happy. The 3D facial mesh is
<FACE>.

Visual Question Answering Dataset. To preserve the
model’s original capabilities in Visual Question Answering
during the training on task-specific data, we incorporated
VQA dataset (Fig. 3(c)), specifically LLaVA-Instruct-150K
[29] which is a visual-language instruction dataset gener-
ated by GPT-4, into our training pipeline.

3.3. Architecture

Model Design. As illustrated in Fig. 4, our model consists
of two main components: a multi-modal large language
model denoted as fy and a face projection model gy. Text
instructions X serve as inputs to the multi-modal LLM fy,
resulting in text outputs Y given by

6]

We employed LoRA fine-tuning [ 14] with trainable parame-
ters ¢pora to efficiently adapt the model to our specific task
while preserving the generation capabilities of pre-trained
vision-language models. If the input prompt requests the
generation of 3D facial mesh, the multi-modal LLM f4 is
trained to include <FACE> token in its text outputs Y.
The hidden state of the multi-modal LLM f, corresponding
to <FACE> token, denoted by hyg,, is used to generate the
3D facial mesh. hyg, contains prompt-specific contextual
information required to generate a facial expression. hgye.
is subsequently passed through the face projection module
go to obtain the expression coefficient B given by

ytxl = f¢> (Xlxt)'

B= go (hface)- )

We use a two-layer multi-layer perceptron (MLP) for gy.
Loss Functions. The loss function is designed to optimize
both text output ¥ and facial expression output /3. Firstly,

the loss L for the text generation is the cross entropy loss
between the predicted response ¥ and the ground truth
Yixt:

Lixe = CE(thh ytxt)~ 3)

Secondly, for the facial expression loss denoted by Lg,c., we
adopted the L2 loss as the objective function for our facial
expression component. The loss compares L2 distance be-
tween the predicted 3 and ground truth 3 coefficients given
by .

Lisce = 18 = Bll5- )
where || - || denotes the L2-norm of a vector. The overall
loss L consists of text generation loss L, and facial expres-
sion Lg,ce, Which is given by

L= »Ctxl +A- »Cface« (5)

where )\ is a weight that balances the losses.

Training Process. ContextFace is jointly trained on three
instruction datasets: Situation Generation, Expression Gen-
eration, and VQA, in an end-to-end manner. Specifically,
the model is jointly trained with batches from different
tasks, where each batch contained samples from a single
dataset randomly selected according to fixed ratios. Both
the token embedding matrix and LLM prediction head are
set to be trainable to handle the newly added <FACE> to-
ken. Also, the face projection gy is a trainable module to
learn the mapping from hy,.. to facial expression parame-
ters B . Due to the inherently smaller magnitude of the facial
expression loss values, we applied a weighting factor A\ of
10 to this term in the overall loss function during training.

4. Experiment

4.1. Implementation Details

Datasets and Baselines. We use two datasets SFEW
[9] and CAER-S [16] which contain captures of movies
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Method ‘ Hap Sad Neu Ang Sur Dis Fea | UAR WAR
with situation

BLIP-13B [5] 72.41 5545 5092 81.82 2121 64.86 4262 | 51.11 51.09
llava-1.5-13B [29] 96.50 9396 9045 7778 7333 78.05 7143 | 81.42 8498
LLaVA-NEXT-13B [31] | 93.62 93.51 88.31 91.57 6990 85.71 86.27 | 86.88 89.73
Qwen2.5-VL-7B [43] 95.10 89.44 86.96 89.04 73.79 79.17 84.00 | 86.08 88.33
ContextFace (ours) 9420 95.89 92.77 9494 8545 85.71 84.31 | 90.13 90.68
with quote

BLIP-13B [5] 26.51 2195 3644 3579 0.00 16.00 40.00 | 26.35 24.52
llava-1.5-13B [29] 93.53 93.15 83.22 86.36 80.73 7442 78.00 | 84.12 85.66
LLaVA-NEXT-13B [31] | 90.23 90.51 77.55 91.57 7850 83.72 71.32 | 84.01 85.56
Qwen2.5-VL-7B [43] 90.65 9796 91.72 9299 80.70 76.36 90.32 | 90.20 91.33
ContextFace (ours) 96.60 9221 84.93 9448 91.74 95.65 92.78 | 93.21 94.89

Table 1. Zero-shot emotion recognition performance in F1 scores on SFEW-C Dataset. The input data for upper (resp. lower) table is
image-situation (resp. image-quote) pair. Emotion categories: Hap (Happy), Sad (Sad), Neu (Neutral), Ang (Angry), Sur (Surprise), Dis
(Disgust), Fea (Fear). UAR: Unweighted Average Recall, WAR: Weighted Average Recall.

and TV shows and are suitable for studying contextual
emotions. For training and evaluation, we use context-
augmented versions: SFEW-C and CAER-S-C as intro-
duced in Sec. 3.1. ContextFace is trained with CAER-S-
C. We compare ContextFace with state-of-the-art MLLM
models: BLIP-13B [5], LLaVA-v1.5-13B [27], LLaVA-
NEXT-13B [31] and Qwen2.5-VL-7B [43]. ContextFace
and all the baseline models are evaluated in a zero-shot
manner on SFEW-C. In addition, we provide an evalua-
tion on emotion datasets derived from MER2023 [4, 22]
datasets: due to space constraints, readers are referred to
Sec. 4 of Supplementary Materials.

Network Architecture. We employed LLaVA-llama2-13B
[28] with CLIP ViT-L/14 (336px) as our multimodal back-
bone. The face projection module is a two-layer MLP with
input, hidden layer and output sizes given by 5120, 5120,
and 100 respectively.

4.2. Quantitative Results

Contextual Emotion Recognition. Tab. | shows the per-
formance of contextual emotion recognition. Specifically,
the task is to classify images accompanied by one of two
context types, situation or quote, into seven categories of
emotions. ContextFace achieves superior performance in
the majority of emotion categories for both situation and
quote contexts, with the highest UAR (Unweighted Aver-
age Recall) and WAR (Weighted Average Recall) scores
in each contextual setting (90.13%, 90.68% with situation
context and 93.21%, 94.89% with quote context). Notably,
ContextFace excels at detecting emotions like Disgust and
Fear which typical models for emotion recognition struggle
to identify. This superior performance suggests that Con-
textFace has developed a sophisticated understanding of the

Baseline ‘ L2 ‘ FD |
situation

Random | 0.34=+ 0.0102 1.98 4+ 0.2263
Mean 0.14+ 0.0047 | 14.38 4+ 0.4688
Ours 0.07+ 0.0055 0.81+ 0.0711
quote

Random | 0.31£0.0093 | 2.42 +0.1982
Mean 0.12 £ 0.0042 | 11.76 £ 0.4178
Ours 0.10+ 0.0048 1.95+ 0.1305

Table 2. Prediction Performance of Facial Expression. We mea-
sure the errors in the predicted facial expression given two context
types: quotes and situations. There are two baselines. Random:
distance between the prediction and a randomly selected sample
from the test set (excluding the ground truth). Mean: distance
between the prediction and the average of samples in the test set.
Ours: distance between the prediction and the ground truth.

complex relationship between context and emotion through
the proposed framework of visual instruction tuning.

Facial Expression Prediction. We assess the performance
of predicting facial expression coefficient 5 for given situ-
ation or context. The expression-context pairs in SFEW-C
are used for evaluation. We measure the error in the pre-
diction in terms of the distance between 100-dimensional
coefficient vectors of facial expressions in the L2 and FD
(Fréchet Distance) metrics. L2 measures the error in the
L2 distance between the coefficient vectors. FD measures
the statistical distance between the distributions of coeffi-
cient vectors. Since there exist no other methods for con-
textual expression generation, we perform a self-evaluation
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Figure 5. Contextual Alignment of Emotional Expressions. Generation results of facial expressions in response to quotes and situations.
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Figure 6. Contextual Variation within Emotions. Contextual
variations of angry facial expressions in different situations.

adopting the multiple axes-based evaluation framework dis-
cussed in previous studies [34, 35] as follows. Tab. 2 shows
the comparisons with Random and Mean baselines where
we compare the distance between the prediction and a ran-
domly selected sample from test set (Random), or the cen-
troid of the test set (Mean), or the ground truth (Ours).
Our model demonstrates a significant improvement over
the Random baseline, suggesting that it has successfully
learned the relationship between context and facial expres-
sions. Furthermore, our model demonstrates substantially
superior FD scores compared to the Mean baseline, preserv-
ing the distinctive elements of specific facial expressions to
effectively capture fine facial feature details.

4.3. Qualitative Results

Context-to-Emotional Expression Mapping. As shown in
Fig. 5, ContextFace can generate facial expressions aligned
with each emotion by taking textual contexts, such as quotes
or situations, as input.

Intra-Emotion Expressional Diversity. In Fig. 6, we ob-
serve that ContextFace is capable of generating different ex-
pressions within the same emotion depending on the situa-
tional context. Facial expressions involving anger were gen-
erated in different situational contexts. The left image dis-
plays a milder expression in response to a minor annoyance,
while the right image shows a significantly more intense ex-
pression of rage in response to an infuriating situation.
Speculative Expression Generation through Emotional

Reasoning. We show that our model can generate logically
valid situations when given a quote for ambiguous facial
expressions. Additionally, based on these generated situa-
tions, the model can create appropriate facial expressions.
In Fig. 7, we observe that our model correctly infers the
emotions of the speaker, even with the same image and dif-
ferent quotes. Moreover, the model can infer the emotional
state or facial expression of not only the speaker, but also
the other person. As shown in the example, while the quote
comes from a woman, the model can speculatively generate
the facial expression of her boyfriend through an interactive
prompting. This suggests that our model has emotional rea-
soning capabilities to understand interpersonal relationships
and infer corresponding emotions or facial expressions.

Facial expression generation for occluded faces. As
shown in Fig. 8, our model can infer the situation based
on contexts (image and quote), and can generate plausible
facial expressions, even when the face is intentionally and
completely occluded. Our model successfully infers situ-
ations and generates appropriate expressions, demonstrat-
ing it has comprehensively learned the relationships among
context, emotions, and facial expressions.

4.4. Ablation study

Impact of Dataset Combinations. As shown in Fig. 3,
we used three datasets to jointly train ContextFace, i.e., two
context-augmented datasets: Situation Generation Dataset,
Expression Generation Dataset and one VQA Dataset. We
measured the model’s ability to infer emotions with or with-
out context-augmented datasets where VQA dataset is used
by default. The results show substantial performance gains
when both context datasets are incorporated. This demon-
strates the importance of training with context-augmented
data for emotion recognition.

Impact of Model Scale. The LLaVA-llama2-13B model
demonstrated higher performance in both UAR and WAR
compared to LLaVA-llama2-7B, as shown in Tab. 4. This
suggests that as model size increases, emotional reasoning
and expression generation capabilities improve. However,
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(@) Ambiguous Facial Expression:

Sad or Happy?

“I think we both know this is for the best,
even though it hurts so much right now.”

“Oh stop it, you're making me blush, but
please do go on!”

A

.

d

state is Sad.

She just found her boyfriend has been
secretly planning to move across the
country for a new job opportunity.
Consequently, this person's emotional

She's flirting with her date at a dimly lit
restaurant while enjoying a glass of
wine. Consequently, this person's
emotional state is Happy.

Facial Expression occluded

c)

3

o

=

of the boyfriend?

Can you generate the 3D facial mesh

reference
photo

A

Figure 7. Speculative Expression Generation through Emotional Reasoning. (a) The expression in the input image is ambiguous. (b)
Given the woman’s quote, our model can generate a plausible situation from the image along with the proper emotion. (¢) The model is
prompted to speculate the expression of the man whose face is not visible. (d) The model uses emotional reasoning to generate a sad face
which is matched to a reference photo using INFERNO [7]. (e) When prompted with the same input image and a different quote, the model

correctly predicts the woman’s emotion as “Happy”.

( "Wait, did you just say there are TWO
| heartbeats in there?

. amealinsuch a long time."

N
"You know, | haven't laughed this much during

1 §

During a routine medical checkup, the patient
just heard an unexpected diagnosis from the
doctor. This indicates this person is feeling
Surprise

\

During a casual dinner date at a cozy
restaurant, he's delighted to hear his companion
share a funny story about their day. This
suggests this person is experiencing Happy.

\

Figure 8. Generating situations and expressions from intentionally occluded faces and quotes.

Situation Generation ‘ Expression Generation ‘ UAR ‘ WAR

X X 68.26 | 70.53
X v 79.34 | 82.48
v X 88.33 | 89.40
v v 93.21 | 94.89

Table 3. Ablation study. Performance comparison of emotion
inference with different dataset combinations. v (resp. x) means
the model is trained with (resp. without) the dataset.

the 7B model maintains competitive performance across
both metrics, offering a computationally efficient alterna-
tive.

5. Conclusion

In this paper, we proposed ContextFace, a model that un-
derstands the deep association between contextual emotions
and facial expressions and generates context-aligned facial
expressions. Furthermore, we introduce new CAER-S-C
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Method | UAR (%) | WAR
LLaVA-llama2-7B 89.71 | 90.56
LLaVA-llama2-13B | 93.21 | 94.89

Table 4. Ablation study. Comparing emotion inference perfor-
mance between LLaVA-llama2-13B and LLaVA-llama2-7B.

and SFEW-C datasets that enable the proposed contextual
learning process. To our knowledge, we are the first to
extend MLLMs beyond textual emotion analysis to direct
generation of facial expressions, bridging the gap between
language-driven emotion interpretation and visual synthe-
sis. The proposed integration will become increasingly
valuable as Al services evolve towards human-like inter-
actions through emotionally aware and visually expressive
communication.
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