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in the video and support your conclusion.

<video> Determine the facial expression

The subject's facial expression clearly indicates fear.
Her eyes are wide open, suggesting heightened
alertness and a sense of surprise or threat. Her mouth
is slightly open in a gasp or expression of shock, a
common physical reaction to fear. The overall
expression is one of apprehension and anxiety, rather
than anger, sadness, or other emotions. The
combination of wide eyes and an open mouth strongly
points to a fearful response.

<m|d frame> What facial action units are engaged in the frame?

Several Action Units are likely activated: \

- AU1 (Inner Brow Raiser): The eyebrows are raised medially, pulling the skin of the
forehead upward between the brows. This is a key component of fear expressions.
- AU2 (Outer Brow Raiser): The eyebrows are raised laterally, contributing to the
overall widened-eye appearance associated with fear.

- AU4 (Brow Lowerer): The eyebrows are pulled downwards, creating a furrowed
brow. This adds to the intensity of the fear expression.

- AUS5 (Upper Lid Raiser): The upper eyelids are raised, widening the eyes, which is
a hallmark of fear.

- AU20 (Lip Stretcher): The lips are stretched horizontally, contributing to the overall

tense and fearful expression.

<mid-frame> Examine the facial
attributes depicted in the provided image.

<mid-frame> Estimate the age of the person seen and provide your
analysis of the image.

o

The image shows a young person with black hair. The
individual is wearing lipstick, which is clearly visible on
their lips. The person's facial features and overall
appearance suggest youthfulness.

30 years old is an estimate based on the person's facial features. The individual
exhibits a level of facial maturity consistent with someone in their late twenties or
early thirties. (...truncated...)

Figure 1. We introduce Face-LLaVA, a multimodal LLM for facial analysis and reasoning which can perform a variety of facial analysis
tasks. Instead of only predicting the labels, Face-LLaVA provides a detailed description (or reason) for its predictions.

Abstract

The human face plays a central role in social communi-
cation, necessitating the use of performant computer vi-
sion tools for human-centered applications. We propose
Face-LLaVA, a multimodal large language model for face-
centered, in-context learning, including facial expression
and attribute recognition. Additionally, Face-LLaVA is able
to generate natural language descriptions that can be used
for reasoning. Leveraging existing visual databases, we
first developed Facelnstruct-1M, a face-centered database
for instruction tuning MLLMs for face processing. We then
developed a novel face-specific visual encoder powered by
Face-Region Guided Cross-Attention that integrates face
geometry with local visual features. We evaluated the pro-
posed method across nine different datasets and five dif-
ferent face processing tasks, including facial expression
recognition, action unit detection, facial attribute detec-
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tion, age estimation and deepfake detection. Face-LLaVA
achieves superior results compared to existing open-source
MLLMs and competitive performance compared to com-
mercial solutions. Our model output also receives a higher
reasoning rating by GPT under a zero-shot setting across
all the tasks. Both our dataset and model are available
at https://github.com/ihp-lab/Face-LLaVA/ to support fu-
ture advancements in social Al and foundational vision-
language research.

1. Introduction

The human face serves as a fundamental conduit for so-
cial communication. Hence, face analysis including fa-
cial expression recognition [79], action unit (AU) detec-
tion [99], facial attribute detection [101], age estimation
[2] has received considerable attention. These tasks have
a plethora of applications such as human-computer interac-
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Figure 2. Comparison of Face-LLaVA with existing MLLMs for
zero-shot performance on different face analysis benchmarks (val-
ues normalized and the metric is negative MAE for UTKFace [94]
and MorphlI [60]).

tion [65], social behavior assessment [55], e-learning [20]
and surveillance [54], among others.

Existing face analysis approaches suffer from two ma-
jor limitations: (i) they are developed for specific tasks
such as expression recognition [7, 85] or attribute detection
[45, 48], limiting their generalizability; and (ii) they pri-
marily output labels without natural language description
for their predictions. The ability to use natural language to
describe predictions is crucial for critical applications such
as healthcare and surveillance [11, 80].

To address the first limitation, recent work has explored
generalist face models capable of handling multiple tasks
[6, 58], but these lack a natural language interface and of-
fer no reasoning transparency. The emergence of Multi-
modal Large Language Models (MLLMs), such as LLaVA
[29, 42, 93], has enabled their application to vision tasks, in-
cluding face analysis. EmoVIT [82] improves emotion un-
derstanding via instruction tuning, while Emotion-LLaMA
[8] combines audio, video, and text for emotion reason-
ing. Foteinopoulou et al. [12] study LLMs for deepfake
detection. However, these are task-specific and often rely
on background or audio cues. Recent models like FABA
[37] and VL-FAU [15] begin to bridge vision and language
reasoning for faces, but remain limited to expression un-
derstanding. Moreover, current MLLM-based efforts in fa-
cial attribute understanding [31, 32, 67, 95] lack support for
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video-based analysis.

In this paper, we propose Face-LLaVA, a generalist
MLLM that can perform perception with reasoning on dif-
ferent face analysis tasks. Fig. 1 shows the interaction of
a user with our model. Note that given a video or an im-
age, our model can recognize facial expressions, facial ac-
tion units, age, and facial attributes and identify face forgery
(see Fig. 3). This advancement paves the way for develop-
ing general-purpose Al-driven social agents with enhanced
facial reasoning capabilities, making them more applicable
to real-world scenarios.

Training an MLLM for face analysis requires a vast
amount of instruction-tuning data covering different tasks.
However, existing instruction-tuning datasets [8, 37, 39] for
related tasks are relatively small, task-specific, and often
limited to either images or videos (see Tab. 1). To address
this limitation, we introduce Facelnstruct-1M, a large-scale
face-specific dataset comprising one million samples, in-
cluding around 850k images and 120 hours of video data,
annotated with task-specific instructions and descriptions
across five distinct face analysis tasks. Furthermore, as
the dataset is automatically generated, we employ a GPT-
4o [72]-assisted evaluation and filtering process to ensure
high-quality data for fine-tuning the MLLM.

General-purpose vision encoders used in MLLMs, such
as CLIP [59] and LanguageBind [100], are not designed
to extract face-specific features such as facial landmarks,
which are crucial for fine-grained face analysis. To address
this, we propose a novel architecture that is specifically de-
signed for face processing to enhance its performance. Un-
like previous approaches [37], our method is more efficient
in utilizing the LLM’s context window and is generaliz-
able to both images and videos. Specifically, we introduce
a face-region landmark projector, which maps face expert
(landmark) features to face-region tokens and refines visual
features via cross-attention with the extracted visual tokens.

We conduct extensive experiments on nine datasets
spanning five different face analysis tasks, demonstrating
that our method outperforms existing open-source MLLMs
across all benchmarks in a zero-shot setting (Fig. 2) and
achieves performance competitive with supervised task-
specific approaches. To further assess the reasoning ca-
pabilities of our model, we conduct automatic GPT-based
evaluations comparing our approach against recent MLLMs
and showcasing its superior generative and captioning capa-
bilities.

In summary, the key contributions of this work are as
follows. (i) We introduce Facelnstruct-1M, a large-scale
face analysis dataset comprising one million instruction-
tuning samples, including both images and videos. The
dataset spans five key face-related tasks: expression recog-
nition, action unit (AU) detection, attribute detection, age
estimation, and deepfake detection. (ii) We propose Face-



LLaVA, a multimodal large language model architecture for
face analysis that incorporates face landmark features us-
ing a face-region projector and face-region-guided cross-
attention, enabling effective instruction tuning for face
processing tasks. (iii) Through extensive experiments,
we demonstrate that our approach outperforms existing
MLLMs in a zero-shot setting on nine datasets across
five face analysis tasks, achieving superior performance on
both traditional benchmarks and GPT-assisted evaluations
of generated responses. Additionally, we show that our
method achieves competitive performance with supervised
task-specific techniques across all tasks.

Facelnstruct-1M and Face-LLaVA model weights are avail-
able at https://github.com/ihp-lab/Face-LLaVA/.

2. Related Works

2.1. Traditional face analysis

Extensive research has been conducted on individual face
analysis tasks, including expression recognition [7, 68, 76,
81, 85, 86, 91, 92], action unit detection [36, 46, 63, 69],
age estimation [2, 13, 66], attribute detection [45, 48, 62],
and deepfake detection [1, 9, 56]. Recently, the focus has
shifted toward generalist models [51, 57, 58] and learning
robust facial representations [6, 64, 98]. Faceptor [58] ex-
tends FaRL [98] and SWINFace [57] with a single encoder
and dual-decoder transformer for multi-task face analysis.
MARLIN [6] and PrefAce [19] use self-supervised learn-
ing on videos via masked autoencoders (MAE) [16, 74]
to learn robust representations, while PCL [44] employs a
pose-disentangled decoder for contrastive learning. Build-
ing on these, our work presents a generalist face analysis
model that goes beyond perception by incorporating reason-
ing over predictions, enhancing interpretability and context-
awareness.

2.2. Face analysis using instruction tuning

Multimodal LLMs improve visual reasoning by leveraging
the broad knowledge of LLMs [40, 42, 73, 88, 93]. How-
ever, their application to face analysis is limited due to the
lack of large-scale instruction-tuning data. Existing face
datasets [22, 45, 49, 50, 60, 61] mainly provide categorical
or numeric labels (Tab. 1). Additionally, current instruction-
tuning datasets for emotion recognition [8, 39, 43, 82] of-
ten depend on context or audio rather than facial cues.
FABAInstruct [37] targets face analysis but is limited to
still images and affective behavior. In contrast, we in-
troduce Facelnstruct-1M, a large-scale instruction-tuning
dataset for diverse face-related tasks.

While prior work has explored reasoning in VLMs for
face tasks [8, 12, 82], comprehensive face-specific reason-
ing remains limited. AU-LLAVA [18] predicts AUs and in-
tensities but lacks reasoning. VL-FAU [15] and EmoLA
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Dataset Face Modality Number of Samples Anno.
Spec. Img. Vid. | Expr. AU Attr. Age DFE  Tot. Type

RAF-DB [34] v v X 30k - - - - 30k C
AffectNet [50] v v X 440k 440k C
DFEW [22] v X v 16k 16k C
FERV39K [78] v X v 39k - 39k C
DISFA [49] v v X - 140k 140k C
BP4D [90] v 4 X - 150k 150k C
AffWild2 [27] 4 4 X | 2.6M 2.6M 2.6M | C+N
CelebA [45] v v X - 200k 200k C
MORPH II [60] v v X 50k 50k N
UTK Face [94] v v X 20k 20k N
FF++[61] v/ X v sk 5k C
Fake-AVC [25] v X v - 20k 20k C
EMER [30] x x v/ 450 450 D
MAFW [43] X X v 10k 10k | C+SD
EmoVIT [82] X X v 1.6k 1.6k | I+D
MERR [§8] X X v 30k - 30k I+D
FABA Instr. [37] v v X 20k 20k 20k I+D
Face-
Instruct-1M 4 4 v/ | 350k 290k 200k 70k 95k 1M I+D

Table 1. Comparison of the proposed Facelnstruct-1M dataset
with various annotated datasets of face-related tasks. C:category,
SD:short description, I:instruction, D:description, N:number (re-
gression), DF.: deepfake detection, Face Spec.: Face-Specific.,
AU: action unit.

o
- A ."

Instruction: Detail the emotion expressed in the video and give your reasons.

Response: The subject's facial expression clearly indicates sadness. [nitially, the eyes appear downcast, with the
eyebrows slightly furrowed, ing a ic state. As the video tears begin to stream down the
face, a definitive indicator of sadness and emotional distress. The downturned corners of the mouth further contribute
to the overall expression of sorrow. The overall effect of these combined facial cues strongly conveys a feeling of
sadness and dejection

Instruction: Give the facial action units that are evident within the image.
Response: The image shows a face expressing a combination of emotions. AU4 (Brow
Lowerer) is likely activated because the eyebrows are drawn downwards and together, creating
a furrowed brow. This is a common indicator of displeasure, anger, or concentration. AU17
(Chin Raiser) appears activated due to the slight upward movement of the chin, which often

i 1s of disgust or . The combination of a lowered brow and a
raised chin creates a complex expression that reflects a blend of negative emotions.

Instruction: What is the estimated age of the person in the image?
Response: 60 years of age is estimated based on several visible features. The individual's
facial skin exhibits significant texture and wrinkling, particularly around the eyes and forehead,
which are consistent with the aging process. There is also noticeable sagging of the skin,
especially around the jawline. The hair shows significant graying, a common indicator of age.
The presence of some age spots on the skin further supports this assessment. The overall

of the facial features and skin tone strongly suggest an age around 60.

Figure 3. Facelnstruct-1M dataset samples for different tasks.

[37] incorporate visual-language frameworks and landmark
priors for interpretable affective analysis. EMO-LLaMA
[83] enhances facial encoding for reasoning and dialogue.

Face-MLLM [67] uses Gemini to annotate Laion-Face
[97] for instruction tuning but focuses on perception with-
out any reasoning and depends on Gemini’s capabilities.
FaVChat [95] deals with facial analysis for videos but can
perform only facial attribute understanding. In contrast,
Face-LLaVA supports both images and videos, builds on
standard datasets, and can perform multiple face analysis
tasks.

3. Facelnstruct-1M

We present Facelnstruct-IM, a dataset for instruction-
tuning MLLMs on face-centric tasks. As shown in Tab. 1, it
includes instructions and descriptions for expression recog-
nition, AU detection, deepfake detection, attribute detec-
tion, and age estimation. Unlike prior datasets [22, 45,
49, 61, 78] that target single tasks, Facelnstruct-1M spans
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Mean GPT Rating (1-10)
Desc.-Vid.  Desc.-Lab.
Consi: y Consi y

Task Datasets Label
Acc.
Facelnstruct-1M
DFEW [22], MAFW [43],
FERV39k [78] Crema-D [24],
AffectNet [50], RAF-DB [34]
DISFA [49], BP4D [90]
CelebA [45]
MORPH II [60], UTK Face [94] | 8.63
FF++ [61], Fake AV Celeb [25] | 8.84
FABAInstruct [37]

[ 879

Overall

Expression 8.81 8.74 8.79 8.71
AU
Attribute
Age

Deepfake

8.17
8.79

8.23
8.75
7.92
8.13

7.62
8.52
7.98
8.60

7.99
8.69
7.99
8.20

Expression ‘ AffectNet [50] 6.44 6.32 6.22

Table 2. Datasets used to construct the Facelnstruct-IM and GPT
[72] ratings for different aspects of the data. Ratings for FABAIn-
struct [37] are calculated as a reference.

multiple domains. Existing instruction-tuning [8, 82] and
captioning datasets [39, 43] include background and audio
cues, while ours focuses purely on facial information. Al-
though FABA-Instruct [37] is face-specific, it is image-only,
smaller in size, and limited in scope. To our knowledge,
Facelnstruct-1M is the first large-scale, multi-task instruc-
tion dataset for face analysis using both images and videos.

3.1. Annotation Pipeline

Facelnstruct-1M is built using images, videos, and anno-
tations from existing task-specific datasets (Tab. 2, Ap-
pendix D). As we focus only on faces, we crop face re-
gions and retain videos with a single subject throughout
(Appendix E.1).

Although many existing annotations are categorical or
minimal, they effectively guide automatic description gen-
eration (see Appendix E.5 for analysis). To create video
descriptions, we provide the face video, its label, and task-
specific prompts to Gemini Flash [70], chosen for its accu-
racy, speed, and low cost. All the prompts used for annota-
tion are detailed in Appendix E.2.

Inspired by FABA-Instruct [37], we pair each sample
with a matching instruction. We curate 100 hand-crafted
instructions per task and randomly associate them with gen-
erated descriptions. See Appendix E for details.

3.2. Dataset Rating and Filtering

Tab. 2 lists the datasets used in Facelnstruct-1M, some of
which [22, 43, 45, 78] include background and audio, mak-
ing their annotations influenced by non-facial cues. Further-
more, since our annotations are generated using an LLM, it
is crucial to perform a sanity check and apply filtering to
ensure high data quality.

We use a GPT-40 [72]-based rating pipeline that scores
each sample based on (i) accuracy of the label w.r.t. the
video, (ii) consistency between the description and the
video, (iii) consistency between the description and the
label, and (iv) overall visual quality. Tab. 2 shows that
Facelnstruct-1M receives consistently high ratings. For cal-
ibration, we also evaluate FABA-Instruct [37]. Samples
with an average rating less than 6 are discarded, filtering
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out about 7% of the dataset (Appendix E.4 for details).

3.3. Qualitative analysis

Fig. 3 presents samples from the Facelnstruct-1M dataset
across different tasks. Notably, for video inputs, the de-
scriptions capture subtle variations in various facial at-
tributes and justify the responses to the given instructions
based on these observations. It is also important to high-
light that the dataset encompasses tasks reliant on muscle
movements (e.g., expression recognition, AU detection, and
deepfake detection), facial attributes (including age), and
overall video quality (deepfake detection). More data sam-
ples are present in Appendix E.7.

3.4. Evaluation

Since an MLLM trained on our dataset generates natu-
ral language, its evaluation must consider both (i) metrics
for face analysis, such as average recall or accuracy (Ap-
pendix F.3), and (ii) the reasoning capabilities w.r.t. instruc-
tions. Similar to FABAlInstruct [37], we assess traditional
metrics using synonym matching (refer Appendix F.1) for
expression recognition, attribute detection, and deepfake
detection, while for AU detection and age estimation, we
extract numerical values directly from the generated text.

To assess MLLMs’ reasoning on face tasks, traditional
text metrics like BLEU [53] or ROUGE [41] are limited
by shallow n-gram matching. Instead, we use GPT-40 mini
[72] to evaluate: (i) alignment of reasoning with the video,
(ii) consistency with the ground-truth label, and (iii) overall
completeness in supporting the label based on the video,
similar to Sec. 3.2.

We also curate a test set of 500 samples per task from
DFEW [22], DISFA [49], CelebA [45], UTKFace [94], and
FaceForensics++ [01]. Samples are selected from top-GPT-
rated data and refined to match class distributions.

4. Face-LLaVA

Fig. 4 illustrates the Face-LLaVA architecture for
instruction-tuning on face images and videos. Similar
to prior MLLMs [40, 42], it consists of a patch-based
vision encoder Ey, to encode input image (or video), a
tokenizer Ex to encode the text instruction and a large
language model decoder ® to generate responses according
to the instruction x;. Inspired by Lin et al. [100], we use
LanguageBind [100] vision encoders for video and image
and learn a joint vision projector PY, from the visual token
space to the language token space. Specifically, given a
visual input z,,, we get visual tokens h, € RT*NXd a4
follows,

he :P%(Ev(xv)) (1)

where 7' is the number of video frames (1 for images), NV
is the number of visual tokens from the patch-based vision
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encoder Ev (256 for LanguageBind), and d is the dimen-
sionality of hidden representation of the LLM.

Since we are dealing with faces, the visual information
should also incorporate features specifically important for
face processing which can be obtained from a face-expert
model E1,. In Face-LLaVA, we use a landmark detector
as our face-expert model to extract face-specific features
from the visual input x,,. We also experimented with a face-
parsing model as the expert, but that led to extra computing
due to pixel-wise information and no returns (see Sec. 5.5).
Formally, we obtain the normalized 2-D landmark coordi-
nates, z = Ey,(z,) where z € RT*L*2_ These expert fea-
tures are then fed to the proposed novel Face-Region Land-
mark Projector and Face-Region Guided Cross-Attention
modules.

4.1. Face-Region Landmark Projector (FRLP)

To project the facial landmark features to the token space,
one can simply flatten the L facial landmarks into the
LLM’s d-dimensional token space by projection [37]. How-
ever, this maps the entire face landmark features into a sin-
gle token without preserving information about what indi-
vidual landmark points mean. Moreover, for a lot of com-
plex face-perception tasks, humans tend to look at a group
of facial muscles or regions, such as eyes or lips, to make
informed decisions. For example, to detect an expression
of disgust, visual features around the nose to capture wrin-
kling are important. Therefore, we propose a Face-region
Landmark Projector to group landmarks into different face
regions and then project them into individual face-region
tokens through separate MLPs. Specifically, we use two
sub-modules to tokenize the landmark features.

The local landmark projector P'°® generates M tokens
each corresponding to a separate face-region,

h%ocal _ {MLPéocal(zi) VY i€ {1 . M}} (2)
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where z; € RT*Li%2 are the L; 2-D landmark points

corresponding to the i*" face region. We use a total of 9
landmark groups corresponding to the following face re-
gions - face boundary, left/right eye, left/right brow, nose,
nostril, lips and teeth.

Similar to EmoLA [37], we also project all the L land-
mark points through a global landmark projector P4'°*" to
get a single global landmark token for each frame which can
capture the overall facial structure and dynamics beyond in-
dividual regions.

hquobal — MLPglobal(2> (3)
and the final landmark tokens h; are given by,
hl _ hqu()bal + h%ocal (4)

where the global token hfl()bal is broadcasted in the token

dimension. By combining the local region and the global
landmark tokens, our approach ensures that both local and
holistic facial features are effectively modeled. To keep the
extra compute to a minimum, we use single-layer MLPs for
all the landmark projections.

4.2. Face-Region Guided Cross-Attention(FRGCA)

We propose to use the landmark tokens h; generated by
the FRLP module via cross-attention with the visual to-
kens h,. Such an architecture poses two benefits - (i) us-
ing cross-attention enables weighing visual tokens that are
closer to salient face regions and are highly likely to be used
by the downstream face processing tasks, and (ii) as op-
posed to EmoL A [37], the M landmark tokens per frame
do not have to be appended to the visual tokens and passed
as input to the LLM thus saving the LLM’s context win-
dow. Formally, we obtain the key (K € RMXdatin) and
value (V € RMXdatiny vectors using h;, and the query



(Q € RN*dattn) vector using h, by passing through sep-
arate linear layers. Note that we have dropped the time di-
mension 7 for simplicity.

To further enforce the attention weights on face regions,
we compute a face-region patch proximity (RPP) mask,
which is inversely proportional to the pairwise 2-D dis-
tances between the centroids of the visual patches used as
inputs by Ev and the centroids of the different face regions
as shown in Figure Fig. 4. Mathematically, the elements of
the mask m7*" are given by

mﬁpp = —||centroid(z;) — centroid(hy ;)|  (5)
where centroid(z;) is the centroid of i*" face region,
centroid(h, ;) is the centroid of the j* visual patch as-
sociated with the visual token h,, ;, and mBPP ¢ RNXM
The RPP mask is used to guide the attention weights be-
fore the softmax layer. The entire FRGCA module Ag,

can be summarized as,

KT
hl = Linear (Softmax ( )

RPP
v hy
\% dattn m > ) *

(6)
4.3. Training

We train the Face-LLaVA model in multiple stages so that
the visual and landmark tokens can be aligned with the lan-
guage tokens. We initialize the vision encoder (Ev/), vision
projector (P%), tokenizer (Er) and the LLM (®) from the
pretrained weights of Video-LLaVA [40]. For landmark de-
tection, we use pretrained weights from FAN [5].
Face-Region Pretraining. In this stage, we only train the
FRLP module P] and the FRGCA module A, and keep
all the other weights frozen. This ensures that the newly
initialized modules generating landmarks tokens get aligned
with the visual and the language tokens generated by P,
and Er respectively.
Finetuning. In this stage, we train the vision projector P%-
and the LLM model ® along with P and A$,, with a lower
learning rate. For the LLM, we use a LoRA [17] of rank
8 and scaling factor of 4. This stage jointly finetunes the
model to improve the instruction following capabilities.
For both stages, the model is trained in an autoregressive
fashion by maximizing the likelihood of the response x,:

L
P(xrlhi)vht> = HP@(xilhinhtvx[rLi_l]

i=1

) D

where z’ is the i‘" response token, LL is the length of the
response &, and x[rlzi_l] are the response tokens generated
before the i*" token. Learning rates for the pretraining and
finetuning stages are le-4 and 2e-5 respectively, and all the

models are trained for one epoch (see Appendix G).
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5. Experiments

5.1. Datasets and Evaluation Protocol

Perception. We perform extensive evaluations of the
proposed approach on nine benchmarks including DFEW
[22], Crema-D [24], and RAF-DB [34] for facial expres-
sion recognition; DISFA [49] and BP4D [90] for action
unit detection; FaceForensics++ [61] for deepfake detec-
tion; MORPH 1II [60] and UTK Face [94] for age estima-
tion and CelebA [45] for facial attribute detection (Appen-
dices D and F.3 for details). Since these datasets are also
used to construct the Facelnstruct-1M dataset, we report
performance on these datasets in the following two settings.
In the zero-shot setting, we remove the entire task-specific
dataset from Facelnstruct-1M for tuning our model, and
in the fine-tuned setting we finetune the zero-shot model
according to the official splits or training protocol of the
benchmark (Appendix F.3).

Reasoning. As mentioned in Sec. 3.4, we perform reason-
ing evaluation using GPT40-mini [72] on Facelnstruct-1M
test set consisting of 500 samples per task. We do not use
the existing EMER [39] benchmark for reasoning evalua-
tion because we want to assess the reasoning based on facial
expressions and not the background context or audio.

5.2. Evaluation on traditional tasks

We assess Face-LLaVA against multiple baselines under
both zero-shot and fine-tuned settings, following the eval-
uation protocol detailed in Sec. 5.1. Unless otherwise, we
apply the official inference code to face-cropped inputs for
zero-shot baselines (Appendix G.2) and report the officially
published results for fine-tuned baselines.

Facial Expression. As shown in Tab. 3, Face-LLaVA out-
performs all baselines on all benchmarks in the zero-shot
setting. It also performs competitively in the fine-tuned set-
ting, despite lacking access to background or audio cues. It
is also important to note that, in contrast to other MLLM
baselines [8, 37], our model for finetuned setting is still
trained to provide descriptions rather than outputting a sin-
gle categorical label.

Action Units. Tab. 4 summarizes results on DISFA [49]
and BP4D [90]. Since these datasets have disjoint AU an-
notations, we augment Facelnstruct-1M with Gemini [70]
annotations on AffectNet [50] for zero-shot training. Face-
LLaVA outperforms all baselines in both settings, achieving
a 10% relative gain on DISFA over the previous fine-tuned
SOTA.

Age, Attribute, and Deepfake. As shown in Tab. 5, Face-
LLaVA surpasses all zero-shot baselines on Morph II [60],
UTKFace [94], CelebA [45], and FaceForensics++ [61].
Despite being an MLLM, it matches regression-based base-
lines in age estimation. For attribute detection, due to the
lack of large-scale supervised datasets, we annotate FFHQ



DFEW [22] \ Crema-D [24] [ RAF-DB [34] P Average F1 |
Method UART WART | Method UART WART | Method Acc. 1 o DISFA [49] BP4D [90]
Closed - source models Closed-source models
GPT4o-mini [72] 0426 0518 | GPT4o-mini [/2] 0410 0486 | GPT4o-mini [72] 0.758  GPT4o-mini [72] 0.429 0.496
Gemini-1.5F [70] 0433  0.481 | Gemini-1.5F [70] 0.465  0.635 | Gemini-1.5F [70] 0.685  Gemini-1.5F[70] 0.515 0.532
Gemini-2.5F [71] 0483  0.555 | Gemini-2.5F[71] 0498  0.671 | Gemini-2.5F [71] 0.748 ~_Gemini-2.5F [71] 0.545 0.530
Zero-shot Zero-shot
VidLLaMA 3[83] 0286 0305 | VidLLaMA 3 [88] 0397 0546 | VidLLaMA 3[38] 0671  YideoLLaMA3 [58] 0.374 0458
Qwen 2.5 [73] 0293 0399 | Qwen2.5[73] 0395 0566 | Qwen 2.5 [73] 0526 %ZEZLEEX/?[; 4’(}] gﬁé gjfg
Vid.-LLaVA [40] 0220  0.326 | Vid.-LLaVA [40] 0367  0.557 | Vid.-LLaVA [40] 0.545 [} VA OneVision [29] 0.280 0.439
LLaVA-Vid. [93] 0375 0498 | LLaVA-Vid. [93] 0478  0.618 | LLaVA-OV [29] 0700 EmoLa [37] 0418 0407
EmoLA [37] 0.346 0.449 EmoLA [37] 0.431 0.618 EmoLA [37] 0.741 Face-LLaVA (Ours) 0.556 0.517
Emotion LLaMA [8] 0456  0.594 | Emotion LLaMA [8]  0.225  0.308 Finetimed
Face-LLaVA (Ours)  0.467 0.601 | Face-LLaVA (Ours) 0.612 0.705 | Face-LLaVA (Ours) 0.834 ATCM [21] 0.615 0.642
Fine-tuned ReCoT [36] 0.626 0.648
EC-STFL [22] 0454  0.565 | Leietal. [28] 0.645  0.648 | RUL [91] 0.890  KS[35] 0.628
Former-DFER [96] 0.537  0.657 | PTH-Net[33] 0.699  0.700 | EAC [92] 0.909  ME-GraphAU [46] 0.631 0.655
GCA+IAL [30] 0.557  0.692 | MAE-DFER [68] 0.773  0.774 | TransFER [85] 0.909  JAA-Net[63] 0.635 0.624
M3DFEL [76] 0.561 0.693 | MTL-ER [89] 0.745  0.756 | Xue etal. [86] 0.920  PIAP-DF [69] 0.638 0.641
MAE-DFER [68] 0.634  0.744 | MT-Former [84] 0.793  0.807 | POSTERV2 [47] 0922  VL-FAU[I5] 0.665 0.658
S2D [7] 0618 0760 | MTCAE-DFER[81] ~ 0.847  0.850 | EmoLA [37] 0921  AU-LLaVA[Ig] 0.525 0603
EMO-LLaMA [83]  0.602  0.659 EmoLA [37] 0.651 0642
Emotion-LLaMA [8]  0.642 0771 Face-LLaVA (Ours) 0.729 0.658
Face-LLaVA (Ours) 0.645 0.768 | Face-LLaVA (Ours) 0.832 0.838 | Face-LLaVA (Ours) 0.921

Table 4. Comparison of the proposed

Table 3. Comparison of the proposed approach with recent MLLMs and supervised techniques approach with MLLMs and supervised
for emotion recognition on the DFEW [22], Crema-D [24] and RAF-DB [34] dataset. *:Only techniques on DISFA [49] and BP4D

using middle video frame.

Age Esti (MAE |) | Face Attribute (mAcc. 1) | DeepFake Det. (Acc. 1)
Method M[60] U4 | Method CA[451|  Method FF [61]
Closed-source models
GPT4o-m [72] 409 504 | GPTdo-m[72] 0.780 | GPT4o-m [/2] 0.807
Gem.-1.5F[70] 478  6.13 | Gem.-1.5F [70] 0.814 | Gem.-1.SF[70]  0.770
Gem.-2.5F [71] 5.29 5.88 | Gem.-2.5F [71] 0.823 Gem.-2.5F [71] 0.785
Zero-shot
V.LLaMA3 [23] 698 691 | V-ALLaMA3[88]  0.813 | V-LLaMA3 (28]  0.793
Qwen 2.5 [73] 6.09 5.25 | Qwen2.5[73] 0.786 Qwen 2.5 [73] 0.653
V-LLaVA [40] 675  5.89 | V-LLaVA [40] 0.795 | V-LLaVA [40] 0.697
LLaVA-OV [29] 6.33 6.87 | LLaVA-OV [29] 0.805 LLaVA-V [93] 0.751
Face-LLaVA 3.22 4.75 | Face-LLaVA 0.878 Face-LLaVA 0.843
Fine-tuned
PML [10] 215 ~ [ Liuetal [45] 0.873 | MesoNet [1] 0.705
Berg et al. [4] - 4.55 | MOON [62] 0.909 Xception [9] 0.869
DLDL-v2 [14] 197 442 | SwinFace [57] 0913 | MARLIN [6] 0.894
MWR [66] 200 437 | Faceptor [58] 0914 | M2TR [77] 0.929
Faceptor [58] 196  4.10 | DMM-CNN [48] 0917 | F3-Net[56] 0.930
Face-LLaVA 1.96 4.06 | Face-LLaVA 0.921 Face-LLaVA 0.901
Table 5. Comparison of the proposed approach with recent

MLLMs and supervised techniques on the age estimation, face at-
tribute detection and deepfake detection tasks on different datasets
[45, 60, 61, 94]. M: MORPH 1II [60], U: UTKFace [94], CA:
CelebA [45], FF: FaceForensics++ [61].

[23] through Gemini without labels and use that to train
Face-LLaVA for zero-shot setting. For deepfake detection,
results on low-quality FaceForensics++ videos show Face-
LLaVA significantly outperforms zero-shot MLLM base-
lines, which often hover around random (80%) accuracy.
Notably, our model uses only eight frames per video, com-
pared to more frames in fine-tuned baselines.

It is also important to note that even though Face-LLaVA
is constructed using an older version of Gemini (1.5 Flash),
we outperform Gemini-2.5 Flash on almost all the facial
analysis benchmarks under the zero-shot setting.

5.3. Evaluation of reasoning

As mentioned in Sec. 3.4, we compare the reasoning capa-
bilities of baselines with Face-LLaVA using GPT evaluation
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[90].

on the Facelnstruct-1M test set. Face-LLaVA achieves su-
perior ratings compared to other MLLM baselines [29, 40,
73, 88]. Across all tasks, Face-LLaVA’s mean rating for
completeness of reasoning is around 33% higher than the
best baseline, with a mean rating of 7.60/10. Moreover,
Face-LLaVA responses achieve higher mean ratings than
the baselines on response-video consistency and response-
GT consistency as well highlighting excellent vision lan-
guage alignment and high accuracy. Detailed results can be
found in Tab. 9 in Appendix C. Fig. 5 presents a comparison
of reasoning generated by different MLLMs for expression
recognition in a video (Appendix H for more samples).

5.4. Visualizing landmark tokens

To visualize token representations learned by the FRLP
module, we plot t-SNE [75] embeddings of the h; tokens
for a DISFA [49] subject in Fig. 6. DISFA is chosen as its
action units map directly to facial regions. Frequently co-
occurring AUs (e.g., AU25 and AU26) show overlapping
representations, while mutually exclusive AUs (e.g., AU2
and AU4) appear well-separated.

5.5. Ablation Study

We perform an ablation study (Tab. 6) on DFEW [22] in
a zero-shot setup using model trained on MAFW [43],
FERV39k [43], and Crema-D [24]. Our baseline, Video-
LLaVA [40], uses only visual tokens h,. We can observe
that using landmark tokens h; (or hfoc"'l/hlgl"b“l) as addi-
tional inputs with h, improves baseline performance but
not as much as incorporating the landmark tokens using
cross-attention with h,. Moreover, using FRGCA, which
incorporates masked attention through RPP mask m®FP,



Ground Truth Label ANGER

| VideoLLaMA 3: The mouth is closed, and the lips are sllghtly parted. The person's facial
expression appears neutral or slightly relaxed.

l Qwen 2.5 VL: The facial expression in the video appears to be neutral. The person's mouth is
closed, and there are no visible signs of anger, happiness, sadness, disgust, fear, or surprise. The
eyes are open, but the overall expression does not convey any strong emotion.

Video-LLaVA: The person in the video has a neutral facial expression, which could be interpreted
| as a sign of concentration, determination, or a focused state of mind. The man's facial expression
may be related to his role as a warrior or a leader, as he is wearing a helmet and a mask. The
|lserious expression could also be a result of the man's training or preparation for a task or mission.

t-SNE for 'left brow' token

ne, &
l 1 o{’é?;. ..6;.‘0
| (] :’
08 o
. Oa &
] R ‘oAUl Inn. Brow Raiser
;“_. o AU2-Out. Brow Raiser

°§;79‘ AU4-Brow Lowerer

t-SNE for 'lips' token

LLaVA-Video: The facial expression in the video is neutral. The person's mouth is closed, and
| there are no visible signs of emotional expression such as a smile or frown.

Emotion-LLaMA: The facial expression of the character in the picture is a frown, which suggests
| that they are feeling upset or frustrated. The furrowed brow and tightened lips indicate a sense of
concentration or focus, possibly on a task or problem the overall tone of the image is one of
concern or worry, as the character's facial expression does not convey any joy or happiness.

Face-LLaVA (Ours): The subject's facial expression displays several key indicators of anger. His
| eyebrows are furrowed, creating a deep crease between them. His eyes are narrowed, giving him
a fierce and intense gaze. His mouth is set in a tight, almost pursed line, suggesting suppressed

rage or frustration. While there's no overt shouting or aggressive body language visible in the
video, the combination of these facial features strongly suggests an underlying anger. The
intensity of the expression suggests a build-up of negative emotion. ) |

| | #AU12-Lip Corn. Pull. gf.,:,
¢ AU17-Chin Raiser eg.
| 1 «AU25-Lips Part ,v eon
AU26-Jaw Drop  Liu&&ee
®e
| 1 ..{Qi e @
|| s .o &
o0 o Le
| | ’
7
L

Figure 5. Comparison of Face-LLaVA with other MLLM baselines on the task of fa-
Red text indicates misaligned text and blue text indicates

cial expression recognition.
aligned/correct text according to the video and ground truth label.

Landmark . Input DFEW [22]
Model Projector Attention tokens UAR WAR
Baseline - - hy 0.391 0.479
only global - By + P 10402 0.483
only local - hy + hf"cal 0.409 0.491

FRLP - hy + Iy 0.410 0.491
only global  naive cross Rlgtebet 0.401 0.483
only local naive cross hliocat 0.409 0.494
FRLP naive cross I3 0416 0.512
Baseline + - KP-RPE [26] AFTP=FFE 10422 0.509
Landmarks - Q-former [87] h@form 0.420 0.504
only local FRGCA hliocal 0412 0.511
FRLP FRGCA nl 0.424  0.520
Baseline + - naive cross | 0413 0498

Face Parsing v

Table 6. Ablations showing the effectiveness of the proposed
FRLP and FRGCA modules compared to other design choices for
zero-shot performance on DFEW [22].

leads to a larger performance gain than a simple cross-
attention. Lastly, substituting landmarks with face-parse
heatmaps (encoded via E~/) yields competitive results but
increases compute and memory due to their size.

We also compare our architecture with other face-guided
attention architectures in Tab. 6. Specifically, we compare
with KP-RPE [26] and Q-former based on ConsisID [87].
Since these architectures are not incorporated to MLLM:s,
we include the implementation details in Appendix G.2.1.
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Figure 6. t-SNE plots of landmark region to-
kens h; for left brow and lips token for subject
SNO032 of DISFA [49] dataset.

6. Ethics and Limitations

As our approach involves face analysis, we acknowledge
ethical concerns related to privacy, bias, and potential mis-
use. Facelnstruct-1M is constructed from publicly available
data with appropriate licensing, and we will release only an-
notations and instructions, ensuring compliance with data
protection regulations like GDPR. However, we recognize
that facial analysis technologies may impact privacy and en-
courage responsible use. Since our dataset is derived from
existing sources, it may inherit biases, and addressing these
remains for future work. Our research is intended for ethical
academic use, and we strongly discourage any usecase that
infringes on individual rights or promotes discrimination.

7. Conclusions

This work advances MLLMs for facial analysis across di-
verse tasks, including expression recognition, AU detection,
attribute detection, age estimation, and deepfake detection.
We introduce Facelnstruct-1M, a large-scale dataset with
over 1M samples, automatically annotated using Gemini
and GPT-4o, and propose Face-LLaVA, an MLLM lever-
aging novel FRLP and FRGCA modules to enrich visual
representations for advanced face analysis. Extensive eval-
uations demonstrate superiority over open-source MLLMs
and competitive performance against task-specific methods,
with GPT-4 confirming its advanced reasoning capabilities.
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