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Abstract001

High-level social cue recognition from facial002
data is an important but difficult task for mod-003
ern computer vision systems. Foundation mod-004
els (FMs) are trained on massive amounts of005
cross-domain data and have the potential to rep-006
resent social cue concepts and the lower-level007
components. However, explicit bridging be-008
tween levels of hierarchical social reasoning009
has yet to be explored through detailed fine-010
tuning experiments with existing open-source011
model architectures. We present a detailed pre-012
liminary fine-tuning study of a small, open-013
source video-understanding FM: VideoLLaMA014
3 (seven-billion parameter version). We ex-015
amined whether VideoLLaMA 3 can bridge be-016
tween a low-level task (head pose classification)017
and a mid-level task (head gesture classifica-018
tion), and found that fine-tuning on head-pose019
and head-gesture tasks individually yielded020
highest macro F1 scores for each task respec-021
tively. Joint-training on both tasks yielded the022
second highest results, opening up future di-023
rections for exploring the link between low-024
and mid- level social cue tasks for FMs. Ad-025
ditionally, we explored the effects of different026
fine-tuning configurations within the original027
VideoLLaMA 3 training framework, and found028
that multi-stage instruction tuning combined029
with a more task-relevant focused fine-tuning,030
resulted in highest the model performance.031

1 Introduction032

Automatic social cue recognition is an important033

task for modern computer vision systems. Social034

cues, such as engagement, remain difficult for su-035

pervised computer vision systems to recognize,036

even though such systems have achieved strong037

performance on lower-level perceptual tasks (Bal-038

trušaitis et al., 2015; Zhi et al., 2020). Foundation039

models (FMs) trained on large amounts of cross-040

domain data have the potential to represent social041

cue concepts and the lower-level components that042

give rise to them—a capability that supervised com- 043

puter vision models lack, as they are constrained to 044

task-specific labels (Brown et al., 2020). 045

There has been a recent increase in research on 046

video-understanding multimodal FMs. This ca- 047

pability is also compute-intensive, and so acces- 048

sible, high-performing video-understanding FMs 049

still have areas for improvement (Zhang et al., 050

2025; Fu et al., 2025). Specifically, for higher-level 051

social cue recognition tasks, video understanding 052

is a key capability that computer vision systems 053

need in order to provide real-time analysis, and 054

that understanding is still lacking (Fu et al., 2025; 055

Cho et al., 2025). 056

FMs are known to improve performance on spe- 057

cific downstream tasks through fine-tuning, which 058

can require relatively less data than supervised 059

training a classical machine learning model from 060

scratch, with the added flexibility of being applica- 061

ble to tasks with different output labels. Detailed 062

study of fine-tuning configurations for hierarchical 063

social cue classification tasks is still underexplored. 064

In this work, we experimented with multiple fine- 065

tuning configurations of a state-of-the-art small 066

video-understanding FM, VideoLLaMA 3 (seven 067

billion parameter model) (Zhang et al., 2025), on 068

a low-level social-cue recognition dataset, AFLW 069

(head pose), and on a mid-level social-cue recogni- 070

tion task, CCDb-HG (head gesture). We found that 071

fine-tuning VideoLLaMA 3 on both head pose and 072

head gesture classification improved the macro-F1 073

score for head pose and head gesture classification 074

relative to the baseline VideoLLaMA 3 model. In- 075

terestingly, although head pose and head gesture 076

tasks are related, fine-tuning on just AFLW and 077

CCDb-HG gave the highest performance on their 078

respective tasks. This work opens up further direc- 079

tions exploring the link between low and mid-level 080

social cue recognition tasks in the context of video- 081

understanding FMs. 082
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2 Related Work083

Head Pose Classification Head pose, such as084

looking up, down, left, and to the side, pro-085

vides cues related to attention and intent (Murphy-086

Chutorian and Trivedi, 2008; Hall et al., 2019). His-087

torically, computer vision systems used classical088

supervised machine learning models (Ranjan et al.,089

2017; Zhang et al., 2018) for head pose classifica-090

tion. More recently, fine-tuning with FMs for head091

pose estimation has been explored. For example,092

the vision-language model HPE-CogVLM (Tian093

et al., 2024) showed improvement over the cur-094

rent state-of-the-art convolutional neural network095

model used for head pose estimation.096

Head Gesture Classification Head gestures,097

such as nodding, tilting the head, and shaking the098

head, convey important communicative cues in in-099

teractive settings (Vuillecard et al., 2024; Otsuka100

and Tsumori, 2020), and can also serve as back101

channel behaviors that contribute to higher-level102

social cues such as engagement. Supervised ma-103

chine learning models, such as deep learning neural104

networks, have been used to classify head gesture105

movements (Otsuka and Tsumori, 2020; Sharma106

et al., 2018; Algabri et al., 2024). Recently, FMs107

evaluated without additional fine-tuning for head108

gesture classification performed worse than the pre-109

vious traditional deep learning approaches (Käs110

et al., 2025), but fine-tuning has been shown to111

improve FM performance (Cho et al., 2025).112

FM Fine-Tuning for Social Cue Recognition113

Xing et al. (2024) used an instruction-tuning ap-114

proach to develop EMO-LLaMA, a multimodal115

FM based on LLaMA-VID (Li et al., 2024), for116

facial emotion recognition (FER). They fine-tuned117

the model using low-rank adaptation (LoRA), and118

incorporated facial embeddings, facial landmarks,119

and participant demographic information within120

the model architecture for video and image FER121

tasks. In contrast, we trained all parameters of122

VideoLLaMA 3 rather than employing a parameter-123

efficient method like LoRA to investigate the limits124

of fine-tuning with existing FM architectures.125

Tian et al. (2024) developed HPE-CogVLM, a126

vision-language model for head pose estimation,127

and utilized a LoRA layer-based model-merging128

method to fine-tune a model trained on lower-129

level object detection tasks for head pose estima-130

tion. They found that their model-merging method131

avoided catastrophic forgetting in object detection.132

As in both prior works, we investigated bridging 133

between lower-level and mid-level tasks through 134

fine-tuning. However, we specifically investigated 135

different types of fine-tuning in VideoLLaMA 3 136

(Section 4) and fine-tuned all model parameters. 137

3 Datasets 138

AFLW AFLW2000-3D (Zhu et al., 2016) is a 139

dataset comprised of facial images from the An- 140

notated Facial Landmarks in the Wild (AFLW) 141

dataset (Koestinger et al., 2011). We grouped im- 142

ages into six head pose categories based on yaw and 143

pitch: frontal, right, left, up, down, and extreme, 144

following Dao et al. (2024). 145

CCDb-HG The Cardiff Conversation Database- 146

Head Gestures (CCDb-HG) (Vuillecard et al., 147

2024) contains short video clips extracted from 148

video recordings of dyadic human conversations. 149

The annotations are for five head gesture categories: 150

nod, shake, turn , tilt, and up/down. 151

4 VideoLLaMA 3 152

VideoLLaMA 3 (Zhang et al., 2025) is a vision- 153

centric FM trained on image and video data. Zhang 154

et al. (2025) employed the following four training 155

Stages in the original training for the base model: 156

1) vision encoder adaptation; 2) vision-language 157

alignment; 3) multi-task fine-tuning; and 4) video- 158

centric fine-tuning. Stages 2 and 3 were most rele- 159

vant for AFLW since both take in images and focus 160

on text-image alignment. For CCDb-HG, Stages 3 161

and 4 are most relevant, as they are the only Stages 162

that train on video data. Further details of each 163

stage can be found in Appendix A. 164

5 Methodology 165

We trained the base seven-billion parameter Vide- 166

oLLaMA 3 model1 using different training config- 167

urations described in Section 5.2. For training, we 168

utilized two NVIDIA H100 GPUs, each with 80 169

GB of GPU RAM (160 GB total). For reported ex- 170

periment results, we employed subject-independent 171

five-fold cross-validation and evaluated the model 172

based on the average macro F1 score across the 173

five held-out test sets. Test sets were approximately 174

20% of the entire dataset. 175

1https://huggingface.co/DAMO-NLP-SG/
VideoLLaMA3-7B

2

https://huggingface.co/DAMO-NLP-SG/VideoLLaMA 3-7B
https://huggingface.co/DAMO-NLP-SG/VideoLLaMA 3-7B


5.1 Hyperparameters176

We trained VideoLLaMA 3 with default learning177

hyperparameters (Appendix A gives the full para-178

menter list). We determined feasible values for a179

certain set of hyperparameters by testing the high-180

est values that were able to be stored on GPU mem-181

ory for our available resources: batch size of two,182

180 maximum frames, and five frames per second,183

and five training epochs. We used a temperature of184

zero (greedy decoding) for training and evaluation185

to test classification capabilities.186

5.2 Experiments187

We designed three types of experiments:188

Zero-shot baseline Zero-shot evaluation of the189

base pre-trained VideoLLaMA 3 model on AFLW190

and CCDb-HG. This is the baseline for the fine-191

tuning experiments.192

Single-task fine-tuning The base VideoLLaMA193

3 model fine-tuned and evaluated on AFLW and194

CCDb-HG tasks, individually. Within the single-195

task experiments, we also tested which training196

Stage (Section 4) yields the highest performance.197

Since AFLW is an image dataset and CCDb-HG is198

a video dataset, we additionally tested Stages 2, 3199

and Stages 3, 4 respectively.200

Cross-task fine-tuning Evaluation on the mid-201

level CCDb-HG task of the base VideoLLaMA 3202

models fine-tuned on a combination of AFLW and203

CCDb-HG data. This is a test of bridging between204

low-level head pose classification and mid-level205

head gesture classification. Additionally it tests206

whether the features learned for the low-level task207

improve performance on the mid-level task.208

6 Results209

We report average macro-F1 scores for each model210

training configuration in Table 1.211

6.1 Zero-Shot Baselines212

The pretrained VideoLLaMA 3 was evaluated in a213

zero-shot setting on both datasets without further214

fine-tuning. For head position classification, the215

base model achieved a mean macro F1 of 0.336,216

suggesting a limited ability to distinguish head ori-217

entations from images. For head gesture classifica-218

tion, zero-shot performance yielded a mean macro219

F1 score of 0.108, suggesting that temporal head220

gestures are a considerably harder task for FMs221

than static head position estimation.222

6.2 Single-Task Fine-Tuning 223

Head Position Classification Fine-tuning Vide- 224

oLLaMA 3 through Stage 2 alone achieved an aver- 225

age macro F1 of 0.575. Stage 3 alone achieved an 226

average macro F1 of 0.580. Sequential, multi-stage 227

fine-tuning through Stages 2 and 3 demonstrated 228

the strongest results, yielding an average macro 229

F1 score of 0.614, representing an 82.7% absolute 230

improvement over the zero-shot baseline (0.336). 231

Head Gesture Classification Fine-tuning on 232

Stage 3 alone achieved a macro F1 of 0.407. Stage 233

4 alone achieved 0.410. Sequential, multi-stage 234

fine-tuning of Stages 3 and 4 yielded the high- 235

est results, with an average macro F1 score of 236

0.442 (309% increase over the zero-shot baseline 237

of 0.108). 238

6.3 Cross-task Transfer 239

To investigate whether head position classifica- 240

tion is useful for head gesture recognition, we per- 241

formed cross-task fine-tuning evaluation. 242

We experimented with subsequent fine-tuning on 243

CCDb-HG of the model fine-tuned on the AFLW 244

dataset, through Stages 3 and 4 (best performing 245

configuration in single-task fine-tuning for CCDb- 246

HG since these Stages are able to take in video and 247

image data). This pipeline achieved a mean macro 248

F1 score of 0.314, a considerable improvement 249

from the zero-shot baseline (0.108), but still lower 250

than a model fine-tuned on only CCDb-HG (0.442). 251

We additionally fine-tuned VideoLLaMA 3 on 252

combined AFLW and CCDb-HG datasets (rather 253

than sequentially, as was done above). This model 254

achieved an average macro F1 score of 0.605 for 255

AFLW, and 0.406 for CCDb-HG. This was the 256

strongest result for cross-task transfer, but still 257

slightly lower than single-task fine-tuning (0.614 258

and 0.442, respectively). 259

7 Discussion 260

7.1 Task-Specific Fine-Tuning 261

Our results demonstrated that VideoLLaMA 3 262

could be effectively adapted for both head posi- 263

tion and head gesture task-specific fine-tuning, and 264

achieved substantial gains over the two respective 265

zero-shot baselines. On AFLW, multi-stage fine- 266

tuning yielded a macro F1 of 0.614 compared to 267

a baseline of 0.336, while on CCDb-HG, multi- 268

stage fine-tuning achieved 0.442 compared to the 269

baseline of 0.108. These results indicate that FMs 270
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Experiment Type Experiment Subtype Train Dataset Test Dataset F1 score

Baseline (zero-shot)
– – AFLW 0.336
– – CCDb-HG 0.108

Single-task

Stage 2
AFLW AFLW

0.575
Stage 3 0.580
Stage 2+3 0.614
Stage 3

CCDb-HG CCDb-HG
0.407

Stage 4 0.410
Stage 3+4 0.442

Cross-task
Sequential training AFLW, CCDb CCDb-HG 0.317

Joint training AFLW + CCDb
AFLW
CCDb-HG

0.605 (AFLW)
0.406 (CCDb-HG)

Table 1: VideoLLaMA 3 model experimental results. Results are grouped into the three experiment types. Highest
F1 score is in bold for evaluation on CCDb-HG test set.

can be effectively utilized for the tested tasks after271

specific fine-tuning.272

We found that, across both datasets, multi-stage273

training outperformed single-stage training. There274

was a relatively small gap between individual275

Stages in terms of macro F1 performance, yet there276

was a substantial improvement when combining277

them. Stage 2 + 3 focused on vision-language278

alignment and multi-task fine-tuning, while Stage279

3 + 4 focused on multi-task fine-tuning and video-280

centric fine-tuning. This result suggests that instruc-281

tion tuning (multi-task fine-tuning) combined with282

a more task-relevant focused fine-tuning (vision-283

language alignment and video-centric training) is284

the best fine-tuning configuration for VideoLLaMA285

3 for the tasks we evaluated.286

7.2 Cross-Task Fine-Tuning287

Both sequentially fine-tuning the model fine-tuned288

on AFLW, or fine-tuning on both AFLW and289

CCDB-HG data yielded improvement compared to290

the baseline for each dataset. The best results came291

from the model fine-tuned on both datasets. Al-292

though fine-tuning solely on each dataset resulted293

in the highest macro F1 scores, the improvement is294

small (1.49% and 8.87% improvement for AFLW295

and CCDb-HG) compared to the performance gap296

between the baseline and fine-tuning experiments.297

Further investigation into the link between head298

pose and head gesture features is required.299

8 Limitations300

The problem of catastrophic forgetting is often en-301

countered when fine-tuning large language models;302

models improve on fine-tuned data, but worsen on303

previously trained data (Luo et al., 2025). We ob- 304

served this in an initial experiment we performed. 305

Although we saw better results when jointly train- 306

ing on both AFLW and CCDb-HG data, model- 307

merging techniques that combine expert domain 308

FMs for improved performance (He et al., 2025; 309

Tian et al., 2024) are worth exploring. Furthermore, 310

higher level tasks based on video such as head ges- 311

tures, could be harder to annotate, and so another 312

set of experiments for future work would be to 313

trained the model on AFLW and CCDb-HG, but 314

vary the amount of CCDb-HG data and compare 315

that to a model not also trained on AFLW and in- 316

vestigate if having lower-level data for fine-tuning 317

is beneficial in a low-data setting. Additionally, we 318

look to study datasets other than the ones explored 319

here, to further explore the link between tiers in the 320

social cue task hierarchy. 321

9 Conclusion 322

We contribute a preliminary fine-tuning study of 323

VideoLLaMA 3, with respect to hierarchical social 324

cue reasoning. We found that fine-tuning Vide- 325

oLLaMA 3 through both instruction-tuning and 326

image/video-specific fine-tuning stages resulted in 327

the best model performance for single-task fine- 328

tuning experiments. We found that VideoLLaMA 3 329

fine-tuned on both head pose and head gesture clas- 330

sification yielded the second-highest model perfor- 331

mance for head gesture classification, suggesting 332

that low-level head pose features may be helpful 333

for mid-level head gesture recognition, however 334

further experiments are required to understand the 335

extent to which head pose and head gestures fea- 336

tures are linked. 337
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A Model Training Details453

A.1 VideoLLaMA 3 Training Stages454

In the vision-language alignment Stage, in Stage455

2, all parameters are trained in order to improve456

multimodal understanding. Video and image data457

are utilized at this Stage, and the language model,458

projector, and vision encoders are trained to handle459

multimodal data,. The multi-task fine-tuning Stage,460

Stage 3, primarily focuses on instruction tuning by461

training on a large range of multimodal query and462

response data. The video-centric fine-tuning Stage,463

Stage 4, aims to improve video understanding.464

A.2 Hyperparameters465

For VideoLLaMA 3, we fine-tuned the model with466

the following hyperparameters related to learning467

used by Zhang et al. (2025):468

• Multimodal projector learning rate: 1−5469

• Vision encoder learning rate: 2−6470

• Large language model learning rate: 1−5471

• Warmup ratio: 0.03472

• Image merge size: 1473

• Video merge size: 2474

• Model max length: 16384475

• Multimodal max length: 10240476

A.3 Compute Resources477

For AFLW, fine-tuning for each fold in the cross-478

validation took approximately _ hours. For CCDb-479

HG, fine-tuning for each training fold took approx-480

imately six hours. We used two H100 GPUs with481

80 gigabytes of GPU RAM each. Since we were482

training all model parameters, and for five folds for483

cross validation, these experiments were lengthy.484

However, given that full model fine-tuning was pos-485

sible using two server-grade GPUs, model training486

is relatively accessible.487

A.4 Textual Input/Prompt 488

We utilized a standard defintion + instruction 489

format for the textual prompt for both datasets. 490

491

For AFLW, the input was: 492

Your task is to analyze the following 493

image and characterize the head position 494

from the following head positions list. 495

head positions: [left, right, up, down, 496

extremes, frontal] 497

Definition of left: “The subject’s head 498

is turned towards the left side of the 499

camera view.” 500

Definition of right: “The subject’s head 501

is turned towards the right side of the 502

camera view.” 503

Definition of up: “The subject’s head is 504

tilted slightly back.” 505

Definition of down: “The subject’s head 506

is tilted slightly forward.” 507

Definition of extremes: “The head is 508

turned or tilted greater than 90 degrees 509

either to the left, right, up, or down of 510

the camera view.” 511

Definition of frontal: “The subject’s 512

head is faced forward.” 513

Instructions: Only give a single head 514

position label. Do not provide explana- 515

tions, descriptions, or text outside of the 516

requested format 517

518

For CCDb-HG the input was: 519

Your task is to analyze the following 520

video and characterize the present ges- 521

ture from the following head gestures list. 522

head gestures: [Nod, Shake, Tilt, Turn, 523

Up/Down, None]. 524

Definition of Nod: “An up-down rotation 525

along the pitch axis. It involves a slight, 526

quick, or repetitive lowering and raising 527

of the head.” 528

Definition of Shake: “A left-right hor- 529

izontal rotation along the yaw axis. It 530

involves a rapid and potentially repeated 531

side-to-side motion, typically with small 532

or moderate amplitude.” 533

Definition of Tilt: “A sideways rotation 534

along the roll axis, involving a shift of 535

the head in which one ear moves closer 536

to the shoulder while the other ear moves 537
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away.”538

Definition of Turn: “A left or right ro-539

tation, involving the shifting of the head540

from its original position to another one541

facing a different direction.”542

Definition of Up/Down: “Similar to a543

turn, but along the pitch direction and544

usually involves a gaze shift in the same545

direction as the head.”546

Instructions: 1. Only give a single head547

gesture label. 2. Do not provide explana-548

tions, descriptions, or text outside of the549

requested format.550

B Further Model Experiments and551

Evaluation552

We additionally experimented with a VideoLLaMA553

3 model trained on the full AFLW dataset and eval-554

uated on CCDb-HG, and observe catastrophic for-555

getting (Luo et al., 2025) with a macro-F1 score of556

0.000 compared to the base model performance of557

0.108 on CCDb-HG. We also report here macro-F1558

scores per label class in Tables 2 and 3.559

C Dataset Details560

AFLW AFLW2000-3D (Zhu et al., 2016) is a561

dataset comprised of 2, 000 facial images from the562

Annotated Facial Landmarks in the Wild (AFLW)563

dataset (Koestinger et al., 2011). We refer to this564

dataset as AFLW in this work. We grouped images565

into six head pose categories based on yaw and566

pitch: frontal (1,471 images), right (217 images),567

left (232 images), up (21 images), down (32 im-568

ages), and extreme (27 images), following Dao et al.569

(2024). These categories are fully defined by yaw570

and pitch, so we excluded roll, which holds limited571

discriminative values in 2D head pose analysis.572

CCDb-HG The Cardiff Conversation Database-573

Head Gestures (CCDb-HG) (Vuillecard et al.,574

2024) contains short video clips extracted from575

video recordings of dyadic human conversations.576

Each clip features a single participant as the focus577

and captures all facial and nonverbal expressions578

and gestures. It contains 115 videos totaling 178k579

frames with 5K annotated events. The annotations580

are for six head gesture categories with the fol-581

lowing imbalanced label distribution: nod (2,496582

events), shake (848 events), turn (643 events), tilt583

(523 events), and up/down (248 events). Repro-584

ducing the pre-processing procedure of Vuillecard585

et al. (2024), we split videos into non-overlapping586

31-frame sub-clips and discarded samples in the 587

“waggle” category, yielding 17,514 gesture and 588

non-gesture clips. 589
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Experiment Type Experiment Subtype Train Dataset Test Dataset F1 score F1 score - Down F1 score - Extremes F1 score - Frontal F1 score - Left F1 score - Right F1 score - Up
Baseline

(zero-shot)
– – AFLW 0.336175 0.23298 0 0.80004 0.39346 0.36172 0.17356

Single-task Stage 2+3 AFLW AFLW 0.61404 [HTML]FFFFFF0.36478 [HTML]FFFFFF0.2 0.97284 [HTML]FFFFFF0.89884 [HTML]FFFFFF0.9164 0.19

Table 2: VideoLLaMA 3 model experimental results: per-class F1 score performance for AFLW.

Experiment Type Experiment Subtype Train Dataset Test Dataset F1 score F1 score - Nod F1 score - None F1 score - Shake F1 score - Tilt F1 score - Turn F1 score - Up/Down
Baseline

(zero-shot)
– – CCDb-HG 0.108 0.20925 0.178375 0.10155 0.0501 0.116275 0

Single-task Stage 3+4 CCDb-HG CCDb-HG 0.442 0.2847 0.8740 0.1730 0.2722 0.5587 0.3258

Table 3: VideoLLaMA 3 model experimental results: per-class F1 score performance for CCDb-HG.

8


	Introduction
	Related Work
	Datasets
	VideoLLaMA 3
	Methodology
	Hyperparameters
	Experiments

	Results
	Zero-Shot Baselines
	Single-Task Fine-Tuning
	Cross-task Transfer

	Discussion
	Task-Specific Fine-Tuning
	Cross-Task Fine-Tuning

	Limitations
	Conclusion
	Model Training Details
	VideoLLaMA 3 Training Stages
	Hyperparameters
	Compute Resources
	Textual Input/Prompt

	Further Model Experiments and Evaluation
	Dataset Details

