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LLVM LLAVIDAL

 A. No, the woman in the video is not   
    holding a bread in her hand.  

 Q. What is the person doing in this
video?

 Q. Is she holding a bread in her hand?

 A. Yes, the woman is holding a bread 
 in her hand while preparing food.

 A. The video shows a woman, preparing
food in a kitchen. She is standing in
front of a sink and a stove, while

various utensils, pots and pans nearby.
The woman is wearing a pink top and 
black pants while preparing food.

(Action : Paragliding)

 A. First,we see a young woman wearing
pink glasses standing in the kitchen.

She is holding a cell phone and looking
at it. Next, she is standing infront of

a sink in the kitchen.

3D Poses

Object Tracks

ADL-X videos 

(Actions : Eating,Phone call)

Web videos

Multimodal Training
(MMT) (MMT)

Training

Inference 

 Q. Is she holding a bread in her hand?

 Q. What is the person doing in this
video?

Figure 1: Comparison of LLVM vs LLAVIDAL : In real world scenarios, web-video trained models
struggle to understand Activities of Daily Living due to the subtle nuances in the video, whereas our
ADL-X trained LLAVIDAL model triumphs in understanding complex human-object interactions.

Abstract
Large Language Vision Models (LLVMs) have demonstrated effectiveness in1

processing internet videos, yet they struggle with the visually perplexing dynamics2

present in Activities of Daily Living (ADL) due to limited pertinent datasets3

and models tailored to relevant cues. To this end, we propose a framework for4

curating ADL multiview datasets to fine-tune LLVMs, resulting in the creation of5

ADL-X, comprising 100K RGB video-instruction pairs, language descriptions, 3D6

skeletons, and action-conditioned object trajectories. We introduce LLAVIDAL,7

an LLVM capable of incorporating 3D poses and relevant object trajectories to8

understand the intricate spatiotemporal relationships within ADLs. Furthermore,9

we present a novel benchmark, ADLMCQ, for quantifying LLVM effectiveness in10

ADL scenarios. When trained on ADL-X, LLAVIDAL consistently achieves state-11

of-the-art performance across all ADL evaluation metrics. Qualitative analysis12

reveals LLAVIDAL’s temporal reasoning capabilities in understanding ADL. The13

link to the dataset is provided at: https://adl-x.github.io/14

1 Introduction15

Human cognitive perception integrates information from multiple sensory modalities to form a unified16

representation of the world [1]. Towards emulating human cognitive perception in digital intelligence,17

initial efforts focused on integrating vision and language modalities [2, 3, 4, 5, 6]. Subsequently,18
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the success of LLMs like GPT [7], PALM [8], BLOOM [9] led to the introduction of multimodal19

conversational models[10, 11, 12, 13, 14, 15, 16] that combine image pixels and LLMs, we dub20

as Large Language-Vision Language Models (LLVMs). However, these image-based LLVMs lack21

the capability for complex reasoning and interactions, particularly in understanding spatio-temporal22

relationships involved in human activities. In this study, we investigate the understanding of Activities23

of Daily Living (ADL) videos by LLVMs, which present various challenges including multiple exo-24

centric viewpoints, fine-grained activities with subtle motion, complex human-object interactions, and25

long-term temporal relationships. We envision that LLVMs capable of addressing these challenges26

will significantly influence the future intelligent systems, particularly in healthcare applications such27

as eldercare monitoring, cognitive decline assessment, and robotic assistance development.28

Recently, [17, 18, 19, 20, 21, 22, 23] have integrated videos into LLMs, leading to the development29

of video-based LLVMs capable of capturing spatio-temporal features. However, these models are30

predominantly trained on large-scale web videos [24, 25, 26, 27, 28], which mainly consists of sports31

clips, movie excerpts, and instructional videos. These videos, typically filmed by professionals,32

follow strict temporal sequences in closely controlled background (e.g., Paragliding). The evident33

temporal structure and scene semantics in such videos facilitate spatial understanding within LLVMs,34

as shown in 1. In contrast, ADL videos pose additional challenges, characterized by temporal35

unstructuredness where diverse actions may unfold concurrently within a single sequence [29]. For36

instance, a person cooking could intermittently engage in unrelated activities like making a phone call37

or drinking water, disrupting the linear progression of the composite action cooking. Consequently,38

existing LLVMs trained on web videos struggle to capture such visually perplexing dynamics inherent39

in ADL scenarios. Moreover, unlike specialized video architectures designed for understanding40

ADL [30, 31, 32, 33, 34, 35, 36], these LLVMs lack explicit utilization of cues like 3D poses or41

object encodings, which are crucial for understanding ADL. These cues aid in learning view-invariant42

representations and capturing fine-grained details essential for interpreting complex human activities.43

Hence, the current limitations in understanding ADL stem from the lack of instruction tuning of44

LLVMs on real-world multiview ADL datasets captured in indoor settings and the simplistic design45

of LLVMs with holistic operations.46

To this end, we propose a framework of curating ADL videos for instruction tuning LLVMs. This47

framework introduces the ADL-X dataset, comprising 100K untrimmed RGB video-instruction pairs,48

3D poses (P), language descriptions, and action-conditioned object trajectories (see Table 1). We then49

introduce the Large LAnguage VIsion model for Daily Activities of Living (LLAVIDAL), trained on50

ADL-X, which integrates videos, 3D poses, and object cues into the LLM embedding space. Our study51

explores various strategies for integrating 3D pose information and human-object interactions within52

LLVMs, demonstrating that language contextualized features extracted from 3D poses and object53

trajectories can effectively be integrated into LLAVIDAL. Furthermore, we introduce a benchmark54

ADL Multiple Choices Question (ADLMCQ), specifically designed to evaluate the effectiveness of55

LLVMs for ADL. ADLMCQ includes action recognition (ADLMCQ-AR) and action forecasting56

(ADLMCQ-AF), assessed through a multiple choice question-answering task. We also evaluate57

existing LLVMs for generating video description of ADL scenes and compare their performance with58

LLAVIDAL. Our empirical findings indicate that LLAVIDAL with object cues, outperforms other59

LLVMs, including those trained on datasets of ten times the size, on the ADL benchmarks.60

To summarize our contributions:61

• We introduce ADL-X, the first multiview RGBD instruction ADL dataset, curated through a62

novel semi-automated framework for training LLVMs.63

• LLAVIDAL is introduced as the first LLVM tailored for ADL, incorporating 3D poses and64

object cues into the embedding space of the LLM.65

• A new benchmark, ADLMCQ, is proposed for an objective evaluation of LLVMs on ADL66

tasks, featuring MCQ tasks for action recognition & forecasting.67

• Exhaustive experiments are conducted to determine the optimal strategy for integrating68

poses or objects into LLAVIDAL. Evaluation of existing LLVMs on ADLMCQ and video69

description tasks reveals that LLAVIDAL trained on ADL-X significantly outperforms70

baseline LLVMs.71
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Table 1: Video Instruction Dataset Comparison.

Dataset Modalities Subjects Multiple Videos QA Pairs Atomic Actions Temporal Object Type
Views per Vid Rand. Traj.

TimeIT[21] RGB+L NA No 173000 173K Medium No No Web
VideoChat[17] RGB+L NA No 8196 11K Low No No Web
Valley[26] RGB+L NA No 64,687 65K Low No No Web
VideoChatGPT [20] RGB+L NA No 27,801 100K Medium No No Web

ADL-X RGB+P+L 106 Yes 16,343 100K High Yes Yes ADL72

2 Semi-automated Framework for generating ADL Video-instructions Pairs73

This section describes the data curation framework employed for the creation of a novel dataset,74

ADL-X. This dataset specifically caters to the instruction tuning of LLVMs within the ADL domain.75

ADL-X comprises video recordings of ADLs. To enrich the dataset and facilitate LLM training,76

question-answer (QA) pairs were generated from a corpus of long-form ADL videos. These QA77

pairs target various aspects of the ADLs, including: human pose configuration, objects relevant to78

the human actions, scene appearance, and the fine-grained actions performed. We hypothesize that79

incorporating such instructional tuning during the LLVM training process will promote alignment of80

visual tokens within the LLM’s embedding space. ADL-X represents a comprehensive ADL dataset81

encompassing various modalities: - RGB videos, 3D poses, Language descriptions, object tracklets.82

This rich dataset offers a valuable tool for evaluating the capabilities of LLVMs in tasks related to83

ADLs, including description, recognition, and anticipation.84

A critical characteristic of ADL videos lies in the inherent spontaneity of the actions performed.85

Unlike scripted scenarios [25, 37, 38], fine-grained actions within ADLs often occur randomly. To86

capture this essential characteristic within our dataset, we curated ADL-X from NTU RGB+D 12087

dataset [39]. This selection was motivated by the dataset’s focus on ADL videos and its inherent88

diversity in terms of actions, subjects, and camera viewpoints. Also, this data curation framework89

could be extended to any existing trimmed/untrimmed ADL datasets [40, 41, 42]. Below, we elaborate90

the steps involved in building the ADL-X in a chronological order.91

Person-centric Cropping. ADL tasks necessitate a focus on the individual performing the actions,92

the actions themselves, and the human-object interactions. To achieve this targeted focus within the93

data curation framework, we implemented a person-centric cropping strategy leveraging the pose94

information captured through Kinect sensors [43]. By using the pose information in each frame95

of the NTU RGB+D 120 dataset, we are able to detect and crop out the person(s) performing the96

actions. This cropping process effectively reduces the amount of background information present97

in the videos, eliminating data irrelevant to the target ADLs. This step is crucial as existing ADL98

datasets often contain extensive background information that is not relevant to the actions being99

performed. The presence of such extraneous information can significantly hinder subsequent stages100

within the data curation framework.101

Summary 

In the video,a man
standing against a

plain white wall in a

room. He is wearing a
gray hoodie over a
blackshirt.......

Frame 1:The image

showcases a man

standing against a

plain white wall. 

Frame 2:He is wearing

a gray hoodie, a black

shirt, and black

pants.

          

Frame T: The man is

drinking from a silver

tumbler. He has a

backpack on..... 

Image Captioner
Combined Actions

Video 

Q.What is happening in the video with the
two men and what are they wearing ?GPT

GPT
Q.What action are being performed by the

individual in the video, based  on the dense
caption?

A.The person is involved in activities such
as driniking water,eating a meal,making a

phone call,playing a phone or tablet, giving
an object and shaking hands  

Generated QA Pairs

Action List  

Detection and
cropping

Input Video

Drink water,Eat meal, 

Phone call 

Generated Action Sequences

A.In the video, there are two men in a
room. One man is wearing a gray hoodie

over a black shirt, black pants, and dark
shoes, while the other man is wearing a
white shirt and beige pants. They appear

to be engaging in a conversation.

Drink
water,Walking,Reading a

book,Eat,Phone call,shake
head,chest pain....... 

Figure 2: Dataset Curation Pipeline: We employ CogVLM[44] as our person-centric image captioner
and GPT 3.5 Turbo[7] as our summarizer and QA generator.

Stitching shorts clips. To capture the inherent randomness of real-world ADLs, we constructed a set102

of 160 composite action sequences. These sequences were generated by prompting a GPT to combine103

individual actions from the original NTU RGB+D 120 dataset’s list of 120 actions (denoted as A1, A2,104

..., A120). An example sequence structure could be represented as A1 → A3 → A17. Following these105
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generated composite action sequences, we temporally stitched together short video clips (clipaj , where106

a is the action class) from the NTU dataset. This stitching process ensured that all clips within a video107

belonged to the same subject and camera view, maintaining coherence in the resulting video sequence.108

For instance, a stitched video sequence might be represented as [clip1r1 clip3r2 clip17r3] where r1, r2,109

r3 represent unique clip identifiers within the dataset for the specific subject performing the actions110

(actions 1, 3, and 17, respectively). The intentional randomness of the generated action sequences111

reflects the unstructured flow of actions encountered in ADL. To further enhance diversity and ensure112

no bias towards specific subject-action combinations, we shuffled both the action sequences and the113

subject assignments. This process resulted in the creation of 16,343 stitched videos with an average114

5 actions per video.115

Frame Level Captioning and Dense Descriptions. This step is the process of generating weak116

pseudo-labels for automated instruction tuning of the LLVM with the curated dataset. An image117

captioning model CogVLM [44] is employed to automatically generate frame-level captions for the118

stitched ADL videos at a rate of 0.5fps. These captions are subsequently compiled into a dictionary119

linking each frame identifier to its corresponding description. To enhance the reliability of the pseudo-120

labels, we implemented an action-conditioned filtering while generating the video descriptions. The121

dictionary with the frame descriptions, along with the action labels present in the stitched videos,122

are then used to prompt a GPT 3.5 turbo model to generate a cohesive structured description of the123

entire stitched video, constrained to a maximum of 300 words. This step leverages the known action124

labels associated with each video to remove irrelevant noise potentially introduced during the caption125

generation process. We evaluated various image captioning models, including BLIP-2 [45], and126

InstructBLIP [46] for frame-level caption generation. However, CogVLM is ultimately chosen due127

to its ability to generate denser and appropriate descriptions. Please refer to the appendix for our128

detailed prompting strategy in generating the descriptions.129

Generating QA Pairs. LLVMs necessitate training data in the form of question-answer (QA) pairs.130

To generate domain-specific QA pairs for ADL, we leverage the dense video descriptions obtained in131

the previous step as illustrated in Figure 2. An instruction template (detailed in the Appendix) guides132

GPT-3.5 in formulating questions across various categories relevant to ADL. These categories include:133

video summary, performed actions, spatial details, human-object interactions and other video-specific134

inquiries. Through this prompting approach, we curate a dataset of 100K video instruction pairs,135

namely ADL-X, for the stitched ADL videos. These QA pairs benefit from the detailed descriptions136

and person-centric cropping, resulting in reduced LLM hallucinations compared to other existing137

methods [17, 20].138

Notably, the framework employed for constructing ADL-X from trimmed, labeled action videos can139

be generalized to other existing datasets. This generalization paves the way for efficient training of140

domain-specific LLVMs.141

Figure 3: Overview of LLAVIDAL, which utilizes an LLM to integrate multiple modalities, including
video, pose, and object features. Videos are represented by embeddings obtained from a VLM, poses
are processed through (PoseLM), and object embeddings are obtained through (ObjectLM). These
embeddings are projected into the LLM space, where they are concatenated with tokenized text
queries for instruction tuning.
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3 LLAVIDAL: An LLVM for ADL142

LLAVIDAL is a large language vision model designed to align ADL videos with an LLM to generate143

meaningful conversation about the daily activities performed by humans. This model, similar144

to Video-ChatGPT [20] and LLaVA [18], integrates a visual encoder with the Vicuna language145

decoder [47] and is fine-tuned on instructional language-vision data. Unlike Video-ChatGPT [20] and146

LLaVA [18], LLAVIDAL leverages the random temporal structure present in ADL-X and incorporates147

additional data modalities such as 3D human poses and human-object interaction cues. This allows148

LLAVIDAL to generate accurate conversations that are not only contextually appropriate but also149

temporally aligned with the human activities depicted in the input video. This section will first present150

a background of LLVM models to align videos with LLMs. Then, we will outline the strategies151

employed to integrate 3D poses and object interaction cues within the language space of the LLM152

for enhanced understanding of videos featuring ADL. Subsequently, we will describe the training153

architecture of LLAVIDAL.154

3.1 Background: LLVM155

Following [20], given an input video denoted by νi ∈ RT×H×W×C , where T represents the frames156

encoded using a pretrained vision-language model (VLM) CLIP-L/14 [2] to obtain frame-level157

embeddings for the video, xi ∈ RT×h×w×D, with D as the embedding dimension, and h = H/p,158

w = W/p representing the dimensions adjusted by patch size p. Temporal and spatial features159

are extracted by aggregating these frame-level embeddings along the respective dimensions. The160

video-level features, Vi ∈ RFν×Dν , are obtained by concatenating the temporal and spatial features,161

where Fv represents the spatio-temporal tokens and Dν is the video feature dimension. The video162

features are projected into the LLM embedding space using a linear projection layer Tv. Thus, we163

obtain input tokens Qv for the video features:164

Qv = Tv(Vi) ∈ RFv×K (1)

The text query is also tokenized such that Qt ∈ RFt×K . The text query Qt, refers to a question from165

the training data. The input to the LLM is the concatenation of Qt and Qv following the template :166

[USER: ⟨Qt⟩ ⟨Qv⟩ Assistant:]. We perform instruction-tuning of the LLM on the prediction tokens,167

using its original auto-regressive training objective. The parameters of the LLM are frozen, thus the168

loss gradients only propagate through the projection layer Tv .169

3.2 3D Poses for LLAVIDAL170

ADL are rich in actions that primarily involve the movements of critical body parts or joints. The171

dataset ADL-X includes 3D human poses, which can be utilized to incorporate human kinematics172

and view-invariant features into the input embedding space of a LLM. These poses can be integrated173

into the LLM input space in several ways: as an additional text query Qt for instruction tuning of174

the LLM, by deriving language descriptions of joint movements to provide context for the LLM, or175

through features extracted using a suitable pose-language encoder.176

Poses as QA. We input the 3D joint coordinates alongside the associated human action from the177

video into GPT-3.5 Turbo [7], which generates a general description of the pose. This description is178

then re-fed into GPT-3.5 Turbo to generate two QA pairs that provide detailed explanations of the179

action’s motions. These QA pairs are subsequently added to the set of text queries Qt in our training180

set for instruction tuning the LLM.181

Poses as Context. To extract contextual information from human poses, we initially identify five182

peripheral joints — the head, right hand, left hand, right knee, and left knee — due to their significant183

contribution to motion in various actions. Using GPT-3.5 Turbo, we generate descriptions of the184

motion for each of these joints based on their trajectories throughout the video, specifically focusing185

on how the coordinates of these five joints evolve. The generated descriptions, denoted as Qp
t ,186

are subsequently appended to the text query Qt, incorporates these pose descriptions as additional187

contextual information. This enriched query Qnew
t = [Qp

t Qt] is then employed for instruction188

tuning of the LLAVIDAL.189

Poses as Features. To incorporate poses as tokens into the LLM, it is crucial to align the pose190

features with a language-contextualized space. To achieve this, we utilize a pretrained Pose-Language191

model (PoseLM), specifically PoseCLIP, to extract pose features that are aligned with the language192
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domain. The PoseCLIP model comprises a pose backbone [48] and a CLIP text encoder [2], and it193

undergoes training in two phases. Initially, the pose backbone is pretrained on the NTU RGB+D194

dataset [49] for action classification. Subsequently, in the second phase, we optimize the similarity195

between pose features and text features, which encode the prompts describing their action labels,196

using cross-entropy supervision as outlined in [3]. Further details on the training of this model are197

provided in the Appendix. These pose features, denoted as Pi ∈ RFp×Dp , where Dp represents the198

pose feature dimension, can be utilized as input tokens for training LLAVIDAL.199

3.3 Action-Conditioned Object Cue for LLAVIDAL200

To comprehensively understand ADL, it is crucial to not only grasp the semantics of objects but201

also their trajectories, which are closely linked to the actions performed. Consequently, we propose202

to explicitly utilize these object trajectories as integral components for training LLAVIDAL. Our203

framework involves a two-stage pipeline to extract object information directly from RGB video204

data: (i) Action-conditioned object detection and (ii) Object Localization and Tracking. Both stages205

leverage off-the-shelf models that are effective without the need for additional training, facilitating206

integration into LLAVIDAL for ADL analysis.207

Action conditioned object detection. Given a stitched ADL video, which comprises a sequence of208

trimmed video segments (denoted as clipj), the first stage extracts the categories of objects present209

that are pertinent to the actions performed within each clip. We uniformly sample 8 frames from each210

video and employ a pre-trained BLIP-2 model [45] to generate a list of distinct objects observed in211

the frames. To avoid training LLAVIDAL with noisy data, we perform a filtering on the list of objects212

using the ground-truth action labels and GPT-3.5. Specifically, for each clipj within a stitched video,213

we input the corresponding action label and the list of detected objects to GPT-3.5 and prompt it214

to identify the object(s) most relevant to the given action. For instance, if the objects plant, chair,215

bottle, table are detected in a video labeled with the action Drinking, GPT-3.5 is expected to filter216

out and select [bottle] as the relevant object for clipj . Refer to the appendix for our detailed action217

conditioned object detection prompting strategy.218

Object Localization and Tracking. Given the list of relevant objects identified in the first stage,219

the second stage involves spatial localization of these objects within the scene and their temporal220

association (i.e., object tracking) based on the feature similarity of the image regions corresponding221

to the localized objects in the stitched video. We employ a pre-trained open vocabulary object222

localization model (ObjectLM), OWLv2 [50], and input the list of relevant objects detected in stage223

1 along with the corresponding video. Localization and tracking are performed on 8 frames that224

are uniformly sampled from clipj within a stitched video. For each frame, we obtain bounding225

boxes Bt ∈ Rn×4, where each bounding box corresponds to one of the n relevant objects in the tth226

frame. Features for each object are then extracted from the image regions within these bounding227

boxes using our object localization model. We denote the features for the objects in frame t as228

Ot ∈ R8n×Do , where Do is the object feature dimension. To associate objects across frames, we229

utilize a feature-based object tracking approach. Specifically, for each object in frame t, represented230

by the feature vector Ot
i ∈ RDo , we compute the cosine similarity between Ot

i and all feature vectors231

in frame t+ 1. The object i in frame t is then associated with the object in frame t+ 1 that exhibits232

the highest similarity score. This matching process is iterated for all objects in each frame, thereby233

establishing a track for each relevant object throughout the sampled frames. These object tracks, with234

corresponding bounding boxes and features, facilitate the integration of object information into the235

training of LLAVIDAL: Object as QA, Object as context, and Object as features.236

Object as QA. Similar to the approach taken with poses, to generate QA pairs for objects, we237

formulate a question based on the trajectory coordinates of the relevant object(s). These QA pairs are238

added to the set of text queries Qt for instruction tuning LLAVIDAL.239

Object as Context. To integrate the context of detected objects into the LLM space, we append240

the list of relevant object labels, denoted by Qo
t , to each text query token Qt. Consequently, the241

updated text query is represented as Qnew
t = [Qo

t Qt]. This enhanced text query, Qnew
t , is utilized242

for instruction tuning.243

Object as Features. The object features extracted during the object localization and tracking stage are244

utilized as input tokens Qo ∈ R8n×Do , which are incorporated alongside the text query tokens (Qt)245

and input video tokens (Qv). For n relevant objects detected, the object query Qo is structured using246
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the following template [⟨Qo⟩ = ⟨Q1
o⟩ ⟨Q2

o⟩ ...⟨Qn
o ⟩] where Qj

o ∈ R8×Do represent the features of247

each relevant object in the video.248

3.4 Training LLAVIDAL249

As illustrated in Figure 3, the QA pairs, along with context or features obtained from the RGB video,250

3D poses, and object cues can be integrated into LLAVIDAL. Integrating QA pairs and contextual251

information is straightforward; they are introduced into Qt and trained using standard methods for252

LLVM. However, to integrate other modalities with features, we feed these additional cues through253

specific projection layers designed to align them with the input space of the LLM. Accordingly, the254

video, pose, and object features are projected into the LLM embedding space using linear projection255

layers Tj for each cue j = {v, p, o}, resulting in LLM input token representation of the video, pose,256

and object cues, respectively:257

Qv = Tv(Vi); Qp = Tp(Pi); Qo = To(Oi) (2)

where Qj ∈ RFj×K . Thus, the input to the LLM comprises the concatenation of Qt and Qj for258

j = {v, p, o}, structured according to the template: [USER: ⟨Qt⟩ ⟨Qv⟩ ⟨Qo⟩ ⟨Qp⟩ Assistant:]. This259

training scheme ensures that the video, object, and pose cues are effectively aligned to the LLM embed-260

ding space, facilitating an accurate understanding of ADL. During the inference, LLAVIDAL utilizes261

only the holistic video cue, omitting person-centric cropping and consequently eliminating additional262

cues. In practice, the embedding dimensions are Dv = 1024 for visual, Do = 512 for object features,263

Dp = 216 for pose features and K = 4096. The number of tokens is set as Fv = 356 and Fp = 256264

for visual and pose tokens respectively. We train LLAVIDAL for 3 epochs with a batch size of 32265

and a learning rate of 2e−5 on 8 A6000 48GB GPUs. For the purpose of promoting research in this266

field, we also provide the pose features and object trajectories of LLAVIDAL along with the dataset.267

4 Experiments268

4.1 Experimental Setting269

Evaluation Metrics. Inspired by [20], LLVM’s ability to generate video-level descriptions is270

evaluated. This involves comparing the generated descriptions with ground truth and scoring them271

on dimensions such as Correctness of Information, Detail Orientation, Contextual Understanding,272

Temporal Understanding, and Consistency, with scores scaled to be bounded at 100. Due to the273

subjective nature of this metric, Mementos Evaluation [51] is also conducted to assess the recognition274

of common action-verbs and object-nouns in the video descriptions compared to ground truth,275

presenting F1 scores for these classifications. However, comparing video descriptions generated276

by LLVMs presents a challenge due to the inherently subjective nature of these descriptions. Some277

objective evaluation benchmarks for LLVMs [52, 53, 54] primarily focus on video tasks involving278

in-the-wild activities. Therefore, this paper introduces novel benchmarks for assessing LLVM’s279

temporal understanding of ADL videos. We propose two new ADLMCQ benchmarks including280

ADLMCQ-AR and ADLMCQ-AF. ADLMCQ-AR involves multiple-choice question-answering for281

action recognition, where the model selects the correct action from a set of options given a question282

about the action performed in a video. Similarly, ADLMCQ-AF focuses on action forecasting,283

requiring the model to predict the next action based on the preceding actions. It is important to note284

that all evaluations are performed zero-shot.285

Evaluation Datasets. For ADLMCQ-AR evaluation, we utilize the Charades [55] and Toyota286

Smarthome [56] datasets. Evaluation for ADLMCQ-AF is conducted using LEMMA [57] and Toyota287

Smarthome Untrimmed (TSU) [58] datasets. Video description tasks are assessed using the Charades288

and TSU datasets, both featuring long-duration videos with multiple actions per video. Notably,289

for the TSU dataset, we manually annotated video descriptions with fine-grained details regarding290

activities performed by elderly individuals, employing 6 human annotators for 174 videos. Our291

evaluation relies on these annotated descriptions, which we also provide to the community as part of292

the test set for ADL-X.293

4.2 Impact of ADL-X Training on LLVMs294

To understand the requirement of ADL-X, we assess VideoChatGPT [20] trained on 100K in-295

struction pairs from ActivityNet [25], trimmed NTU120 [39], and ADL-X in Table 2. Notably,296
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Table 2: Impact of ADL-X Training

Method Training ADLMCQ-AR ADLMCQ-AF Action Description (Charades)
Data (Smarthome) (LEMMA) Object Action Correctness

VideoChatGPT [20] ActivityNet 40.8 35.7 14.8 16.1 35.8
VideoChatGPT [20] NTU120 49.8 33.5 27.0 10.1 38.8
ADL-X ChatGPT [20] ADL-X 52.3 44.8 32.2 13.4 43.0

ADL-X ChatGPT, trained on ADL-X, consistently outperforms the others in both ADLMCQ-AR297

and ADLMCQ-AF tasks. However, it’s worth mentioning that while the baseline [20] exhibits strong298

performance in the action metric of Mementos, it notably underperforms in the object metric. It’s299

important to emphasize that ADLMCQ evaluations offer more objective and reliable assessments for300

understanding the temporal comprehension of LLVMs.301

Table 3: Introducing Pose and Object Cues into LLAVIDAL

Method ADLMCQ-AR ADLMCQ-AF AD (Charades) AD (TSU)
Charades Smarthome LEMMA TSU Object Action Object Action

ADL-X ChatGPT 58.0 52.3 44.8 25.25 16.6 14.8 16.6 14.8

Pose QA 48.5 49.0 42.0 21.2 31.8 14.0 16.5 15.9
Pose Context (PC) 50.8 54.0 45.0 22.3 30.5 14.8 18.6 15.4
Pose Features (PF) 56.7 57.0 51.3 26.0 32.7 13.5 18.2 13.0
PC + PF 52.5 53.1 44.6 24.9 32.1 13.6 17.5 15.6

Object QA 51.1 50.1 40.3 23.0 32.1 13.7 17.0 16.0
Object Context 44.6 46.2 41.8 21.0 31.2 14.7 17.2 16.5
Object Features (OF) 59.0 58.8 52.6 27.0 33.1 14.3 18.0 17.7
PF + OF 56.2 56.1 51.0 26.6 30.4 14.1 20.0 14.1

4.3 How to introduce object and pose cues into the LLM space?302

Table 3 explores the integration of pose and object cues into LLAVIDAL. We evaluate incorporating303

poses as QA, context (PC), and features (PF). While both pose context and features outperform304

the baseline ADL-X ChatGPT, projecting pose features directly into the LLM embedding space305

yields superior performance. This suggests the effectiveness of language contextualization for306

pose information. Combining pose context and features hinders performance, suggesting potential307

redundancy. In contrast, object cues as QA or context offer minimal discriminative information308

for the LLM. However, object features derived from ObjectLM significantly improve performance309

across most tasks, highlighting their importance in understanding ADL. A detailed analysis of these310

cues’ impact on ADLMCQ action classes is provided in the Appendix, revealing complementary311

information learned. Interestingly, LLAVIDAL with object features outperforms the model with312

pose features on all tasks. However, attempts to combine both pose and object features result in313

performance converging towards the pose-only model. We hypothesize this is due to the challenge314

of optimizing the projection layer Tv that effectively aligns both Tp and To. Therefore, multi-cue315

integration is left for future work. Given its superior performance, LLAVIDAL with object features is316

used for the remainder of the paper.317

Table 4: Performance on Video Description. [CI: Correctness of Information, DO: Detail Orientation,
CU: Contextual Understanding, TU: Temporal Understanding, Con: Consistency]

Method Training Charades TSU
Data Size Object Action CI DO CU TU Con Object Action CI DO CU TU Con

CogVLM [44] + GPT [7] 1.5B Images 19.8 9.4 44.2 42.0 33.2 33.0 40.6 16.8 6.1 41.0 37.0 37.6 34.4 40.2
CogVLM [44] + Llama [11] 1.5B Images 20.9 9.3 44.2 41.8 34.8 32.0 40.6 17.9 7.8 30.0 33.4 35.4 33.8 30.0
BLIP2 [45] + GPT [7] 1.5B Images 21.1 17.3 33.6 33.8 35.4 30.0 34.4 23.2 22.8 38.0 35.4 30.6 37.2 38.4

VideoLlama [19] 2.6M QA Pairs 14.7 15.9 32.2 32.0 36.0 34.4 39.6 21.0 13.4 33.2 30.4 31.2 34.6 42.0
VideoLlava [18] 1.2M QA Pairs 15.8 15.5 38.2 44.4 44.0 37.4 40.2 20.9 15.3 37.8 33.8 40.2 40.4 39.6
VideoChatGPT [20] 100K QA Pairs 14.8 16.1 35.8 44.2 41.6 42.2 37.8 21.8 18.0 43.0 45.8 41.4 43.0 50.0

ADL-X ChatGPT [20] 100K QA Pairs 32.2 13.4 43.0 46.8 42.2 43.8 38.6 16.6 14.8 43.0 47.2 39.6 37.6 50.0
LLAVIDAL 100K QA Pairs 33.1 14.3 51.8 54.2 44.0 49.2 41.8 18.0 17.7 46.0 48.6 42.2 45.8 58.0

4.4 Comparison to the state-of-the-art318

We compare LLAVIDAL against the state-of-the-art (SOTA) in the performance on video description319

generation and ADLMCQ tasks involving action recognition and forecasting.320

Video Description Generation. Table 4 shows the performance comparison of baseline LLVMs and321

LLAVIDAL on their video description capabilities on the Charades and TSU datasets. Video-level322

descriptions are obtained directly from the Charades dataset. For the TSU dataset, comprising lengthy323

videos, we segment each video into 1-minute clips and input them individually to the LLVMs for324
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 Q. Pick the correct action that is being performed in the 
 video among the options?

 a) Pouring coffee grains              b) Using tablet
 
 c) Drinking from bottle               d) Cleaning dishes  Q. Describe the video in detail?

In the video, a person is seen moving a blue blanket or sheet off a bed,

possibly to clean or rearrange the bed. The person is also seen walking

towards a table with a laptop on it, possibly to use the laptop for work

or entertainment.

The video depicts a man and a woman in a bedroom. The man is seen bending

over a bed, while the woman is standing next to him. The man then proceeds

to pull the mattress away from the bed frame, revealing the box spring. He

then proceeds to pull the box spring out of the bed frame. The woman then

takes the box spring and places it on the floor. The man then pulls the

mattress back into the bed frame. The video focuses on the actions of the

man and woman in the bedroom, with a particular emphasis on the movements

and interactions with the objects in the room.

In the video, a young man is seen working in a bedroom. He is seen laying
down a bed, folding a bed, and putting a bed away. The man is wearing a

black shirt and a blue jacket. The room has a white floor and a white wall.

The man is also seen using a chair and a table. The video is shot in a home

in India. The man is seen working alone in the room.

In the video, a person is seen moving a blue and white blanket from a bed,

possibly to clean or rearrange the room. The person is also seen walking

towards a bed with a blue pillow, which suggests that they are interacting

with the bed and its contents. The room has a white floor, a blue blanket on

the bed, and a chair nearby. The person's actions and interactions with the

objects in the room, such as the bed and the chair, highlight the ongoing

activities within the space.

  Throw tissue in trash-can
   Put lettuce or wrapping on

table with hand

  Fill cup with water
dispenser

Q .What action should the human perform after the action "get cup on

table with hand" was performed followed by the action "turn-on TV

with remote"?'choose from the following options

a) Throw tissue in trash-can        b) Put meat or tomato in fridge 

                                            with hand
c) Fill cup with water-dispenser    d) Put lettuce or wrapping on   
                                            table with hand 
e) Close wrapping                   f) Put lettuce or bread with   
                                            hand

  Throw tissue in trash-can

  Pouring coffee grains

     The person is cleaning 
           dishes

  The person is cleaning 

dishes

    The person is using a

         tablet

a) Action Recognition Task

b) Action Forecasting Task c) Video Description Task

Video LLaVA Video LLaMA Video-ChatGPT LLAVIDAL

Figure 4: Qualitative results comparing LLAVIDAL with SOTA models. Incorrect descriptions are
marked in red.
generating clip-level descriptions. Subsequently, we concatenate all clip-level descriptions and utilize325

GPT-3.5 turbo to summarize them into a video-level description, following the same instruction326

template utilized in our dense description pipeline for ADL-X. LLAVIDAL consistently surpasses327

SOTA and outperforms all models including, image captioners-summarizers pipelines which are328

trained on billions of images, across all 5 VideoChatGPT metrics. However, in the Mementos329

Evaluation, LLVM baselines exhibit superior performance over LLAVIDAL in the Smarthome330

domain. This discrepancy may be attributed to the loss of relevant information when generating331

video-level descriptions using GPT.
Table 5: ADLMCQ - Action Recognition

Method Charades Smarthome
VideoLlama [19] 33.0 27.4
VideoLlava [18] 44.4 54.0
VideoChatGPT [20] 56.0 40.8
ADL-X ChatGPT [20] 58.0 52.3
LLAVIDAL 59.0 58.8

Table 6: ADLMCQ - Action Forecasting

Method LEMMA TSU
VideoLlama [19] 20.8 15.6
VideoLlava [18] 32.2 20.2
VideoChatGPT [20] 35.7 25.0
ADL-X ChatGPT [20] 44.8 25.3
LLAVIDAL 52.6 27.0332

ADLMCQ. Table 5 compares LLAVIDAL to SOTA LLVMs on the ADLMCQ-AR benchmark.333

LLAVIDAL achieves significant improvements, surpassing VideoChatGPT by +5.4% and +44.1% on334

the Charades and Smarthome datasets, respectively. Similarly, Table 6 demonstrates LLAVIDAL’s335

superiority on the ADLMCQ-AF benchmark. It outperforms VideoChatGPT by up to +47.3%,336

highlighting its exceptional capability in action forecasting tasks.337

Figure 4 provides a visual comparison of LLAVIDAL against representative baselines on the ADL338

benchmarks. More visual samples are provided in the Appendix.339

5 Conclusion & Future Work340

In this work, we present a framework for curating ADL datasets for instruction tuning LLVMs,341

thus introducing ADL-X. We introduce LLAVIDAL, an LLVM capable of integrating 3d poses and342

human-object interaction cues by projecting their language contextualized representations into the343

LLM embedding space. To assess LLVM performance in ADL scenarios, we propose the ADLMCQ344

benchmark. Results demonstrate that LLAVIDAL, when trained on ADL-X, surpasses other LLVM345

baselines in ADLMCQ tasks, indicating its efficacy in grasping intricate temporal relationships within346

ADL contexts. Future research will focus on expanding ADL-X by integrating additional curated347

ADL datasets and exploring stage-wise training strategies to effectively integrate both pose and object348

cues within LLAVIDAL.349
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Appendix645

A Overview646

The Supplementary material is organized as follows:647

• Section B: Related Work648

• Section C: PoseCLIP649

• Section D: Additional Dataset Details650

• Section E: Additional Implementation Details651

• Section F: Improving Actions: Pose Cues vs Object Cues652

• Section G: Additional Qualitative Evaluation653

• Section H: LLM Prompts Used654

• Section I: Limitations655

• Section J: Licensing and Intended Use656

B Related Work657

In this section, we delve into the recent datasets proposed for instruction tuning of LLVMs. We also658

present the recent advancements in multimodal conversational models both with image captioners659

and video encoders which consist of an LLM at the final stage to leverage its generation and linguistic660

understanding capabilities.661

Data: Existing video-centric instruction datasets, such as VideoChat[17], Valley[26], Video-662

ChatGPT [20], and TimeChat [21], have made significant strides in advancing general video under-663

standing and dialogue. However, these datasets exhibit limitations that render them inadequate for664

training LLVMs to understand with ADL. The primary issues lie in the insufficient task coverage,665

brevity of video lengths, and lack of real-world complexity that characterize ADL. While the TimeIT666

dataset from TimeChat offers improved video duration and task diversity compared to its predeces-667

sors [59, 20, 17, 26], it still falls short of fully capturing the intricacies and extended temporal nature668

of many multi-step ADL tasks. Similarly, ActivityNet [25], despite being a large-scale benchmark669

with 203 activity classes, falls short in terms of its applicability to ADL. While ActivityNet boasts a670

diverse taxonomy, the selected activity classes are not tailored to the ADL domain. The dataset’s focus671

on general video understanding does not guarantee sufficient representation of the unique challenges672

posed by ADL, such as intricate object interactions, fine-grained actions, and long-term temporal673

dependencies. It is to be noted that previous approaches like VideoChatgpt [20], VideoLlava [18]674

derive their instruction dataset from ActivityNet. Webvid, which is now de-comissioned due to675

privacy issues introduced in [60], consists of 2.5 million video-text pairs scraped from the web.676

Although it is a large-scale dataset, the videos are not specifically focused on ADL. The dataset677

covers a broad range of topics and video types, which may not adequately capture the nuances and678

challenges specific to ADL scenarios.679

Image captioners + LLM. Advancements in the abilities of LLMs in contextual understanding680

and language generation has led to the rise of multimodal conversational models. These methods,681

typically employ foundation models to generate visual features from images and project them to682

a space compatible with the language models. Flamingo [14] uses vision-language resampler in683

conjunction with gated cross-attention while BLIP2 introduces Q-Former map image features to the684

LLM embedding space. MiniGPT4 [10] uses a simple linear projection layer. However, these model685

fall short of becoming conversational assistants due to the absence of human instruction feedback. To686

this end, mPLUG-OWL [13] first aligns visual and linguistic features by multimodal autoregressive687

pretraining. It then performs mutlimodal instruction tuning with LoRA [61], which facilitates688

responses to be natural and aligned with human instructions. IntructBLIP [46] and LLaVA [12]689
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introduce large scale human instruction datasets that facilitate LLM finetuning. PaLI [15] and690

Qwen-VL [16] are capable of direct training of the LLMs during pretraining or supervised finetuning691

stages. However, it leads to a loss of generalizability of the natural language capabilities of the LLM.692

CogVLM [44], on the other hand, introduces separate layers into the Transformer Block of the LLM693

to process image features using an independent QKV matrix and Feed Forward Network for images.694

Large Language Vision Models (LLVMs). Researchers have been rigorously investigating methods695

to understand videos and develop video-conversational models integrated with large language models696

(LLMs). Methods like Socratic Models [62] and VideoChat [17], use pretrained foundation vision697

encoders [63, 64] along with LLMs to adapt them for video tasks.698

Among dialog based models, VideoChatCaptioner [65] summarizes a video based on conversations699

between ChatGPT [7] and a captioner like BLIP2 [45], while ChatVideo [66] uses task-specific700

foundation models to create a database of "tracklets". A database manager and ChatGPT [7] work701

to generate responses from user queries during inference. Some approaches [67, 68] divide each702

video into segments and either option descriptions for each segment to be shared directly with703

LLMs or encode each segment, concatenate the tokens and project them to the LLM space. Models704

like [17, 19, 21] leverage Query Transformer (Q-Former) [45] for effective feature encoding and705

alignment. VideoLLaMA [19] first uses a vision transformer with an image Q-Former to obtain706

frame-level representations and then a video Q-Former for temporal modelling. TimeChat [21],707

which can encode variable length videos, uses a timestamp-aware frame encoder with a Q-Former to708

infuse temporal information into the vision tokens and subsequently a sliding window Q-Former to709

condense the frame-level features for the Projection Layer.710

Similar to [19], VideoLLaVA [18] jointly trains on images and videos, however, it pre-aligns the711

visual modalities to language using LanguageBind [69] encoders. VideoChatGPT [20] leverages both712

temporal and spatial features if a video, obtained by average pooling the frame-level features spatially713

and temporally, respectively. In contrast to these models, LLAVIDAL incorporates both 3D Pose714

and object cues into LLaVA type conversational models. The integration of these cues is instrumental715

for the effective interpretation of ADL videos.716

C PoseCLIP717

PoseCLIP is a Pose-Language Model (PoseLM) that aligns 3D poses to a language contextualized718

space. It consists of two components: a Pose Encoder and a Text Encoder. Here we use a Hypergraph719

Transformer, Hyperformer [48] as the Pose Encoder, due to its ability to learn representations, based720

on the human kinematics and its capability of efficient skeleton action recognition. The pose encoder721

fp first processes each pose sequence, Pi ∈ RTp×3×J , where each frame within the sequence Tp722

comprises J joints. The Pose encoder generates frame-level pose representations which are aggregated723

using a Temporal Pooling Layer to obtain sequence-level representations zpi . The Text Encoder ft is724

derived from the CLIP [2] text encoder which is frozen and computes a text representation zti for the725

corresponding action label(ti). The PoseCLIP undergoes a two-stage training scheme. In the first726

stage, the pose encoder is pretrained on NTURGB+D [39], for Skeleton Action Recognition. In the727

second stage, the pose and text embeddings are aligned by maximizing their corresponding cosine728

similarities. The loss is given by 4.729

zpi =
1

Tp

∑
fp(Pi), zti = ft(ti) (3)

730

LCE(z
p
i , z

t
i) = −

∑
i

log
exp(sim(zpi , z

t
i)/τ)∑

j exp(sim(zpj , z
t
j)/τ)

(4)

where τ is a temperature parameter and sim(x, y) denotes the cosine similarity between x and y.731
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Figure 5: Overview of ADL-X. Top Left: Training and test data distribution; Top Middle: Wordcloud
of Textual Representation of Training Data; Bottom Left: Sample video frames with detected relevant
object Bottom Middle: 3D Poses of the corresponding sample video; Right: Sample QA pairs

D Additional Dataset Details732

Question Types. We divide our QA in different questions so that our model understands human733

object interaction holistically, we lay emphasis on actions performed and the sequence of actions734

occurring in the video and likewise how objects are associated with the actions. We carefully design735

such questions relevant to the videos with GPT 3.5 Turbo. The questions encompasses actions736

happening, summarization, objects in the scene, color of the objects and questions related to the737

video. For Pose as QA and Object as QA we construct two more questions each, for object we add738

"What are the relevant objects in the scene?" and "What is the object in the trajectory [x1,y1,x2,y2]?",739

for Pose we add "What is the motion of the body and joints relative to the actions?" and "Which joints740

are moving in the video?".741

Average video and sentence length. There is an average of 23 words per sentence in our QA and742

average word count for each answer is 42. The average video length is 10 seconds in our dataset.743

We have 1262229 nouns, 551172 verbs, 40415 actions and 722807 objects in our QA showing the744

overall dynamics of dataset which is illustrated in WordCloud of the Figure 5.745

Importance of cropping. When person-centric cropping is not applied to the videos in an ADL746

dataset, the resulting dense-level captions often include a significant amount of irrelevant information747

about the background scene. This extraneous information is not directly connected to the subject748

or the actions being performed, and its presence can introduce noise into the training data. If left749

unchecked, this noise can have a detrimental effect on the learning process, as the model may750

erroneously focus on the background details rather than the key elements of the ADL. By failing751

to isolate the relevant information, the model’s attention is diverted away from the crucial aspects752

of the task at hand, namely the individual performing the actions, the actions themselves, and the753

interactions between the person and objects in the scene. This dilution of focus can lead to suboptimal754

performance and hinder the model’s ability to accurately understand and classify ADLs. In contrast,755

by employing person-centric cropping, the irrelevant background information is effectively eliminated756

from the videos. This targeted approach ensures that the dense-level captions concentrate solely on757

the elements that are directly related to the subject and their actions. By maintaining this persistent758

focus on the relevant information, the training data becomes more coherent and informative, enabling759

the model to better capture the essential characteristics of the ADLs. In Fig 6, we illustrate an760

example why person centric cropping is important.761

E Additional Implementation Details762

We deployed a 4-bit quantized version of CogVLM-17B [44] for annotating frame-level captions.763

On an A5000 GPU, the inference uses 11GB of memory.The two prompts that are used to get the764
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frame-level descriptions for the ADL-X are – "Give a detailed description of the actions happening765

and describe the image, include motions and the objects interacted by the person" and "Summarize766

the content of the image in details explaining all events happening". CogVLM uses Vicuna v1.5767

7b [47] as their large language model and EVA2-CLIP-E [70] as their VIT encoder, the input image768

dimensions are 224× 224, the average time to annotate a video is 80 seconds at 0.5fps.769

The image depicts two individuals in a
room where the person on the left is

pointing towards the person on right, she
is wearing yellow top and blue jeans, the
person on the right is dressed in white t-
shirt and black shorts, there are many

chairs and desks in the scene with
computer monitors .In the distance we can
see a white board with writing on them,
there seems to be a desk behind the

board.There is also a jacket on the chair
hanging , the floor has some wires on

them.

The image depicts two individuals in a
room with computer monitors on a desk.

The person on the left, wearing a
yellow top and blue jeans, appears to
be gesturing or pointing towards the
person on the right. The person on the
right, dressed in a white t-shirt and
black shorts, seems to be observing or
listening. The setting appears to be an

office or a classroom.

Figure 6: Left: uncropped videos and frame level annotations from CogVLM; Right: person
centric cropping and CogVLM captions. The irrelevant information (marked red) adds noise to the
annotations.

LLAVIDAL details. To generate object cues, we perform frame-level object detection using BLIP2770

and localization using OWLv2. BLIP2 [45] uses a ViT-L and a FlanT5 [71] architecture for detection,771

while OWLv2 [50] uses an OWL-ViT-L which is a CLIP based model for extracting localization772

features of the detected objects. In case of PoseCLIP, the Pose Encoder, Hyperformer, is pretrained773

on NTURGBD for 140 epochs for action recognition, and then is aligned with the CLIP Text Encoder774

for an additional 100 epochs. LLAVIDAL uses a Vicuna-v1.1 (7B) as the LLM which is frozen775

during instruction tuning.776

F Improving Actions: Pose Cues vs Object Cues777

In this section, we compare the performances of the model using object features with that using778

pose features. The model with object features have demonstrated substantial improvements in action779

recognition tasks, particularly for actions intrinsically linked to specific objects. In Figure 7 we780

observe that object features significantly enhance the accuracy of actions such as "sit down" (+17.4),781

"eating at table" (+16.6), and "watch TV" (+11.3). These actions inherently involve interaction with782

well-defined objects, making the presence and identification of these objects critical for accurate783

action recognition. For instance, the action of "sitting down" is typically associated with the presence784

of chairs or sofas, while "eating at a table" involves utensils, dishes, and tables. By integrating785

object features, the model can better contextualize and identify these actions, leading to marked786

performance improvements. Moreover, object features can capture contextual cues that are pivotal787

in understanding the environment where the action occurs, such as a dining table for eating or a788

television set for watching TV. This contextual awareness allows the model to distinguish between789

visually similar actions by recognizing the objects involved. However, it’s worth noting that actions790
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Figure 7: Improvement of actions with object tokens vs pose tokens vs video only method

less dependent on specific objects, or those characterized by general movements, may not benefit as791

much from object features.792

Pose features have shown notable improvements in recognizing actions that are characterized by793

specific body movements and postures. Figure 7 highlights significant performance gains in actions794

such as "stirring" (+9.5), "taking pills" (+15.2), "drinking from bottle" (+13.7), "drinking from can"795

(+15.1), and "drinking from glass" (+11.4). These actions are inherently defined by distinctive and796

repetitive movements, which pose features effectively capture. For example, the act of "stirring"797

involves a specific hand motion, while "taking pills" is characterized by the motion of bringing a pill798

to the mouth. Pose features excel in these scenarios by accurately modeling the dynamic and often799

subtle movements of the human body, providing the model with a more granular understanding of the800

action being performed. By focusing on the posture and movement patterns, pose features enable801

the recognition system to distinguish between actions that may occur in similar contexts but involve802

different movements. This capability is particularly beneficial for fine-grained action differentiation,803

such as distinguishing between "drinking from a bottle" and "drinking from a can", where the object804

interaction is minimal but the hand movements differ. However, actions with less distinctive poses or805

more object interaction, such as "cleaning dishes" and "cutting food," did not perform as well with806

pose features. This analysis substantiates that both pose and object features are complimentary to807

each other.808
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 Q. Is the person going to fall?

    
     Yes, the person is in a
precarious position, as they
are sitting on the edge of

the chair which could
potentially cause them to

fall.  

The person falls.

   Yes,the person in the video   

   is seen falling off the chair.

  The person has fallen.

 Q. Is the person going to fall?

     Yes, the person is 
     walking down a hallway,
and it appears he might be

about to fall.

     No,the person is walking.

 The person has fallen down.

       Yes,the person in the
       video is walking down a 

 hallway in a hospital.

Input snippet Input snippet

Figure 8: The input snippet is the input video and the grey part is omitted out, here the model needs
to detect the greyed action.

 Q. Pick the correct action that is being performed in the video

among the options?

 a) Reading book                         b) Using tablet
 
 c) Walking                              d) Using telephone

Walking

 Using tablet  Using tablet

Using tablet

 Q. Pick the correct action that is being performed in the video 

 among the options?

 a) Pouring from can                      b) Using tablet
 
 c) Drinking from glass                   d) Leaving 

Leaving

  Pouring from can Drinking from glass

  Pouring from can

Figure 9: Evaluation of ADLMCQ-Action recognition task on Charades Dataset

Q.What action is most likely to be performed given the action "wash

cutting-board and "get cutting-board from table with hand" were

performed?'choose from the following options

a) Work-on milk                   b) Put bread | tomato on table   

                                     with hand    
c) Get cutting board,other        d) Clean hand
   person with hand                   
e) Close wrapping                 f) Put cutting-board on table     
                                     with hand                     
                      

      Get cutting-board, other

person  with hand

    Get cutting-board, other

person  with hand

 Put cutting board 
  on table with hand 

      Get cutting-board, other 

 person  with hand  

Q .What action is most likely to be performed given the action "close

fridge" and "put meat in fridge with hand"?choose from the following

options

a) Put plate | fork on table        b) Get fork from plate with hand

   with hand                     

c) Eat cereal with hand             d) Put meat in sandwich with     

                                       hand

e) Get plate from table with        f) Put water-pot on table with 

   hand                                hand

      Put meat in sandwich 

with hand

Put meat in sandwich

with hand 

    Get plate from table
with hand 

      Put meat in sandwich 

with hand  

Figure 10: Evaluation of ADLMCQ-Action forecasting task on Lemma Dataset

G Additional Qualitative Evaluation809

In this section, we provide qualitative evaluation of LLAVIDAL and other state-of-the-art LLVMs810

for the tasks of ADLMCQ-Action Recognition and ADLMCQ-Action Forecasting, illustrated in811

Figures 9 and 10. In Figure 11, we demonstrate the performance of LLAVIDAL for Video Description812

Generation on the Charades dataset.813

One of the applications of LLAVIDAL is to monitor cognitive decline in geriatric patients through814

the action forecasting capabilities of our model. In this effort we have qualitatively evaluated the815
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model on videos of falls on long term care by the IMPL SFU [72]. The subjects in these videos are816

suffering from dementia, seizure, diabetes like dieseases and the dataset contains 175 such falls. We817

slice the input video before the event of fall and prompt LLAVIDAL and other LLVM’s to predict818

whether the person will fall or not. As illustrated in Figure 8, our model outperforms the other819

LLVMs by predicting the fall correctly and by giving proper explanation of why the fall would occur820

highlighting its reasoning capabilities. While other models predict that the person "has fallen down"821

and hallucinates the reasoning of the fall as well.822

 Q1. Describe the video in detail.

A1) The video shows a young boy sitting on a table and writing on a piece of

paper.He is wearing a black shirt and appears to be focused on his work.

A2) No,the boy does not drink water. 

A1) The video shows a young boy sitting at a table, writing on a piece of
paper. He appears to be focused on his task, and his handwriting is neat
and precise. The boy is wearing a casual outfit, with a t-shirt and jeans.
The room he is in is well-lit, with natural light coming in from a window
in the background. The table he is sitting at is made of wood and has a
smooth surface. The boy's writing appears to be in a foreign language, and
he seems to be taking his time to ensure that every word is written
correctly. Overall, the video captures a peaceful and focused moment of a
young boy engaging in a creative activity. 

A2) Yes,he takes a sip of water from a glass and then  continues to write
on the paper.

A1) The video shows a young boy sitting on the floor in a room, wearing a 

shirt and dark pants. He is writing on a piece of paper, which is placed on a

table or a desk. The room appears to be a bedroom, with a white wall . The

boy is focused on his writing task, and the room is filled with various items

such as clothes, books, and other objects. The overall atmosphere of the

scene is calm and peaceful, with the boy engrossed in his writing.

A2) Yes,the boy is drinking water from a glass sitting on a floor. 

A1) In the video, we see a young boy sitting at a table in a room. He is
wearing a black and white striped shirt. The table is white and has a

black and white striped tablecloth on it. There is a white chair in the
room, and a black and white striped rug is on the floor. The boy is

writing something on a piece of paper. The room is cluttered with
various items such as a black and white striped pillow, a white plastic
bag, a white bottle, and a black and white striped book. The boy is

sitting on a chair, and there is a white box in the room. The video lasts
for 30 seconds, and the boy is sitting at the table for the entire

duration.

A2) Yes, the young boy in the video is seen drinking water at the table.

Q2. Does he drink water ?

Figure 11: Qualitative evaluation of video description on Charades Dataset. Text marked in red are
incorrect. Text marked in green are correct.
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H LLM Prompts Used823

In the following sections, we demonstrate the prompts used:824

H.1 Dense Captioning using GPT-3.5 Turbo825

{"role":"system"}: "You will play two roles: a human asking questions826

related to describing a video and an intelligent chatbot designed for video827

description and dense captioning. Your task is to generate a detailed and828

descriptive paragraph based on the provided fragmented information about a829

video."830

"##TASK": "Users will provide fragmented descriptions of a video, and831

you will generate ONE conversation-like question and answer related832

to describing the video in detail.The question should ask to describe833

the video content in detail.The answer should be a paraphrased and834

well-structured paragraph based on the provided description, with a minimum835

of 150 words and a maximum of 300 words.When the provided information is836

short, aim for a 150-word description, and when the provided information is837

more detailed, aim for very long descriptions up to 300-word description."838

"##INSTRUCTIONS": "The question must be like a human conversation and839

focused on describing the video in detail.The answer must be a paraphrased840

version of the provided information, very detailed and descriptive, and841

within the specified word count.Combine the information from different842

sections of the video into a single coherent summary, ignoring any843

repetitions.Compare the information across all fragments of video and844

remove or ignore any inconsistent information and do not say the summary845

comes from different fragments of the video.Give more emphasis on the846

actions, the objects, and the colors of the background and the objects.Give847

the sequence of actions happening in the video and the objects the person848

interacts with."849

{"role":"user"}: "The fragmented video description is: {mega_caption}. Please850

generate the response in the form of a Python dictionary string with keys851

"Q" for question and "A" for answer. Each corresponding value should be852

the question and answer text respectively. For example, your response853

should look like this: {"Q": "Your question here...", "A": "Your answer854

here..."}. Emphasize that the answer should focus on describing the video855

content following the given instructions."856

H.2 QA generation using GPT-3.5 Turbo: Prompt 1857

{"role":"system"}: "You play two roles: a human asking questions related858

to summarizing a video and an intelligent chatbot designed for video859

summarization and dense captioning. Your task is video summarization. As860

an AI assistant, assume that you have watched the video and generated the861

provided caption as the summary of the video. Your task is to play the862

role of a human who asks three questions related to summarizing the video863

and then play the role of an AI assistant that provides paraphrased answers864

based on the video content and the provided caption."865

"##TASK": "Users will provide a caption of the video alongside dense866

caption describing detected objects in that scene, and you will generate867

a set of three conversation-like questions related to summarizing the video.868

The questions and answers can be very similar, but they should all focus on869

summarizing the video content. The answers should be paraphrased versions870
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of the provided caption and the dense caption with the object detections.871

You have information about the video based on the provided caption and872

have summarized the events in it. You also have the dense caption with873

the object and scene details. Generate THREE different questions asking874

to summarize the video and provide detailed answers to each based on the875

caption and the dense caption."876

"##INSTRUCTIONS": "The questions must be like a human conversation and877

focused on summarizing the video. The answers must be paraphrased versions878

of the provided caption and the dense caption, and they should be detailed879

and descriptive."880

"–––"881

"SAMPLE QUESTIONS:"882

"- Can you provide a summary of the video?"883

"- What are the main events in the video?"884

"- Could you briefly describe the video content?"885

{"role":"user"}: "The video caption is: {caption}. The additional dense886

caption is: {mega_caption}. Generate three different questions on887

summarizing the video, and provide answers that are paraphrased versions of888

the given caption and the dense caption. Please attempt to form question889

and answer pairs based on the two sets of text. Please generate the890

response in the form of a Python list of dictionary string with keys "Q"891

for question and "A" for answer. Each corresponding value should be the892

question and answer text respectively. For example, your response should893

look like this: [{"Q": "Your first question here...", "A": "Your first894

answer here..."}, {"Q": "Your first question here...", "A": "Your first895

answer here..."}, {"Q": "Your first question here...", "A": "Your first896

answer here..."}]. Emphasize that the questions and answers can be very897

similar, but they should all focus on summarizing the video content."898

H.3 QA generation using GPT-3.5 Turbo: Prompt 2899

{"role":"system"}: "You play two roles: a human asking questions related to900

a video and an intelligent chatbot designed for video summarization and901

dense captioning. Your task is extracting diverse video information. As902

an AI assistant, assume that you have watched the video and generated the903

provided caption as the summary of the video. Your task is to play the904

role of a human who asks three questions related to summarizing the video905

and then play the role of an AI assistant that provides paraphrased answers906

based on the video content and the provided caption."907

"##TASK": "Users will provide a caption of the video alongside dense908

caption describing detected objects,setting and details in that scene,909

and you will generate a set of three conversation-like questions related910

to the video. The questions and answers can be very similar, but they911

should all focus on the details of the video content. The answers should912

be paraphrased versions of the provided caption and the dense caption with913

the object and scene details. You have information about the video based914

on the provided caption and have summarized the actions in it. You also915

have the dense caption with the scene details. Generate THREE different916

questions asking the details of the video and provide detailed answers to917

each based on the caption and the dense caption and one question should918

be about what actions are happening which should come from captions of the919

video."920
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"##INSTRUCTIONS": "The questions must be like a human conversation and921

focused on finding the intricate and unique details of the video. The922

answers must be paraphrased versions of the provided caption and the dense923

caption, and they should be detailed and descriptive. " "–––"924

"SAMPLE QUESTIONS:"925

"- What are the actions occuring sequentially in the video?"926

"- What are the colors of the outfits of the person in the video?"927

"- What are the objects in the scene?"928

"- What is the person doing?"929

{"role":"user"}: "The video caption is: {caption}. The additional dense930

caption is: {mega_caption} Generate three different questions on the931

details of the video, and provide answers that are paraphrased versions of932

the given caption and the dense caption. Please attempt to form question933

and answer pairs based on the two sets of text. Please generate the934

response in the form of a Python list of dictionary string with keys "Q"935

for question and "A" for answer. Each corresponding value should be the936

question and answer text respectively. For example, your response should937

look like this: [{"Q": "Your first question here...", "A": "Your first938

answer here..."}, {"Q": "Your first question here...", "A": "Your first939

answer here..."}, {"Q": "Your first question here...", "A": "Your first940

answer here..."}]. Emphasize that the questions and answers can be very941

similar, but they should all focus on the various details of the video942

content and understanding what actions are happening. Include at least943

one question about the sequence of actions happening in the video."944

H.4 Pose Description Generation Prompt using GPT-3.5 Turbo945

I have the coordinates that track the position of human joints throughout946

a video. I want to obtain the motion of each of these joints over time,947

using only these human joint coordinates. Here are the joint coordinates948

across observations: {pose_str}. I want to know the general motion of949

these joints AND the amount of this motion (if the joint moved a lot, or950

only a small amount over the frames). Respond with a single sentence951

that INDEPENDENTLY describes the motion directions and amount for each952

joint over the entire video. Please start your reply for each joint with953

the name of the joint. What can you tell me about the motion and motion954

magnitudes of these joints? Describe the concrete direction of the motion955

of the joints, do not just say they move in many directions, but only956

describe how it moves and not its numerical coordinates. Do not forget to957

list the motion and amount of motion in two separate sentences. Begin each958

description with the name of the joint followed by a colon. Also include a959

sentence that captures the structure of the human body, such as the posture960

and position of the joints relative to one another961

Here the pose_str, is of the following format:962

In observation 0, the right knee is at (104, 201) and the left knee is at963

(106, 197) and the right hand is at (87, 162) and the left hand is at (134,964

49) and the head is at (112, 40). In observation 1, the right knee is at965

(82, 208) and the left knee is at (87, 204) and the right hand is at (66,966

167) and the left hand is at (122, 63) and the head is at (91, 38).....967

H.5 Prompt to obtain Relevant Objects using GPT-3.5 Turbo968

I have a video where the action "{action_label}" is being performed by a969

human. I have detected all of the objects in the scene of this video,970
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the objects I found are: {found_objects}. I only want the objects that971

are relevant to the action "{action_label}". From the list of detected972

objects, return only the objects that are relevant to the action being973

performed. It is crucial that the objects you return are contained in the974

list of objects I have given you, DO NOT create new objects or modify the975

names of the existing objects. Order the objects by their relevance to the976

action. IT IS OKAY TO NOT RETURN ANY OBJECTS IF NONE ARE RELEVANT, In this977

case respond with the string "None". The relevant objects are (return the978

objects separated by a comma) (never explain your decision).979

I Limitations980

While our approach works well with videos spanning a few seconds, it struggles with long videos.981

LLAVIDAL’s preprocessing pipeline samples 100 frames per video. This sampling rate misses out982

key information in case of long videos, where there is a larger number of frames. To this end, for the983

task of generating Video Descriptions, we split the long videos in Toyota Smarthome Untrimmed into984

clips of 20 seconds each and generate descriptions for each clip. These clip-level descriptions are985

summarized using GPT3.5 Turbo to obtain a video-level description. However, this summarization986

step loses valuable information and hence fails to provide an accurate summary of the long video.987

Future work should explore an effective sampling strategy for long video understanding. Another988

limitation of LLAVIDAL is its diminished efficacy when both Pose and object cues are integrated989

within the LLVM framework. We beileve that modality progressive training could potentially address990

this suboptimal performance which will be explored in future work.991

J Licensing and Intended Use992

This paper introduces a large-scale dataset, ADL-X, comprising 100K untrimmed RGB video-993

instruction pairs, 3D poses, language descriptions, and action-conditioned object trajectories. The994

raw videos in ADL-X comprise content from NTURGB+D [49], for which the original authors995

retain distribution rights for the clipped action videos. The scripts utilized to curate the dataset996

are open-sourced, facilitating the regeneration of the dataset. We will also provide comprehensive997

features, including image features extracted using CLIP, pose features derived from PoseCLIP, and998

object features obtained through ObjectLM. We plan to release ADL-X via an academic website999

for research, academic, and commercial use. The dataset is protected under the CC-BY license of1000

Creative Commons, which allows users to distribute, remix, adapt, and build upon the material in any1001

medium or format, as long as the creator is attributed. The license allows ADL-X for commercial1002

use. As the authors of this manuscript and collectors of this dataset, we reserve the right to distribute1003

the data. Additionally, we provide the code, data, and instructions needed to reproduce the main1004

experimental baseline results, and the statistics pertinent to the dataset. We specify all the training1005

details (e.g., data splits, hyperparameters, model-specific implementation details, compute resources1006

used, etc.). Furthermore, we release the code and model weights of our proposed Large LAnguage1007

VIsion model for Daily Activities of Living (LLAVIDAL), along with the features and instruction1008

QA pairs for the combination videos. The ADL-X dataset focuses on ADL and does not contain any1009

personal data that can resemble evidence, reveal identification, or show offensive content.1010

The ADL-X dataset can be used by multiple domain experts to advance research and development in1011

various applications related to ADL. Its potential applications include, but are not limited to, assistive1012

technologies, healthcare monitoring systems [73], smart homes [74], robotics for assisted living, and1013

instructional videos for ADL training and support. The dataset can also contribute to the development1014

of AI-driven solutions that aim to improve the quality of life for individuals with disabilities, older1015

adults, and those in need of daily assistance. While we believe that the ADL-X dataset has the1016

potential to make a positive impact on society by enabling the development of technologies that1017

support and enhance the lives of individuals, we acknowledge that, as with any technology, there is a1018

possibility that the dataset or the ideas it presents could be misused or adapted for harmful purposes.1019
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However, as authors, we strongly oppose any detrimental usage of this dataset, regardless of whether1020

it is by an individual or an organization, under profit or non-profit motivations. We pledge not to1021

support any endeavors that could cause harm to individuals or society in relation to our data or the1022

ideas presented herein. Our intention is to foster research and innovation in the field of ADL analysis1023

and support, ultimately contributing to the development of technologies that improve the quality of1024

life for those who need assistance with daily activities. We encourage all users of the ADL-X dataset1025

to adhere to the highest ethical standards and to prioritize the well-being of individuals and society in1026

their research and development efforts.1027

28


	Introduction
	Semi-automated Framework for generating ADL Video-instructions Pairs
	LLAVIDAL: An LLVM for ADL
	Background: LLVM
	3D Poses for LLAVIDAL
	Action-Conditioned Object Cue for LLAVIDAL
	Training LLAVIDAL

	Experiments
	Experimental Setting
	Impact of ADL-X Training on LLVMs
	How to introduce object and pose cues into the LLM space?
	Comparison to the state-of-the-art

	Conclusion & Future Work
	Overview
	Related Work
	PoseCLIP
	Additional Dataset Details
	Additional Implementation Details
	Improving Actions: Pose Cues vs Object Cues
	Additional Qualitative Evaluation
	LLM Prompts Used
	Dense Captioning using GPT-3.5 Turbo
	QA generation using GPT-3.5 Turbo: Prompt 1
	QA generation using GPT-3.5 Turbo: Prompt 2
	Pose Description Generation Prompt using GPT-3.5 Turbo
	Prompt to obtain Relevant Objects using GPT-3.5 Turbo

	Limitations
	Licensing and Intended Use

