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Abstract

Video Internet of Things (VIoT) has shown full potential
in collecting an unprecedented volume of video data. How
to schedule the domain-specific perceiving models and an-
alyze the collected videos uniformly, efficiently, and espe-
cially intelligently to accomplish complicated tasks is chal-
lenging. To address the challenge, we build VIoOTGPT, the
framework based on LLMs to correctly interact with humans,
query knowledge videos, and invoke vision models to ana-
lyze multimedia data collaboratively. To support VIoTGPT
and related future works, we meticulously crafted the VIoT-
Tool dataset, including the training dataset and the benchmark
involving 11 representative vision models across three cate-
gories based on semi-automatic annotations. To guide LLM
to act as the intelligent agent towards intelligent VIoT, we
resort to the ReAct instruction tuning method based on VIoT-
Tool to learn the tool capability. Quantitative and qualita-
tive experiments and analyses demonstrate the effectiveness
of VIoTGPT. We believe VIoOTGPT contributes to improving
human-centered experiences in VIoT applications.

Projects — https://github.com/zhongyy/VIoTGPT
Long Version — https://arxiv.org/pdf/2312.00401

Introduction

The ubiquitous visual sensors, contemporary communica-
tion technologies, and high-capacity networking have en-
abled the potential and widely-usage of Video Internet of
Things (VIoT), i.e., internetworking of large-scale visual
sensors, in collecting the unprecedented volume of video
data and therefore offering a full ambient environment mon-
itoring (Ma 2011; Mohan et al. 2017; Chen 2020, 2023).
Leveraging the power of perceiving techniques driven by
deep learning (Krizhevsky, Sutskever, and Hinton 2012; He
et al. 2016; Dosovitskiy et al. 2021), the acquired video data
is eagerly expected to help with various VIoT applications,
such as large geographical area monitoring for smart trans-
portation (Liu et al. 2016; Zantalis et al. 2019; Wei, Wu,
and Ma 2019) and public safety (Liu and Ma 2019; Zhang
et al. 2022; Liu et al. 2020). As summarized by previous
works (Chen 2020, 2023), perceiving techniques are highly
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varied and wide in terms of analysis targets, understanding
granularities, practical applications, from biometric recogni-
tion (Sun et al. 2014; Guo et al. 2016; Liu et al. 2017; Deng
et al. 2019; Zhong et al. 2021), human performance analy-
sis (Ji et al. 2012; Caba Heilbron et al. 2015; Zhang et al.
2019; Qi et al. 2020a; Yun et al. 2024), to generic scene
understanding (Grant and Flynn 2017; Qi et al. 2020b; Lv
et al. 2024), etc. Therefore, how to schedule these domain-
specific perceiving models and analyze the collected videos
uniformly, efficiently, and especially intelligently is a main
technique challenge.

Although the general-purpose visual models (Kirillov
et al. 2023; Zhang et al. 2023) are compelling, they may
not possess the domain-specific knowledge needed to re-
place certain perceiving models, especially the fine-grained
ones like biometric recognition. Additionally, they are still
too heavy to deal with a large volume of video data. Some
recent works (Schick et al. 2023; Yao et al. 2023; Yang et al.
2023a; Wu et al. 2023; Hao et al. 2023; Kim et al. 2023; Qin
et al. 2023a) discover the potential ability of the large lan-
guage models (LLMs) to act as an intelligent agent to use
tools, which motivates us to investigate the power of LLMs
invoking and scheduling a variety of lightweight visual mod-
els to analyze the diverse surveillance videos.

One possible approach is to directly guide powerful
LLMs to use the tool by offering concise explanations
and demonstrations through in-context prompts, such as
VISPROG (Gupta and Kembhavi 2023), ViperGPT (Suris,
Menon, and Vondrick 2023) and Visual ChatGPT (Wu et al.
2023). However, these works must rely heavily on strong
LLMs like ChatGPT. Alternatively, another approach is to
fine-tune LLMs to become proficient in particular tools, such
as Toolformer (Schick et al. 2023) and GPT4Tools (Yang
et al. 2023a), requiring deep acquaintance with the applica-
tion domains and tool usages.

Compared with previous tools like calculators, search
engines, and usual vision models, efc, the visual algo-
rithms for intelligent surveillance can be more “unusual” for
LLMs to distinguish, plan, and execute. These algorithms
fall under three primary categories: human-centric, vehicle-
centric, and event-related. On one hand, LLMs necessitate
distinguishing some fine-grained visual tools, e.g., decide
to invoke face recognition (Deng et al. 2019), person re-
identification (Zheng, Zheng, and Yang 2018) or gait recog-
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Figure 1: Illustration of VIoTGPT, which mainly consists of three fundamental modules, the videos that contain real-world
observations, the human-centric algorithms acting as the tool set, and LLM as the intelligent agent.

nition (Fan et al. 2023) algorithm when they are asked to
recognize the person in the video. On the other hand, it is
required to invoke multiple interrelated algorithms succes-
sively and decide whether to execute the next visual algo-
rithms, e.g., whether to evaluate the impact of behavior after
the action recognition (Zheng, Zheng, and Yang 2018).

To address the above challenges, we propose a hierarchi-
cal taxonomy of VIoT tools and meticulously crafted the
VIoT-Tool dataset involving 11 types of representative vi-
sion tools across three primary categories. To lead the LLM
to decide actions not only based on the initial human queries
but also considering the observation from the environment,
we use ReAct instructions while not only using in-context
learning or chain-of-thought prompting. We resort to in-
struction tuning to guide the LLM to learn a variety of in-
structions to accomplish complicated tasks with a given re-
quest. Specifically, we design ReAct instructions based on
these representative tools by semi-automatic annotations,
and then supervised finetune LLMs to learn the fine-grained
difference of similar tools and multi-step reasoning for in-
terrelated tools.

The established framework, named VIoTGPT, is illus-
trated in Figure 1. VIOTGPT consists of three fundamental
components, i.e., LLM as the agent, videos as the knowledge
base, and vision models as the tool set. The three fundamen-
tal components fulfill their duties and work seamlessly to de-
liver practical and effective results. To provide both quantita-
tive and qualitative analysis, we establish the corresponding
dataset VIoT-Tool based on diverse data including publicly
available, web-collected, or self-made surveillance videos.
Our major contributions can be summarized as follows:

* We propose VIoTGPT, the framework that applies the
customized LLM as the intelligent agent, to interact with
videos collected on VIoT, invoke visual models accord-
ing to queries, and reply to human users. As we know,
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VIoTGPT is the first intelligent agent system to invoke
visual models and analyze video data for intelligent video
surveillance.

To enable VIOTGPT, we propose a hierarchical taxon-
omy of VIoT, develop the training dataset involving 11
types of representative vision tools across three primary
categories, and build the corresponding benchmarks to
evaluate the performance of the intelligent agents. The
dataset, named VIoT-Tool, will be publicly available to
promote further research.

Demonstrated by experimental results on VIoT-Tool,
with instruction tuning, VIoTGPT can schedule the
domain-specific perceiving models and analyze the col-
lected videos intelligently to accomplish complicated
tasks, especially can learn the fine-grained and interre-
lated tools scheduling ability.

Related Work
Foundation Model

The artificial intelligence landscape has been dominated by
task-specific deep models (Liu et al. 2017; Caba Heilbron
et al. 2015; Grant and Flynn 2017), while a new wave of
foundation models aims to gain general-purpose vision rep-
resentations (Chen and He 2021; Kirillov et al. 2023; Zhang
et al. 2023), multi-modal representations (Wang et al. 2023;
Girdhar et al. 2023; Li et al. 2023b), and even general-
purpose generative models (Brooks et al. 2024).

The Segment Anything Model (SAM) (Kirillov et al.
2023), a pixel-level pre-training foundation model, has re-
ceived widespread attention for its impressive ability in im-
age segmentation. ImageBind (Girdhar et al. 2023) learns
joint representation across six different modalities includ-
ing image, text, audio, depth, thermal, and IMU data, and
enables cross-modal retrieval, cross-modal generation, etc.



The amazing Sora model (Brooks et al. 2024), a text-
conditional diffusion model based on transformer architec-
ture, can generate high-fidelity video up to a minute long. It
is trained on videos and images of varying durations, reso-
lutions, and aspect ratios.

Nevertheless, current vision-centered foundation mod-
els still struggle to generalize across different vision tasks
or different data domains (Tang, Xiao, and Li 2023; Ji
et al. 2023; Zhou et al. 2023). The difficulties in multiple-
granularity understanding, temporal analysis, and compre-
hensive data domains and modalities together impede the
development of a unified model for all the tasks (Li et al.
2023a). We are eager to see the development of future uni-
fied models to replace the task-specific vision models of
VIoT, then there is no need to invoke many fragmentary
models. However, until then, we have to resort to other tech-
nical approaches for intelligence scheduling. We propose to
construct a hierarchical taxonomy of the task-specific vision
models and use the vision models as tools to collaboratively
serve VIoT applications.

LLMs and Tool learning

Recently, large language models (LLMs) have received
widespread attention because of their impressive per-
formance on complex natural language understanding
tasks (Zhao et al. 2023). LLMs are Transformer language
models with billions of parameters trained on massive
amounts of text data, which lead to some particularly in-
teresting emergent behaviors including in-context learn-
ing (Brown et al. 2020), instruction following (Wei et al.
2022a), and step-by-step reasoning (Wei et al. 2022b). No-
table LLMs contains OpenAI’s GPT-series (Brown et al.
2020) used in ChatGPT, PaLM of Google (Chowdhery
et al. 2022), LLaMa of Meta (Touvron et al. 2023a,b), Vi-
cuna (Chiang et al. 2023), ChatGLM (Du et al. 2022), etc.
Despite the deficiencies such as limited corpora knowl-
edge and unsatisfied numerical computation ability (Zhao
et al. 2023), recent research has unveiled the potential of
LLMs in mastering tools (Qin et al. 2023b; Schick et al.
2023; Shen et al. 2023; Gupta and Kembhavi 2023; Suris,
Menon, and Vondrick 2023; Yang et al. 2023b; Wu et al.
2023; Yang et al. 2023a; Gao et al. 2024), enabling them to
acquire domain-specific expertise and external knowledge.
Without the need for explicit training, it is possible to ac-
complish tasks solely relying on the in-context learning abil-
ity of LLMs. VISPROG (Gupta and Kembhavi 2023) and
ViperGPT (Suris, Menon, and Vondrick 2023) have demon-
strated that, with a small number of in-context examples in-
structions, a powerful LLM GPT-3 can generate Python-like
modular programs and execute them to invoke vision mod-
els and other functions for compositional visual tasks. Re-
Act (Yao et al. 2023) improved prompt engineering by intro-
ducing collaborative reasoning and execution, incorporating
additional information into inference, and facilitating inter-
action between LLMs and the external environment. Based
on ReAct and the powerful ChatGPT, MM-REACT (Yang
et al. 2023b) and Visual ChatGPT (Wu et al. 2023) can inte-
grate the system with vision models using zero-shot prompt-
ing, to accomplish visual understanding and generation tasks
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by invoking vision models and receiving the feedback it-
eratively until reaches the ending condition. CLOVA (Gao
et al. 2024) incorporates both correct and incorrect exam-
ples for prompts to generate better plans and programs, and
design the reflection and learning scheme to update tools.
Without the strong LLMs like GPT-3 and ChatGPT, some
recent works (Schick et al. 2023; Yang et al. 2023a; Qin
et al. 2023b) explore the tool learning based on LLMs with
about tens of billions of parameters(e.g., GPT-J (Wang and
Komatsuzaki 2021), LLaMA 7B (Touvron et al. 2023a) and
Vicuna 13B (Chiang et al. 2023)), with self-instruction tun-
ing (Wang et al. 2022), where instructions generated based
on ChatGPT are used to fine-tune LLMs with a limited set
of tools and have demonstrated promising results.

Considering the limited computing resources, we also in-
vestigate how to leverage LLMs with tens of billions param-
eters effectively. While different with (Schick et al. 2023;
Yang et al. 2023a), we mainly focus on learning to schedule
vision tools and query knowledge videos towards intelligent
Video Internet of Things (VIoT).

VIoTGPT

Overview

VIoTGPT consists of three components that collaborate to
ensure practicality, as shown in Figure 1.

Video Data as Knowledge Base. In practical VIoT ap-
plications, videos at various locations are collected by a
variety of smart devices in real time. The massive scale
videos contain real-world observations and can serve as
the information-rich knowledge base denoted as K
{K1, K>, ,K,}, which provides a solid foundation for
VIoTGPT. For convenience, we use a knowledge base of
videos with city-level locations, which can also be extended
to more various kinds of tags, such as accurate spatio-
temporal information, environmental information, efc.

Perceiving Models as Tool Set. We propose a hierarchi-
cal taxonomy of VIoT tools. The perceiving algorithms can
be concluded as mainly three primary categories: human-
centric, vehicle-centric, and event-related algorithms. Each
primary category can conclude a variety of secondary cate-
gories. Without loss of generality, we define the secondary
categories by 11 representative vision algorithms including
face recognition, person re-identification, gait recognition,
vehicle re-identification, license plate recognition, human
pose estimation, human action recognition, crowd counting,
scene recognition, fire and smoke detection, and violence
detection, as the tool set denoted as 7 = {11, T%, -+ , T},
to demonstrate the feasibility and functionality of VIoTGPT.
The agent can invoke one or several tools intelligently to ac-
complish the tasks, which will be detailed further in Section .

LLM as Agent. The large language model (LLM) with
model parameter € is adopted as the intelligent agent to
interact with humans, by firstly summarizing the input in-
structions and visual information to the pre-defined tem-
plate, planning, observing, and reasoning with the assistance
of the knowledge base and the tool set, and finally provid-
ing users with integrated processing information in its re-
ply. Despite the powerful reasoning ability of LLMs such as
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Figure 2: Pre-defined instructions and the response A; ; of the LLM 6 at each step. In the intermediate steps, the LLM decides
to use the tools (“Thought”), selected tool names (“Action’), and the input of tools (“Action Input”). At the end of each step,
the context will be updated by combing previous actions and observations to conversation history C; ; = (Ci 1—1, Ait,0i ). At
the final step, the LLM decides not to use tools and returns the final feedback f7.

LLaMa (Touvron et al. 2023a,b) and GPT4Tools (Yang et al.
2023a), it is still difficult for them to be directly used by
prompting in VIoOTGPT. To help LLMs become more profi-
cient in querying knowledge and invoking tools, we finetune
them with the meticulously crafted VIoT-Tool dataset.

Instructions and Training

ReAct Instruction. Considering the intelligent agent should
interact with humans, tools, video data, and the environment,
we introduce ReAct instruction for VIOTGPT to determine
the action in each step not only based on the context but
also considering the observation from outputs of previously
invoked tools.

Specifically, given the human query ¢; with potential
visual information v;, the LLM will summarize and for-
mat them and the overall framework information (7 and
K) into a new prompt p; = (T,K,¢q;,v;) with the pre-
defined template following Langchain (Yao et al. 2023;
Chase 2022), as shown in Figure 2. With the input prompt p;,
at each step, the LLM will determine the action A; ;, record
observations of tools o; ;, memorize the context C;; =
(Ai1,0i1, -+ ,Ai,0i4) (including the history of actions
and observations), and reason iteratively until it achieves the
final answer f;.

The action of the LLM (0) at step ¢t is represented by

(nits @it ki) s

Ay =
bt {(ni,h f’L) ’

and determined by Py (A; ;) = Py (A +|pi, Cit—1), Where
n;: denotes the decision of whether to use tools 7. Ide-
ally, in the intermediate steps, n; ; represents that the LLM

te{0,1,---,T—1}

t=T W
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Primary Categories Secondary Categories Human Input

Face Recognition Image, Question

Human-centric Recognition  Person Re-identification Image, Question

Gait Recognition Video, Question

Crowd Counting Question

Vehicle Re-identification Image, Question

Vehicle-centric Recognition

License Plate Recognition  Question

Fire Smoke Detection Question
. Scene Recognition .

Event-related Analysis Anomaly Recognition Question
Pose Estimation .

Question

Action Recognition

Table 1: Summarization of VIoT-Tool.

determines to use tools (see n;; in Figure 2), a; . repre-
sents the selected tool names, and k; ; represents the input
information (usually queried from K) of the selected tool
a;¢. At the end of each step, the context will be updated
Cit = (Ci4-1,4;,0;) to record the history of actions
and observations. At the final step ¢ = T', n, ; represents not
to use tools, the LLM will return the final feedback fi.

To help the LLM 6 perform in this way, we collect the Re-
Act instruction data A4; ; and fine-tune the model. The ReAct
instruction data is generated by ChatGPT and human anno-
tations to keep the diversity of instructions and the correct-
ness of tools and knowledge usages.

Supervised Fine-tuning. The learning process of the



Single Tool Responses Interrelated Tools Responses All Responses
Models Promt

Decis Tool Input Whole Decis Tool Input Whole Decis Tool Input Whole
Llama Zero-shot  0.00  0.00  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Llama Few-shot  0.00  0.00  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
VIoTGPT (Llama)  Zero-shot 89.44 41.85 75.53 41.11 84.79 69.75 69.13 67.25 87.68 48.35 74.04 47.20
Vicuna Zero-shot 86.39 60.64  0.00 0.00 47.38 8.00 0.00 0.00 71.64 4837 0.00 0.00
Vicuna Few-shot 28.88 2698 29.03 2234 1.00 0.00 0.00 0.00 2233 20.69 2226 17.13
VIoTGPT (Vicuna) Zero-shot 99.01 63.83 76.06 35.79 86.11 7438 69.75 52.00 9413 66.29 7459 39.59
ChatGPT Zero-shot 99.92 96.80 96.73 9392 7416 19.75 1550 0.00 89.53 7885 77.80 72.03
ChatGPT Few-shot 99.85 99.85 99.85 99.85 9857 9538 61.63 2825 99.24 9881 90.94 83.16

Table 2: Quantitative results on VIoT-Tool. “Decis” represents the accuracy of decisions of whether to use tools Acc,,, ,. “Tool”

represents the accuracy of chosen tool names Acc,, ,.

“Whole” represents the accuracy of the whole response Accy, ,.

LLM 6 can be formulated as:

Lase (0 ZZlog Py (Aialpi, Ciu1). ()

With the supervised fine-tuning with instructions, LLM can
invoke tools and query requisite knowledge of VIoT to per-
form targeted instructions, particularly in fine-grained tool
usage and multi-step reasoning for interrelated tools.

Tools, Training Dataset, and Benchmarks

VIoT-Tool is established based on 11 represented vision
tools, as shown in Table 1. Considering privacy and copy-
right, images and videos used in this paper are publicly avail-
able (Zheng et al. 2015), web-collected (Nagrani and Zis-
serman 2017), or self-made surveillance videos. For conve-
nience, all the videos used in the knowledge base are repre-
sented as 125 city-level names.

Dataset Summarization

Statistics. Through meticulous annotation and optimiza-
tion, we collect the training dataset with training instructions
(2.79 billion tokens) constructed by 200K pairs (p; and A; +)
related to the 11 tools across three categories and the cor-
responding testing datasets with 1,841 pairs. To avoid data
bias, the tool data distribution of the training and the test set
are almost consistent, which is detailed in the Appendix.

Generalization and Robustness. To evaluate the gener-
alization of LLMs on the knowledge videos, the video data
in the testing benchmarks is different from that in the train-
ing dataset. To evaluate the semantic robustness, the instruc-
tions in the testing datasets are quite different from those in
the training dataset.

Fine-grained and Interrelated Tools. In the hierarchical
taxonomy of VIoT tools, tools of human-centric recognition
or vehicle-centric recognition usually share similar objec-
tives and usage, therefore leading to fine-grained tool differ-
entiation. Event-related analysis typically involves multiple
interrelated tools, making them useful as evaluation metrics.

“Input” represents the accuracy of input information of tools Accey, .
“IT” represents instruction tuning.

Experiments
Experimental Setting

Models Details and Baselines. With limited computing
resources, we use Llama 7B (Touvron et al. 2023a) and Vi-
cuna 7B (Chiang et al. 2023) as base models for the follow-
ing fine-tuning. Correspondingly, Llama 7B and Vicuna 7B
without fine-tuning are used as baselines, which rely on the
in-context ability with the same prompt. ChatGPT (gpt-3.5-
turbo) is also used to compare our models and demonstrate
an optimal performance on VIoT-Tool.

Training Details. To enable training, a parameter-efficient
tuning method, i.e., Low-Rank Adaptation (LoRA) (Hu et al.
2022), is used. Specifically, we attach the LoRA modules to
the query and key of self-attention layers, with the rank pa-
rameter 8, the scaling alpha parameter 16, and the dropout
rate 0.05, following the settings of FastChat (Zheng et al.
2023). The maximum length of new tokens is 2,048. We
finetune LLMs using an effective batch size of 256 and a
learning rate of Se-5 for 6 epochs with the AdamW opti-
mizer. In the training process, the instruction datasets are
randomly divided into training and evaluating sets in a 49:1
proportion. All the experiments are conducted on NVIDIA
RTX 4090 GPUs.

Evaluation Metrics. Four main evaluation metrics are
used to evaluate the performance, including accuracy of de-
cisions, accuracy of tool names, accuracy of tool inputs, and
accuracy of whole response. Specifically, n; ; represents the
decision of whether to use tools (“Thought: Do I need to
use a tool? Yes/No”), and Acc,,, , measures accuracy of n; ;.
Then the accuracy of decisions is defined as

Accy,, = 221125 Z ; {nit ="nit}, 3)

1
where n; ; represents the gold label of the decision whether
to use tools at step ¢. Note that, a;; represents the chosen
tool name, and Acc,, , measures the accuracy of all the cho-
sen tools. Then, the accuracy of tool names is

so5, 22 (o=

Accg,; , =

it} 4
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FaceRecognition

Human provide a image.

mage/d98de349.png
Received.
Could you ascertain whether the face

shown in the uploaded image has a
connection to Fushun?

We found this identity. Please refer to &
example results\frame 751.jpg.

LicensePlateRecognition

If the vehicle with the license plate
f2AX239T is currently in Hefei?

Vehicle plate fZAX239T does not &

appear in Hefei.

Is the vehicle with the license plate
BEATY016 positioned in Hefei??

We found this vehicle.
Please refer to
results\frame 72.jpg.

FireSmokeDetection

Can you determine if there's a fire
outbreak in Shantou for me?

There is no smoke or file detected. &
') ]
IS Please check and let me know if
o there’s a fire happening in Weifang?

A

Dangerous! We have detected smoke,
as shown in

PersonReidentification

Human provide a image.

image/
baelel65.png

Received.

Has the person in the uploaded image
been spotted or recognized in Beijing?

We found this identity. Please refer to &

example results\frame 20.jpg.

VehicleReidentification

Human provide a image.

Image/ca220bnl.png
Received.
Can you confirm if the vehicle within

the uploaded image has been witnessed
in Jinhua?

We found this vehlcle Please refer to

AnomalyDetection

Have any anomalies been witnessed
in Zibo that may compromise public
safety?

We found there is Stealing happening in
server room. As shown in

results/result.jpg.

g
2]

\9

2]

GaitRecognition

Human provide a video.

video/554963¢c9.mp4

Received.

According to the gait analysis, does
the person in the uploaded video align
with someone in Taizhou?

We found this identity. Please refer to &
example results\result.jpg. T

CrowdCounting

‘Would you be able to provide an
estimation of the individuals in
Huaian?

As shown in

result/frame_899.jpg. There are about 0
to 16 persons in the video.

ActionAnalysis

Describe the action conducted by

the individuals in Weifang.
The action is Jump Squat. &
Explain the action being performed
by the people in Zhuhai..
The action is Single-Leg hopping &
(‘EIBRBE)
Elaborate on the action being carried
out by the individuals in Jinhua.
The action is Butt Kick. &

o
R

Figure 3: Illustration of VIOTGPT’s capabilities and applications. “FaceRecognition”, ‘“PersonReidentification”, “GaitRecog-

nition”, “LicensePlateRecognition”,

“VehicleReidentification”, “CrowdCounting” and ‘FireSmokeDetection” represent re-

sponses with single tool. While “AnomalyDetection” and “ActionAnalysis” are two event-related pipelines that require schedul-

ing interrelated tools.
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where @; ; represents the gold label of chosen tool at step ¢.
In addition, k;; represents the input of tool a;: including
the the queried knowledge information. Accy, , measures
the accuracy of the input information. Then the accuracy of
tool inputs is

SN kig =i},

% t

1
Accp, , = —=——— 5
ke 2ido ®

where j‘%t represents the gold label of the input at step t.
Finally, A; . represents the whole response of LLM, and
Accya, , measures its accuracy. The accuracy of the whole
response is

1 .
ACCAi,t = Z § (H {Ai;t = A’i,t})’ (6)
gt
where A; ; represents the gold label of response at step ¢.
Models Validation Set Test Set
Decis Tool Input Whole Decis Tool Input Whole
Llama 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
VIOTGPT (Llama) 84.05 61.96 81.60 60.13 89.44 41.85 7553 41.11
Vicuna 81.86 61.24 0.00 0.00 86.39 60.64 0.00 0.00
VIOoTGPT (Vicuna) 98.16 66.26 76.07 58.44 99.01 63.83 76.06 35.79

Table 3: Comparison of the single tool performance on vali-
dation and test sets of VIoT-Tool respectively.

Validation Set Test Set
Models
Decis  Tool Input Whole Decis Tool Input Whole
Llama 0.00  0.00 0.00 0.00 0.00  0.00 0.00 0.00
VIoTGPT (Llama)  88.72 76.33 76.67 7133 84.79 69.75 69.13 67.25
Vicuna 45.01 10.25 0.00 0.00 4738 8.00 0.00 0.00
VIoTGPT (Vicuna) 90.08 77.67 80.33 66.00 86.11 7438 69.75 52.00

Table 4: Comparison of interrelated tools performance on
validation and test sets of VIoT-Tool.

Validation Set Test Set
Models
Decis  Tool Input Whole Decis Tool Input Whole
Llama 0.00  0.00 0.00 0.00 0.00  0.00 0.00 0.00
VIoTGPT (Llama) 85.82 65.31 80.45 62.74 87.68 4835 74.04 47.20
Vicuna 67.93 4935 0.00 0.00 71.64 4837 0.00 0.00
VIOTGPT (Vicuna) 95.11 68.92 77.06 6020 94.13 66.29 74.59 39.59

Table 5: Comparison of tools performance on validation and
test sets of VIoT-Tool.

Experimental Results

Observations and Discussions

Baselines. Table 2 and Figure 3 report the main experi-
mental results. We found that Llama 7B without fine-tuning
could not follow the format requirements with the given
prompt, e.g., “Thought: Do I need to use a tool? Yes”, let
alone use the names of the tools correctly. Vicuna 7B with-
out fine-tuning performs better than Llama since it can make
correct decisions using “Thought: Do I need to use a tool?
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Yes” and even choose appropriate tools, but still cannot cor-
rectly query videos in the datasets and failed to accomplish
the whole process. We also apply the Vicuna 13B model
trained on GPT4Tools (Yang et al. 2023a) as the agent for
VIoT. However, it has been observed that this model yields
no significant gains compared to the original Vicuna model.
We speculate this is due to the different trained tools and the
video querying requirements of VIoT.

VIoTGPT. VIoTGPT models have achieved signifi-
cant performance improvement, as shown in Table 2. For
“Llama+IT”, we observed that the accuracy of whole re-
sponse Accy, , of single tool responses is mainly limited by
the accuracy of tool names a; ;, especially some fine-grained
differences, e.g., distinguishing license plate recognition and
vehicle re-identification, distinguishing gait recognition and
person re-identification. This limitation also hinders the per-
formance of “Vicuna+IT”. For “Vicuna+IT”, another inter-
esting observation is that, although it has invoked tools and
querying video knowledge correctly, it failed to return the
final feedback (just giving nothing back) to finish the whole
process A; ;.

ChatGPT. With powerful reasoning ability and in-
context prompts, ChatGPT showed strong performance on
the individual tool responses in the VIoT-Tool dataset, but
it still exhibited significant errors with the interrelated tools,
such as invoking tools repeatedly, using the wrong tools and
the wrong input, and failing to give final responses due to
hallucination. ChatGPT (few-shot) can achieve a nearly sat-
isfactory performance on single-tool responses. However,
challenges remain in interrelated tools. Despite this, the per-
formance still demonstrated the reliability of the VIoT-Tool
dataset and showed the excellent reasoning ability of Chat-
GPT, which is what we pursue in the closed system with
small-size agents without external APIs.

Additional Experimental Results. We present a compar-
ison of the performance of the validation set and the test
set. The experimental results are listed in Table 3, Table 4,
and Table 5. We found that there is still scope for improve-
ment on the validation set. The experimental evidence sug-
gests that the implementation of more powerful LLMs is
imperative to achieve better results. In addition, there ex-
ists a significant performance gap between the validation set
and the test set. It is evident that the performance gap is pri-
marily due to the semantic differences in human queries or
the diversity of queried knowledge videos. By identifying
and addressing these challenges in the future, VIOTGPT can
achieve better performance.

Conclusion

In this paper, we presented VIoTGPT, a framework that
trains LLMs as intelligent agents to interact with humans,
query knowledge videos, and activate vision models to com-
plete complex tasks for intelligent VIoT. We carefully con-
structed VIoT-Tool dataset to support VIOTGPT and future
research. Based on these, we observed promising results. We
believe scheduling perceiving models and analyzing videos
intelligently will lead VIoT into a bright and smart future.
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