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Today’s Learning Objectives

 Understand the fundamental difference between LLM-based and Agentic AI 
(AAI)-based systems.

 Explain the three core capabilities of AAI agents.

 Explain the difference between static and dynamic orchestration in multi-
agent AAI systems

 Understand how OpenClaw operationalizes the AAI techniques covered with 
a focus on continual operation.
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From Week 2: Key to ML 
Effectiveness
 Fundamentally, all AI models are math equations 

that extract a dataset’s patterns into its parameters. 

 Digitalization has increased the volume and 
complexity of data.

 Larger and more complex datasets contain more 
comprehensive and complicated patterns. 

 To be able to learn these patterns, AI models must 
also become more complicated. 
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From Week 3: Transformer (Overview)
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 Transformer models are designed to process entire 
text snippets simultaneously.

 Input (Embedding and Encoding): Textual datapoints 
tokenized with positional encodings

 Output: Two major components:
1. Encoder Block: Create latent representation of text
2. Decoder Block: Decode latent representation for task output

 Loss Function: Typically, the cross-entropy loss
 Parameters, and Optimization : Same as ANNs.

 Increased complexity from scaled Transformer 
architecture allows Large Language Models (LLMS) 
to “understand” natural language. 

1. 

2. 

Embedding 
and 

Encoding



Current Landscape of LLMs

 Access to pre-trained LLMs 
typically fall under two 
types:

 Closed-Source: Only allow 
users to interact with LLM 
via web applications or APIs

 Open-Source: Allow users 
to download full model 
weights and architectures
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Access Company Flagship Model(s) Parameters 
(Billions)

Best 
Capabilities

GPU Load 
to Run (GB)

Closed- 
Source

OpenAI GPT-5.5 2,500 Agents, 
General Chat

1,400

Alphabet 
(Google)

Gemini 
2.5 Pro 3,000 Agents, 

Multi-Modal
6,000

Anthropic Claude 
Opus 4.7 800 Agents, 

Coding
1,600

xAI Grok 5 1,500 Social 
Media

3,000

Open-
Source

Meta Llama4 
Scout 109 General 

Chat
220

Mistral AI
Mistral 
Medium 3.5 1,000 Efficient 

Running 2,000

Moonshot AI Kimi K2 1,000 Database 
Analysis 2,000

DeepSeek AI DeepSeek-R1 671 Efficient
Coding 1,350

Alibaba Qwen 3.6 1,000 Math, Image
Processing 2,000



From Week 3: Pretrained and Task 
Adaption
 LLMs are first pretrained with natural languages (e.g., 

Reddit, Wikipedia) to understand how human 
languages work. 

 These pretrained models are then finetuned on specialized 
data for certain tasks. 

 However, modern LLMs can have up to billions of 
parameters.

 It’s not realistic to finetune all of them.

 We need a parameter-efficient fine-tuning method.
 But is that even enough???
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Current Landscape of LLMs

 Even running modern LLMs require significant 
computing resources. 

 An Nvidia RTX 5090 only provides 32GB of GPU load. 

 Finetuning an LLM can require up to a trillion 
times more GPU load than running it!! 

 Also requires access to an LLM’s parameter, but the 
most capable LLMs are often closed-source.

 While techniques like quantization help reduce 
required GPU loads, training LLMs remains an 
expensive option for task adaption. 
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Agentic AI (AAI)

 Pretrained LLMs have demonstrated a good understanding of textual 
instructions as is

 Due to enormous parameter count and pretraining data.

 Consider: Reddit probably have examples of phishing and benign emails. 
 If LLMs are pretrained on these sources, they should have learned a “phishing vs benign 

email” pattern somewhere inside their billions of parameters. 
 With good scaffolding around it, pretrained LLMs can leverage its already-learned 

patterns to act like a finetuned phishing classifier.

 Agentic AI (AAI) is the framework that allows an LLM to autonomously 
observe and interact with an environment via its generated textual outputs.
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Agentic AI (AAI)

 AAI is a paradigm shift from traditional ML and DL. 
 We are revising tasks to what LLMs can understand 

with their pretrained capabilities instead of adjusting 
the parameters of an LLM to a task via finetuning!

 Scaffold Engineering: Building the system around 
an LLM (the AAI Agent) to accomplish tasks an 
LLM cannot by itself.
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Hey, go find and 
fix security flaws 

in my system

Hey, go find and 
fix security flaws 

in my system

While I can’t actually 
do that, here is some 
advice I can give …

Ok

LLM

LLM Integrated 
in an AAI Agent

VS

Ok



Agentic AI (AAI)

 While AI companies are constantly improving LLMs, AAI has significantly 
expanded what you can do with those LLMs. 
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Ongoing Python Example

 Python example: Phishing Website Detection with AAI
 Data: Phishing and benign websites
 Key Packages: Request, Anthropic (API), Transformer, OpenClaw

 Moving forward, we will be using the same python example throughout the 
entire lesson. 

 Each section in the Jupyter notebook will correspond to different AAI techniques
 The final sections will walkthrough how to setup an OpenClaw-based phishing detector 

on your system. 

 So, how does one design AAI systems?
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Designing AAI Agents

 Recall: LLMs are transformer models, which 
generates its output based on every part of 
textual input sequence simultaneously. 

 AAI techniques aim to optimally adjust the LLM’s 
input for desired outputs. System prompts are 
crucial for this.

 System Prompt: Elaborate instruction sets 
that controls how an LLM responds 

 Writing good system prompts can control an 
LLM’s output and bypass the need for training 
(Prompt Engineering).

 Core AAI Intuition: System prompts are the 
“parameters” of AAI systems. 
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Engineer a system 
prompt to …

… control 
how the 

LLM 
responds



Designing AAI Agents

 In an AAI framework, 
LLMs ingest textual 
inputs of three 
elements:

 System Prompt
 Trajectory: History of 

the conversation
 New Prompt

 The textual input’s 
formatting is handled 
with Chat Templates. 
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Apply Chat 
Template 

formatting



Designing and Improving AAI Agents

 Fundamentally, AAI agents choose actions based on three key capabilities:
 Memory: What information does the agent currently know?
 Planning: How does the agent decide its next action?
 Action Space: What actions are available to the agent?

 AAI techniques can be loosely categorized based on which capability they 
focus on improving. 
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Improving Agentic Memory: Few-Shot 
Prompting
 How do we improve the memory of an AAI agent for a task?

 Recall: LLMs are already pretrained with general language knowledge in its weights. 

 Suppose you are a senior analyst trained in Penetration Testing (PenTesting).
 Firms hire you to find vulnerabilities within their IT systems before adversaries can. 
 To PenTest, you enter a shell command and interpret (based on your experience and 

expertise) the CMD results to choose your next shell command. 
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Reconnaissance
Gathers information on 

target system’s vulnerabilities

NMAP scan reveals outdated 
Samba Software on port 445

Payload Configuration
Configure payload 

according to collected info

Bend Netcat Payload 
for exact Samba version

Execution
Leverage correct 

vulnerabilities to execute payload

Use the username map script 
exploit to execute payload 

Firm’s Vulnerable 
IT System

PenTester
(You)

Update your 
Samba to 

latest version



Improving Agentic Memory: Few-Shot 
Prompting
 Suppose you now must train a new 

hire who has some cybersecurity 
knowledge (i.e., pretrained brain) but 
no practical PenTesting experience. 

 How would you improve what the new 
hire knows (their memory)? 

 Consider: Show them what commands 
you would choose in a few example 
situations so they can reference your 
examples for future PenTesting tasks! 

 Few-Shot Prompting: Include specific 
examples in the system prompt to 
guide the LLM towards desired output. 
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Hey, I got port 445 
open with Samba 3.x. 

What should I do?

Because there is the 
username map script 
exploit for this version of 
Samba, I suggest an 
attempt to …

Few Shot 
Examples

Standard 
System 
Prompt

LLM is referencing 
and imitating the 

few-shot examples

References: Liu, P., Yuan, W., Fu, J., Jiang, Z., Hayashi, H. and Neubig, G., 2023. Pre-train, prompt, and predict: A systematic survey of prompting methods in natural 
language processing. ACM computing surveys, 55(9), pp.1-35.



Improving Agentic Memory: Retrieval 
Augmented Generation (RAG)
 LLMs can be highly dependent on the data used during its pre-training.

 If the training data is collected in 2023, it won’t know what happened in 2026.
 LLM might make up some incorrect facts (hallucination) because their pre-trained 

memory lacks the relevant information!

 Suppose you are training your new hire. Would you expect them to already 
know all the latest discovered vulnerabilities? 

 Would you even know as a senior PenTester?
 Consider: It may be more reasonable for you to consult relevant documentation (i.e., 

retrieve relevant information) as you choose your PenTesting command. 
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Improving Agentic Memory: Retrieval 
Augmented Generation (RAG)
 Retrieval Augmented 

Generation (RAG) injects 
retrieved, specific 
knowledge into the 
system prompt so that 
the LLM’s outputs are 
accurate and up-to-date.
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… CVE-2021-41773: Path 
traversal vulnerability in 
Apache 2.4.49 …

… Exploit confirmed: Can 
read sensitive files…

… Use curl or other tools 
to test for file read: 
/etc/passwd…

Snippet A (Apache Manual)

Snippet B (cve.org)

Snippet C (Technical Notes)
Hey, I got port 80 open 

with Apache 2.4.49 
What should I do?

Because CVE-2021-
41773 enables path 
traversal, consider 
attempting to read 
/etc/passwd using curl

Injected 
RAG Info.

References: Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N., Küttler, H., Lewis, M., Yih, W.T., Rocktäschel, T. and Riedel, S., 2020. Retrieval-augmented 
generation for knowledge-intensive nlp tasks. Advances in neural information processing systems, 33, pp.9459-9474.



Improving Agentic Planning: Reasoning

 As tasks grow in complexity, agentic planning becomes crucial. 
 Challenging to anticipate every edge case or multi-step pivot in a set system prompt → 

LLMs must think through challenging problems on their own. 
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 Suppose you are a PenTester 
that just finished a nmap scan 
of a vulnerable IT system. What 
is your next step?

 You would probably think for a 
few steps before choosing the 
next command based on those 
thoughts. 



Improving Agentic Planning: Reasoning

 LLM Reasoning prompts the LLM to generate its intermediate thoughts before 
its final output. Also referred to as Chain-of-Thought (CoT) prompting. 
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I scanned a web 
directory and found an 

env.bak file in root

Input Sequence

System:
You are an automated 
PenTesting assistant. 

THINK OUT LOUD

User: I scanned a web 
directory and found an 

env.bak file in root

Input Sequence

System:
You are an automated 
PenTesting assistant. 

THINK OUT LOUD

User: I scanned a web 
directory and found an 

env.bak file in root

Think: A .env file can have 
sensitive information

Input Sequence

System:
You are an automated 
PenTesting assistant. 

THINK OUT LOUD

User: I scanned a web 
directory and found an 

env.bak file in root

Input Sequence

System:
You are an automated 
PenTesting assistant. 

THINK OUT LOUD

User: I scanned a web 
directory and found an 

env.bak file in root

Think: A .env file can have 
sensitive information

Think: A .env file can have 
sensitive information

Think: The .bak extension 
indicates a backup file.

Think: The .bak extension 
indicates a backup file.

Think: Web admins can 
forget to secure backup 

files.

I suggest curl 
env.bak to verify if 

any credentials 
are exposed.

CoT 
System 
Prompt

The 
env.bak 

file seems 
important

LLM Output 
without 

Reasoning

References: Wei, J., Wang, X., Schuurmans, D., Bosma, M., Xia, F., Chi, E., Le, Q.V. and Zhou, D., 2022. Chain-of-thought prompting elicits reasoning in large language 
models. Advances in neural information processing systems, 35, pp.24824-24837.

System:
You are an automated 
PenTesting assistant. 



Improving Agentic Actions: Tool Use

 LLMs primarily interpret and generate text. 
However, text by itself cannot affect any 
changes.

 Consider: A malware’s source code remains just 
text until it is executed by a computer.

 Cybersecurity often require capabilities 
outside of text generation. Examples include:

 API lookup from malware signature databases.
 Executing PenTesting commands for command-

line responses. 
 Saving and opening local files.

21

This is all harmless text!!



Improving Agentic Actions: Tool Use

 Tool use enables LLMs to 
invoke tools with their 
generated outputs.

 Tools comprise of:
1. Snippets of code that is 

executable in an environment 
2. Textual description of the 

tool’s capabilities and 
arguments (Tool Definition). 

 AAI agent decides when to 
invoke the tool and what 
arguments to provide. 
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Tool Description Tool Code

Example Invocation 
(Generated by the LLM)

Descriptions 
of Other Tools



Combining Memory, Planning and Action: 
ReAct Procedure
 All three agentic capabilities synthesize into the ReAct (Reasoning + Action) 

procedure, where LLMs iteratively:

23References: Yao, S., et al., 2023. ReAct: Synergizing Reasoning and Acting in Language Models. In International Conference on Learning Representations (ICLR).

1. Generate thought
2. Invoke a tool
3. Observe the tool’s 

result
4. Add everything to the 

input sequence 
5. Repeat until task 

completion

 Most modern AAI agents 
follow this procedure. 



Combining Memory, Planning and Action: 
ReAct Procedure
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Tool Invocation:

What is the port 
445 service for 
45.33.32.156?

Input Sequence

System: You are an 
automated PenTesting 

assistant. Tools available: 
…

User: What is the port 
445 service for 
45.33.32.156?

Input Sequence

System:

User:

Think: I 
need a tool 
to scan IP 
addresses

Input Sequence

System:

User:

Think:

Tool Output:

Service is 
microsoft-ds

Tool Description (Loaded 
into Agent’s Memory)

Tool Code

Python environment 
runs nmap_scan with 
45.33.32.156 as input

nmap_scan 
function 

result

Step 1: Generate 
Thought

Step 2: 
Invoke Tool

Step 3: Observe 
Results

Step 4: Add 
to Input



Multi-Agent Systems

 Single AAI agents can handle tasks that are 
normally too complicated for standard LLMs. 

 Multi-Agent AAI systems can handle an even 
more complicated task by decomposing it 
into sub-tasks and assigning each to 
specialized agents. 

 Reduces the cognitive load for individual agents, 
resulting in better performance. 

 Consider: Most PenTesters specialize in 
certain areas and test for specific types of 
vulnerabilities.  
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Multi-Agent Systems

 Multi-Agent AAI systems can be categorized based on how their different 
agents interact with each other (Orchestration):

 Static Orchestration: Fixed number of agents that communicate in a set routine. 
 Dynamic Orchestration: An orchestration agent handles task decomposition, inter-

agent communications, and new agent creation. 

26References: Abou Ali, M., Dornaika, F. and Charafeddine, J., 2025. Agentic AI: a comprehensive survey of architectures, applications, and future directions. Artificial Intelligence Review, 59(1), p.11.



Static Orchestration: Context Management 

 With few-shot examples, RAG injections, 
reasoning thoughts, and tool definitions, an 
agent’s input sequence can rapidly increase. 

 Size of input sequences can reach thousands of 
tokens, especially for multi-turn conversations. 

 LLMs have fixed context windows and cannot 
ingest sequences that are longer than it. 

 ChatGPT-5.5 has a ~400K token context window
 Claude Opus 4.6 has a ~1 million token context window
 Gemini 2.5 Pro has a ~2 million token context window
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Input Sequence

System: 
You are an automated 
PenTesting assistant. 

User: I scanned a web 
directory and found an 

env.bak file in root

Input Sequence

System: 
You are an automated 
PenTesting assistant. 

THINK OUT LOUD

User: I scanned a web 
directory and found an 

env.bak file in root

Think: A .env file can have 
sensitive information

Think: The .bak extension 
indicates a backup file.

Think: Web admins can 
forget to secure backup 

files.

40 Tokens 73 Tokens

Almost a 2x increase for just 
one user prompt with a simple 

CoT system prompt and no 
RAG or tool definitions!



Static Orchestration: Context Management 

 To save on sequence length, AAI agents employ another agent as a memory 
manager to compress the input sequence. 
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Input Sequence

System: 
You are an automated 
PenTesting assistant. 

THINK OUT LOUD

User: I scanned a web 
directory and found an 

env.bak file in root

Think: A .env file can have 
sensitive information

Think: The .bak extension 
indicates a backup file.

Think: Web admins can 
forget to secure backup 

files.

Memory 
Manager 

Agent

Short-Term 
Memory:

env.bak file 
may have 

sensitive data

Long-Term 
Memory:

Pay attention 
to backup 

files

Compressed Input Sequence

System: 
You are an automated 
PenTesting assistant. 

Pay attention to backup files

User: I scanned a web 
directory and found an 

env.bak file in root

Think: env.bak file may have 
sensitive data.

Orchestration (Static):
User → Agent → Memory Manager → Update Sequence

References: 
• Xu, W., Liang, Z., Mei, K., Gao, H., Tan, J. and Zhang, Y., 2026. A-mem: Agentic memory for llm agents. Advances in Neural Information Processing Systems, 38, 

pp.17577-17604.
• Shinn, N., Cassano, F., Gopinath, A., Narasimhan, K. and Yao, S., 2023. Reflexion: Language agents with verbal reinforcement learning. Advances in neural information 

processing systems, 36, pp.8634-8652.

 Memory managers summarize 
long input sequences into two 
types of memory:

 Long-Term Memory: Knowledge that 
should be incorporated into how the 
agent approach future problems. 

 Short-Term Memory: Knowledge 
specific to this conversation. 



Static Orchestration: Automatic Prompt 
Refinement
 AAI systems need to respond and adapt to complex environments autonomously. 

 Would you like your new hire to ask you questions for every new PenTesting situation they 
find themselves in?

 Instead, the new hire should learn from his mistakes and update his approach to PenTesting 
accordingly on his own! 

 Recall: All AI models optimize by autonomously adjusting their parameters to 
minimize a loss function (mistake) via mathematical algorithms. 

 However, AAI’s “parameters” are its system prompts, which are textual. AI models have 
numeric parameters (ANN’s weights, K-mean’s centroid coordinates, etc.). 
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Static Orchestration: Automatic Prompt 
Refinement
 How can we automatically adjust system prompts to optimize an agent’s 

outputs (also textual)?
 Fortunately, we have a mathematical algorithm that inputs and outputs textual data: 

other agents!

 Automatic Prompt Refinement (APR) leverages a multi-agent system to 
improve one agent’s outputs by refining its system prompts with other agents. 

 APR defines three agents:
 Actor Agent: Generates action based on user input and is the agent being optimized.
 Evaluator Agent: Critiques the Actor Agent’s system prompt based on the action’s 

mistake.
 Reviser Agent: Rewrites the Actor Agents’s system prompt according to the Evaluator 

Agent’s critique. 

30
References: Shinn, N., Cassano, F., Gopinath, A., Narasimhan, K. and Yao, S., 2023. Reflexion: Language agents with verbal reinforcement learning. Advances in neural 
information processing systems, 36, pp.8634-8652.



Reviser AgentEvaluator AgentActor Agent

Static Orchestration: Automatic Prompt 
Refinement
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Initial Actor System 
Prompt:

Scan the target IP and 
identify any service 
versions that have 

known public exploits.

User Input:
Target: 192.168.1.50 

running OpenSSH 
8.2p1.

Generated Action:
No immediate public 

exploit found. Stop 
scan.

Correct Action:
No immediate public 

exploit found. Test with 
credential spraying

Action Critique:
The prompt assumes 
that the only path to 

entry is through a direct 
version-based exploit. In 

reality, even secure 
versions can be 

compromised via weak 
configuration or 

credential brute-forcing

Evaluator System 
Prompt:

Compare the 
generated and correct 

action. Identify the 
system prompt’s key 

mistakes and generate 
a concise explanation. 

Reviser System 
Prompt:

Revise the system 
prompt to address 

the failure described 
in the critique

Revised System 
Prompt:

Scan the target IP for 
version exploits. If no 
version exploits are 

found, attempt to 
identify 

misconfigurations or test 
for weak administrative 

credentials

Replaces Actor Agent’s 
Initial System PromptOrchestration (Static):

User → Actor → Evaluator → Reviser → Update Actor

References: Pryzant, R., Iter, D., Li, J., Lee, Y., Zhu, C. and Zeng, M., 2023, December. Automatic prompt optimization with “gradient descent” and beam search. In 
Proceedings of the 2023 conference on empirical methods in natural language processing (pp. 7957-7968).



Dynamic Orchestration: 
OpenClaw
 Dynamic Orchestration represent state-

of-the-art AAI systems. 
 Exact orchestration mechanisms are an 

active area of AAI research and outside the 
scope of this class. 

 For this class, we will focus on one of the 
most prevalent AAI system with dynamic 
orchestration: OpenClaw. 

 OpenClaw is a multi-agent AAI framework 
designed around continual operation. 

 Many capabilities discussed are exhibited via 
Markdown files (.md) that OpenClaw can 
generate, edit, and delete as it runs.
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 Significant OpenClaw Markdown files:
 Memory:

 USER.md: Stores context about the human user, including preferences and goals.
 MEMORY.md: Stores persistent memory, patterns, and important facts.
 IDENTITY.md: Specifies the agent's role, title, and organization
 skill.md(s): Specialized sets of instructions for certain tasks

 Planning:
 SOUL.md: Defines the agent's personality, beliefs, voice, and core principles.
 OpenClaw requires LLMs with reasoning capabilities and follows the ReAct procedure. 

 Action Space:
 TOOLS.md: Documents tools the agent can access.

 Dynamic Orchestration:
 AGENTS.md: Contains operational rules, security policies, and workflow conventions.
 HEARTBEAT.md: Defines scheduled, recurring tasks.

Dynamic Orchestration: OpenClaw

33

Orchestrator Agent 
can read/edit all of 

these files!

Can generate new 
skill.mds as needed

References: Steinberger, M., et al., 2026. OpenClaw documentation: Canonical technical reference for the open-source autonomous agent framework. OpenClaw. https://docs.openclaw.ai

Can create new 
agents/protocols as 

needed

https://docs.openclaw.ai/


Open-Source Agents

 A key aspect of OpenClaw agents is skills, or markdown files that contain a 
system prompt for certain tasks.

 Skills are a mixture between Tool Use and RAG prompts. 
 Each skill has a short description that the Orchestrator Agent parses. 
 Depending on the situation, the Orchestrator Agent will inject the skill into an agent’s 

system prompt, like RAG. 

 While the Orchestrator Agent can generate new skills, humans still provide 
the highest quality skills. 

 These skills can easily be shared and integrated into your OpenClaw systems via 
clawhub.ai

34
References: OpenClaw Project., 2026. ClawHub: The public skill registry and marketplace for open-source 
autonomous agents. OpenClaw Foundation. https://clawhub.ai



Open-Source Agents
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HEURISTIC_DETECTION.md



Open-Source Agents
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 Clawhub.ai also shares plugins, or standardized 
libraries for AAI tool use.  

 Sharing skills and plugins significantly lowers the 
difficulty of implementing OpenClaw-based systems.

 Example personal use cases:
 Notes manager
 File organizer
 Etc.

 Example cybersecurity use cases:
 Risk + vulnerability assessment
 Generalized OSINT web crawler
 Safeguarding against misalignment attacks



Open-Source Agents (Examples)
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Closed-Source Agents

 While OpenClaw is impressive, state-of-the-art 
capabilities still lie with closed-source agents. 

 Major AI providers also offer prebuilt AAI services:
 Google’s Gemini can access/interact with your drive 

files via RAG and Tool Use. 
 OpenAI’s Codex is a general-purpose agent interfaced 

with non-OpenAI tools. 
 Anthropic’s Mythos is a pentesting agent good enough 

to be banned as a national security threat
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Mixed-Source Agents

 Using closed-source agents could be expensive due to token costs from 
larger and larger input sequences. 

 Even open-source agents with closed-source LLM backends could get expensive fast

39

 Many AAI cybersecurity systems leverage 
a mixture of closed-source premium 
LLMs for difficult tasks and open-source 
local models for simpler tasks. 

 Choosing which LLM to use for which tasks 
requires an AI4Cyber analyst who 
understands the capabilities of each LLM 
(AI) and the nature of the task itself 
(cybersecurity).

References: Smith S., et al., 2026. Unlocking Agentic Value: A New Investment Discipline for the Agentic Era. 
Ernst & Young. https://www.ey.com/en_us/insights/ai/agentic-ai-token-costs



Review Questions

 What enables AAI-based systems to bypass finetuning for task adaptation?

 What are the three central capabilities of an AAI agent? How does all three 
interact with each other in the ReAct procedure?

 What are the two mission-critical tasks typically assigned to static 
orchestration systems?

 How is OpenClaw designed for continual operation? How does this design 
focus lead to open-source agents?
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Next Week
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Stakeholders

Context 
Identification

Data 
Extraction

AI-Enabled 
Analytics Operationalization

Task

Current 
Approaches

Current 
Limitations Data 

Preprocessing

Data 
Collection

Machine Learning

Generative AI

Deep Learning

Threat Analysis

Deployment

AI4Cyber 
Insights
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