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1 Introduction

This document contains instructions and information to setup and run the submitted artifact.
The project uses OpenAl model to implement an Agentic Al workflow to assign the HS
codes based on the description of the product.

2 System Requirements

2.1 Hardware

Operating System - Windows 10

Processor — Higer than 8" gen i3 processor.

RAM — at least 16GB

Stable Internet Connection with at least 1 Mbps speed.

2.2 Software

VS Code
Jupyter Notebook
GitHub (Link)

3 Environment Requirements

The project uses several packages in Conda environment, hence, to run the implementation
the following packages are required. To ease the package installation with any environment,
we have created a YAML file called environment.yaml which can be found in the root
directory of the project.

openai

chromadb

pandas

numpy

scikit-learn

tqgdm

matplotlib

seaborn

The YAML file can be executed with the following command

e conda env create -f environment.yaml
e conda activate llms


https://github.com/GawthamW97/Agentic_AI_Compliance_Project

4 Project Structure

AGENTIC_AI_COMPLIANCE PROJECT [ 8 C I

v [ Agentic
> W9 __pycache__

e agentic_default.py
# agentic_evaluation_pipeline.py
e agentic_hierarchy.py
¢ agentic_main.py
e agentic_pipeline.py
Bl anaconda_projects
B dataset

Bl Metrics
Ml output
s [ RAG
> B9 _pycache__
e embedder.py
e hierarchy_embedder.py
e rag_default.py
@ rag_evaluation_pipeline.py
¢ rag_main.py
e rag_pipeline.py
> I vector_db
> R
T+ .env
.gitignore
Data.ipynb
environment.yml|
Evaluation_visualization.ipynb
Final Visualizations.ipynb
@ generate_description.py
© README.md




The RAG and Agentic Al implementation are stored in separate folder called “RAG” and
“Agentic” respectively. The “rag main.py” and “agentic main.py” will contain the
respective experiments

S Dataset

Below are the sources of the dataset,
e Dataset 01 - https://github.com/datasets/harmonized-
system/blob/main/data/harmonized-system.csv

e Dataset 02 - https://oec.world/en/product-landing/hs

e Synthetic Dataset - ./dataset/synthetic_product descriptions.csv (in the project artifact
dataset folder)

e Datasest 01 (root) - ./dataset/harmonized-system.csv

e Dataset 02 (root) - ./dataset/hs_product_classification.csv
The dataset used in the project can also be found under the “dataset” folder. If a different
dataset needs to be tested with this implementation, the dataset should contain the two

columns “hscode”, “description”.

5.1 Generating Synthetic Dataset

Following implementation was used to generate the synthetic data.

ort load_dotenv
load dotenv()
client = AT (api_key=os.environ[ "
hs_df

0 astype("intea")
hs_df.sample(n=10@, random state=42)

records = []
for _, row in hs_df.iterrows():

prompt
Y ic product c iptions for international trade datasets.

ions that might appear in real sales or impo!

Programatiically we selected 100 HS code randomly and generated sales like description for
them. Each HS code description were used to create 3 different product descriptions to
introduce variability within the dataset. The screenshot below shows the prompt that was
used to generate the sales like descsription dataset using HS code description


https://github.com/datasets/harmonized-system/blob/main/data/harmonized-system.csv
https://github.com/datasets/harmonized-system/blob/main/data/harmonized-system.csv

for _, row in hs_df.iterrows():

national trade d

response = client.chat.completions.create|(|

messages= le™: "us "c t": prompt}],
temperature=0.6,

)|

content = response.choices[@].message.content.strip()

6 Running the project

Once the environment is set up, you will need to activate the environment. You will have to
first execute the embedding process to create the HS collection in ChormaDB first. The final
artifact that was submitted contains the setup for the final stage of the experiment.

6.1 Embedder.py

e ding functions
t load dotenv
rt tqdm
pd

load dotenv()
client = OpenAI()

create embeddings(collection name):

.

client = chromadb.Persistentclient(path=f" ‘collection_name}")

openai ef = ing fu io IEmbeddingFunction(
model name

)

collection = client.get or create collection(
name=collection_name,
embedding_function = openai_ef

Run this python file with the command “python .\RAG\embedder.py”



and once the collection have been created, you can start testing or experimenting with the
implmentation by running the following files.

e Python .\RAG \ rag_main.py
e Python .\Agentic\ agentic_main.py

6.2 rag_main.py

aluation_pipeline import main_RAG_Evaluation, main_RAG_LLM Evaluation

main RAG Evaluation("./c

main RAG LLM Evaluation("./da

main RAG Evaluation("./c

main RAG LLM Evaluation("./

This file will contain the RAG and RAG with LLM experiments that are ready to run. I
would advise to run each function one by one to avoid heavy memory consumption and
latency issues.

The numeric value passed in the evaluation function is the number of retrievals the RAG will
fetch from vector Database. By changing the value, you can experiment with different
retrieval depth and measure the performance of different methodology.

6.3 Agentic_main.py

Agentic > "¢ agenti
i = uation pipeline import evaluate agentic pipeline

evaluate agentic pipeline("./datas ' v",top k=20)

12 evaluate agentic pipeline("./dataset/synthetic product ¢ riptions.csv"”,top k=20)




This file will contain the Agentic experiments that are ready to run. I would advise to run
each function one by one to avoid heavy memory consumption and latency issues.

7 LLM Prompts

7.1 agentic_default.py

In file agentic default.py you will find the prompts we used for agentic Al. Below is a
screenshot of Reasoning agent.

reasoning_module(product_desc, candidates):

t the suitable HS from the
queri

context = "\n".join([f"{c[ 'rank']}. 'hs_code']}: {c['description’]} (simila
prompt '

ent™: prompt}],
temperature=0.0

You can modify the prompt to experiment the behaviour of the agent. The temperature of the
model can also be modified. The reflection agent also can be found in the same file.

reflective_correction(product desc, candidates, prev_result, error_msg):

tion attempt fail alidation

on: "{product_desc}"

candidates, indent=2)}
on: "{prev_result['justification’]}"

ersist the entir




7.2 rag_default.py

Like the Agentic component, for RAG we have implemented the LLM for which we have
created prompt to select the HS code from the retrieval bundle.

py

&) classify_with_llm

-lassify with 11lm(code desc, collection,model="gpt-40-mini”,k=5):

candidates = get hs_candidates(code_desc,k,collection=collection)

context = .Join([
t"{c['rank’]}. {c['hs_ "1}: {c['description’]} (similarity: {c['similarity’]:.af})"
for ¢ in candidates

D)

cation assistant.
{code_desc}".

Based on the following HS
{context}

matches the product description.

response = client.responses.create(
model=model,
input=prompt,
temperature=0.1

7.3 .env

In the environmental file of the project, we have stored the OPENAI Api key with the key value
“OPENAI API KEY”. Don’t share the API key with anyone who is not involved in the project. The
API has 10000 call per day limitaion.

8 Output

The output of the process can be seen in the terminal where you execute the python files

8.1 Agentic flow output

Samples: 300

Top-1 Accuracy: ©.7233
Top-20 Accuracy: ©.7233
Precision: ©.5298

Recall: ©.4386

F1 Score: ©.4631

Total Evaluation Time: 856.99 sec

Avg Latency: 2.8566 sec/sample

CSV Log: ./logs/agentic logs\agentic eval 20251210 108624.csv
JSOML Log: ./logs/agentic logs\agentic eval 20251210 100624.jsonl




The logs can be found in the folder indicated in the screenshot. The CSV file will contain the
evaluation metric values and the JSONL will contain the prediction resutls.

8.2 RAG flow output
(1lms) PS C:\Users\Asus\Desktop\Study\Msc DA\Research\Arti

Evaluation Results
Total samples: 300
Top-1 Accuracy: ©.5767
Top-3 Accuracy: ©.7867
Precision (macro): ©.3947
Recall (macro): ©.3835
F1 Score (macro): ©.3311

9 Hierarchical Retrieval Flow (optional)

You will need to first embed the HS code from dataset 01 with a hierarchical order of 2-dgit
codes, 4-digit codes and then 6-digit codes. The “hierarchy_embedder.py” file contains the
logic for it.

9.1 hierarchy embedder.py

df = pd.read_csv("./dataset/harmonized

client = OpenAI()
chroma_client = chromadb.PersistentClient(path="./

openai_ef = embed fu I ngFunction(

model n te i
api_key = os.e

collections = {
2: chroma_client.get_or_create_collection(name=" s_2d", embedding_function=openai_ef)
4: chroma_client.get_or create_collection(name embedding_function=openai_ef) |
6: chroma_client.get_or_create_collection(name , embedding_function=openai_ef)

Once the embedder succussfully create the Hierarchically structured HS code in vector space,
we can excute the experiment to get the results.



9.2 rag main.py
ic_pipeline,evaluate_a ic_hierarchy

print ("L

evaluate_agent as ¢ ,top k=20)

evaluate_agentic / est 15_C ",top k=20)

print("synth

evaluate_igentiE i thetic_ ct ~iption ,top_k=28@)

In rag_main.py file you will have to import the function “evaluate_agentic_hierarchy” and
pass the parameter as shown in the screenshot below.

You can comment the other experiments if needed. Then you can run the rag_main.py file
and wait for the results to show. (The hierarchical retrival is heavy in latency and
computaion, it took around 2 hours to produce results with 1000 HS Code test in my local
machine)

The log path for the outcomes is in the following folder from the root directory
J/logs/agentic_hier logs/

10 Data Cleaning

The data cleaning process and test dataset generation can be found in Data.ipynb file

= Dataipynb > @ df = pd.rea a d X
% Generate + Code -+ Markdown © RunAll O Restart ear All Outputs Jupyter Variables = Outline -

import pandas as pd

df = pd.read_csv("./d

df .head()

section hscode description parent level
| 1 Animals; live TOTAL 2
101 Horses, asses, mules and hinnies; live 1
10121 Horses; live, pure-bred breeding animals

10129 Horses; live, other than pure-bred breeding an...

10130 Asses; live

d.to_numeric(df["




11 Data Visualization

~ Final Visualizations.ipynb > & pltfigure(figsize=(8,6))

¥ Generate + Code -+ Markdown £ RunAll O Restart = Clear All Outputs Jupyter Varia

S pd
lib.pyplot as plt

df = pd.read excel("./Metrics/Final Metric: x" ,sheet name=["RAG","LLM"])
rag df = pd.read csv(".
rag df

Case K Sample Top-1 Top-K Precision Recall F1 Score
Case 01 3 1000 09770 1.0000 0.9550 0.9550 0.9550
Case 03 1000 0.7580 0.9330 06147 0.6239 06177
Case 05 300 05667 0.7800 3886 0.2936 03218
Case 01 1000 09760 1.0000 0.9531 09531 0.9531
Case 03 1000 0.7580 0.9690 06147 06239 06177
Case 05 300 05667 08767 3886 0.2936 03218
Case 01 1000 09760 1.0000 09531 09531 0.9531
Case 03 1000 0.7580 0.9840 0.6147 06239 06177
Case 05 300 0.5700 0.9333 03906 0.2969 0.3250

The visualization of the results are done in “Final Visualizations.ipynb” file
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