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Abstract: This paper presents a novel cloud-native conversational business intelligence platform that integrates Large Language
Models with real-time sales analytics and machine learning-based forecasting capabilities. Traditional business intelligence
systems require technical expertise and predefined queries, limiting accessibility for business users. Our solution addresses this
gap by implementing a natural language interface powered by Groqg's Llama 3.1 70B model, enabling non-technical
stakeholders to extract insights through conversational queries. The system architecture employs AWS serverless technologies
including Lambda functions for data ingestion and processing, S3 for scalable data lake storage, APl Gateway for RESTful
endpoints, and AWS Glue for ETL operations. Real-time data ingestion captures sales transactions immediately, while batch
processing aggregates historical data daily. The platform incorporates Facebook Prophet algorithm for time-series forecasting
with confidence intervals spanning 30, 60, and 90-day horizons, capturing daily, weekly, and yearly seasonality patterns. The
conversational Al component analyzes aggregated sales data across 785 days comprising 14,486 transactions totaling 8.5 million
dollars in revenue, providing intelligent responses to queries about regional performance, product trends, and category analytics.
A dual-mode Streamlit dashboard enables seamless switching between local CSV analysis and cloud-based AWS data sources,
featuring interactive Plotly visualizations, date range filters, and real-time AWS data ingestion capabilities. The system
demonstrates production-ready scalability while maintaining cost-effectiveness through AWS Free Tier utilization and Streamlit
Community Cloud deployment. Evaluation metrics show ultra-fast LLM inference at 500 tokens per second and accurate
forecasting with minimal mean absolute percentage error, validating the platform's effectiveness for enterprise sales analytics
and strategic decision-making.

Keywords: Conversational Business Intelligence, Large Language Models, Real-Time Analytics, Sales Forecasting, AWS
Serverless Architecture, Grogq LLM, Prophet Algorithm, Natural Language Processing

I. INTRODUCTION
Business intelligence and analytics have traditionally been confined to technical users capable of writing SQL queries or navigating
complex dashboard interfaces. This limitation creates a significant barrier for business stakeholders who possess domain expertise
but lack technical skills. The emergence of Large Language Models (LLMs) presents an unprecedented opportunity to democratize
data access through natural language interfaces, enabling conversational interactions with enterprise data systems.
Real-time sales analytics requires robust infrastructure capable of handling high-velocity data streams while maintaining low
latency for decision-making. Cloud-native architectures, particularly AWS serverless technologies, provide the scalability and cost-
effectiveness necessary for modern analytics platforms. However, integrating conversational Al capabilities with real-time data
processing pipelines presents unique technical challenges in terms of data synchronization, query optimization, and response
accuracy.
This paper introduces a comprehensive platform that addresses these challenges by combining Grog's ultra-fast LLM inference
engine with AWS serverless data processing, Facebook Prophet forecasting, and an intuitive Streamlit interface. Our contributions
include: (1) a serverless architecture for real-time sales data ingestion and processing, (2) integration of conversational Al for
natural language query processing, (3) machine learning-based demand forecasting with uncertainty quantification, and (4) a dual-
mode dashboard supporting both local and cloud data sources.

Il. LITERATURE SURVEY
Recent advances in natural language processing and business intelligence systems have paved the way for conversational analytics
platforms. This section reviews key contributions in LLM-based querying, time-series forecasting, and cloud-native analytics
architectures.
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TABLE | COMPARATIVE ANALYSIS OF RELATED WORK

Reference Approach Key Features Limitations Year
Chen et al. [1] GPT-based SQL | Natural language to SQL | Limited to  structured | 2023
generation conversion queries, no forecasting
Kumar et al. [2] Prophet for retail | Time-series prediction | No conversational | 2022
forecasting with seasonality interface
Zhang et al. [3] AWS Lambda | Serverless real-time | No Al-powered insights 2023
analytics processing
Patel et al. [4] RAG-based BI system | Context-aware LLM | High latency, limited | 2024
responses scalability
Our Work Integrated LLM + ML | Conversational BI, real- | Requires Groq API key 2026
forecasting time processing, dual-
mode operation

1. PROPOSED SYSTEM
A. System Architecture
The proposed system implements a multi-layered serverless architecture deployed on Amazon Web Services. The architecture
comprises five primary layers: user interface, APl gateway, serverless compute, storage and ETL, and machine learning inference.
Figure 1 illustrates the complete system architecture and data flow between components.

System Architecture: Conversational Bl Platform

User Interface APl Gateway
(Streamlit Dashboard) (AWS)
Lambda Lambda Lambda
Ingest Batch GenAl
S3 Data Lake AWS Glue Athena
(Raw/Processed) (ETL) (sQL)
Prophet ML Groq LLM (Llama 3.1 70B)
(Forecasting) (Conversational BI)
Analytics Dashboard Al Insights
(Visualizations) (NL Responses)

Fig. 1 System Architecture: Conversational Bl Platform

B. Data Ingestion Pipeline

Real-time data ingestion is achieved through AWS API Gateway RESTful endpoints that trigger Lambda functions. Each sales
transaction is validated, timestamped, and stored in S3 using a partitioned structure (raw/sales/YYYY/MM/DD/) for efficient
querying. Batch processing occurs daily at 2 AM UTC via EventBridge scheduling, aggregating raw JSON data into CSV format for
downstream analytics. The system processes an average of 18.5 transactions per day with sub-second latency.
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C. Conversational Al Implementation

The conversational interface leverages Grog's cloud infrastructure running Llama 3.1 70B, a state-of-the-art open-source language
model. The system implements a two-phase approach: (1) data retrieval from S3 aggregated sales data, and (2) LLM-based analysis
and response generation. Queries are processed with contextual sales data embedded in the prompt, enabling accurate interpretation
of business metrics such as revenue trends, regional performance, and product analytics. The Groq inference engine delivers
responses at approximately 500 tokens per second, significantly faster than traditional API-based LLMs.

D. Forecasting Module

Time-series forecasting employs Facebook Prophet algorithm, specifically designed for business time-series data with multiple
seasonality patterns. The model is trained on historical sales data spanning 785 days, capturing daily, weekly, and yearly seasonal
components. Forecasts are generated for three horizons (30, 60, and 90 days) with 80% and 95% confidence intervals. The Prophet
model automatically handles missing data, outliers, and holiday effects, making it robust for real-world deployment.

V. IMPLEMENTATION
The platform is implemented using Python 3.9+ with key dependencies including Streamlit for web interface, boto3 for AWS
integration, pandas for data manipulation, prophet for forecasting, and grog SDK for LLM inference. The frontend dashboard
supports dual-mode operation, allowing users to switch between local CSV analysis (785 days, 14,486 records) and cloud AWS data
sources. AWS Lambda functions are deployed with 512MB memory allocation and 60-second timeout limits. CloudFormation
infrastructure-as-code templates ensure reproducible deployments across environments.

TABLE Il TECHNOLOGY STACK COMPONENTS
Layer Technology Purpose

Cloud Infrastructure

AWS Lambda, APl Gateway, S3

Serverless compute and storage

Data Processing

AWS Glue (Spark), Athena

ETL and SQL analytics

LLM Inference

Groq Cloud + Llama 3.1 70B

Conversational Al

ML Forecasting Facebook Prophet
Frontend Streamlit, Plotly

Data Management Pandas, Parquet, CSV
Environment Python 3.9+, boto3, dotenv

Time-series prediction
Interactive dashboard
Data manipulation
Runtime and configuration

V. RESULTS AND DISCUSSION

The platform was evaluated using 785 days of sales data comprising 14,486 transactions across multiple product categories and
regions. The conversational Al component achieved an average query response time of 1.2 seconds, with Grog LLM generating
insights at 500+ tokens per second. User queries such as "Which region has highest sales?" and "Top 5 products by revenue" were
answered accurately with detailed analytical breakdowns.

Prophet forecasting models demonstrated strong predictive performance with Mean Absolute Percentage Error (MAPE) of 8.3% for
30-day forecasts, 11.7% for 60-day forecasts, and 15.2% for 90-day forecasts. The model successfully captured weekly seasonality
patterns and handled outliers during promotional periods. Confidence intervals provided valuable uncertainty quantification for
business decision-making.

The AWS serverless architecture maintained operational costs below $15 per month under AWS Free Tier limits, demonstrating
significant cost advantages over traditional always-on infrastructure. Lambda cold start times averaged 800ms, with warm execution
completing in under 100ms. S3 data lake storage scaled effortlessly to accommodate growing transaction volumes without
performance degradation.

VI. CONCLUSION
This paper presented a production-ready conversational business intelligence platform integrating LLM-powered natural language
interfaces with real-time sales analytics and machine learning forecasting. The system successfully demonstrates that cloud-native
serverless architectures can deliver enterprise-grade analytics capabilities while maintaining cost-effectiveness and scalability.
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The integration of Groq's ultra-fast LLM inference with AWS data processing pipelines enables business users to extract insights

through natural conversation, eliminating techn

ical barriers to data-driven decision-making.

Future work includes implementing multi-modal analytics combining text and visualization in Al responses, fine-tuning domain-
specific LLMs for industry verticals, and extending forecasting capabilities to include causal impact analysis and anomaly detection.
Additionally, integration with enterprise data warehouses and support for streaming analytics at sub-second latency represent

promising research directions.
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