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Abstract - This paper describes an Autonomous AI 

Interview Platform built to reduce the high cost and manual 

effort involved in traditional HR screening. The system runs 

on a three-tier architecture—React 19, FastAPI, and a 

dedicated AI Engine—and automates three core tasks: 

resume screening, question generation, and answer 

evaluation. The screening phase uses NLP and Sentence-

BERT to achieve 85% matching accuracy, while Cerebras 

LLMs produce interview questions tailored to each 

candidate’s profile. Audio responses are transcribed by 

Groq-hosted Whisper STT with median latency below 

600ms, enabling real-time scoring. A weighted composite 

model aggregates scores across resume quality, skills, and 

interview performance to generate decision bands for HR 

review. Interview integrity is enforced through OpenCV face 

detection and tab-switch logging. Under a load of 50 

concurrent users, the system recorded a 0.02% error rate. 

The platform cuts HR screening effort by 70% and reduces 

per-session costs to approximately $0.15–$0.25. Future 

plans include cloud deployment on AWS and Render. 

 

Key Words: Artificial Intelligence (AI), Automated 
Recruitment, Large Language Models (LLM), Natural 
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1. INTRODUCTION 
 

Over the past decade, advances in artificial intelligence, 
machine learning, and natural language processing have 
reshaped how organizations find and evaluate talent [1]. 
Hiring at scale remains expensive and slow: according to 
SHRM, the average cost-per-hire in the United States 
exceeds $4,700, and positions stay open for 42 days on 
average [3]. These pressures have driven interest in 
automated recruitment tools that can screen and evaluate 

candidates without requiring proportional increases in 
recruiter time [2]. 

 
Applicant Tracking Systems (ATS), which date to the 

1990s, were the first attempt at automating resume 
filtering. Early versions used rule-based keyword 
matching, and they had a well-known problem: qualified 
candidates whose resumes used non-standard formatting 
were often rejected outright [4][5]. Transformer-based 
language models have since made it possible to screen 
resumes by semantic meaning rather than surface-level 
keyword overlap, substantially improving the accuracy of 
automated screening [6]. 

 
NLP has become central to modern automated 

recruitment, allowing systems to extract meaning from 
unstructured documents such as resumes, cover letters, 
and job postings [7]. Sentence-BERT (SBERT), developed 
by Reimers and Gurevych (2019), generates dense 
sentence embeddings that support accurate semantic 
similarity computation between job descriptions and 
candidate profiles [8][9]. 

 
Large Language Models have broadened what 

automated recruitment can do. Models like GPT-4, LLaMA, 
and the Cerebras CS-3 can generate interview questions 
grounded in a candidate’s profile, evaluate responses, and 
return structured scoring rationales [10]. Cerebras’ 
inference hardware runs LLM requests fast enough for 
real-time interview interaction, which was not practical 
with earlier infrastructure [11]. 

 
Speech-to-text accuracy has improved substantially. 

OpenAI’s Whisper model transcribes speech with near-
human accuracy across a range of accents and recording 
conditions [12]. Groq’s LPU infrastructure brings STT 
inference latency below one second, which makes voice-
based interview evaluation practical at enterprise scale 
[13]. Together, Whisper’s accuracy and Groq’s speed make 
real-time spoken response evaluation feasible in 
production. 
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Despite these individual advances, few systems have 
combined resume screening, question generation, and 
answer evaluation into a single, deployable platform [14]. 
Caldera et al. (2023) demonstrated the concept with their 
Interview Bot, which used CNN-based emotion analysis 
and sentiment detection to achieve 70–80% accuracy on 
component tasks [15]. That work, however, did not 
address scalability or the cost efficiency needed for large-
scale deployment. 

 
Bias in AI-driven hiring is a growing area of concern 

[16]. Models trained on historical hiring data can 
perpetuate demographic disparities unless they are 
audited for fairness [17]. The EU AI Act (2024) and EEOC 
guidance on AI in employment now impose explicit 
requirements on automated hiring tools, making fairness 
auditing and explainable scoring mechanisms essential 
design considerations rather than optional enhancements 
[18][19]. 

 
Computer vision-based proctoring is well established in 

educational assessment [20], but recruitment introduces 
different constraints. Monitoring must be lightweight, 
privacy-respecting, and free from the continuous video 
recording that candidates typically find objectionable [21]. 
OpenCV provides the primitives needed to implement face 
detection and behavioral logging locally, without relying 
on third-party cloud vision services [22]. 

 
On the engineering side, FastAPI has become a practical 

choice for Python-based AI backends: it handles requests 
asynchronously, auto-generates OpenAPI documentation, 
and validates inputs through Pydantic [23]. React 19’s 
concurrent rendering and Suspense-based data fetching 
complete the stack, enabling a responsive interface that 
keeps pace with the platform’s real-time inference 
pipeline [24]. 

 
This paper presents an Autonomous AI Interview 

Platform that brings all three phases together in one 
deployable system. The contributions are: (1) a validated 
three-phase pipeline with documented performance 
metrics; (2) a weighted composite scoring model with 
defined decision bands; (3) an OpenCV-based proctoring 
module; (4) a cost analysis showing a 90% reduction in 
per-interview expenses compared to commercial 

alternatives; and (5) a hiring funnel analysis quantifying a 
70% reduction in HR screening effort. 
 

2. SYSTEM ARCHITECTURE 
 
The platform uses a three-tier client-server architecture 
that separates presentation, business logic, and AI 
inference into distinct layers [23]. Each layer can be scaled 
or updated independently, so changes to one component 
do not cascade through the rest of the system. 
 
Frontend (React 19): The user interface is built in React 
19, using concurrent rendering and Suspense for 
asynchronous data loading [24]. Separate portals serve HR 
administrators and candidates, covering job creation, 
resume upload, interview scheduling, and live score 
dashboards. 
 
Backend (FastAPI): The application server runs on 
FastAPI, with asynchronous endpoint handling through 
Python’s asyncio, auto-generated OpenAPI documentation, 
and Pydantic validation [23]. RESTful endpoints cover all 
platform functions: authentication, resume processing, 
interview session management, and score retrieval. 
 
AI Engine: The AI Engine coordinates calls to external 
services—the Cerebras LLM API for question generation, 
the Groq Whisper API for transcription, and local Sentence-
BERT embeddings for resume matching. It includes retry 
logic, timeout management, and result caching to handle 
the variability inherent in third-party inference services. 
 
Authentication uses JSON Web Tokens (JWT), providing 
stateless session management with configurable token 
expiry [25]. Role-based access control separates 
permissions for administrators, recruiters, and candidates. 
SQLite handles data persistence in development 
environments,  
 
The architecture diagram (Fig. 1) shows data flowing from 
the candidate-facing React interface through the FastAPI 
layer to the AI Engine and external services. Asynchronous 
message passing means that long-running inference tasks 
do not stall other active sessions. 
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3. THREE-PHASE AI PIPELINE 
 
The platform’s central technical contribution is a 
sequential three-phase pipeline that automates the full 
interview evaluation workflow. Each phase is 
independently testable and produces structured outputs 
that feed directly into the next stage. 
 

3.1 Phase 1: Resume Screening 
 
Resume screening uses a multi-stage NLP pipeline. Apache 
Tika parses PDF and DOCX files into plain text, which is 
then segmented into sections (Education, Experience, 
Skills, Projects) using a heuristic detector trained on 
10,000 resumes [8]. Section content is encoded into 768-
dimensional sentence embeddings using the paraphrase-
mpnet-base-v2 variant of Sentence-BERT [8]. Job 
description embeddings are produced the same way, and 
cosine similarity yields a match score in [0, 1]. The 
screening phase achieves 85% accuracy on a held-  out test 
set of 500 resume-job pairs, compared to a human expert 
baseline.  
 

 
 

 
 
 

Phase 2: Question Generation 
 
Question generation is handled by the Cerebras Llama-3.3-
70B model via the Cerebras Cloud SDK [11]. A structured 
prompt supplies the job title, required skills, experience 
level, and a resume summary. The model returns 8–12 
domain-specific questions per interview, organized by 
category (Technical, Behavioral, Situational). Questions are 
stored against the session record, and the sequence is 
randomized per candidate to limit answer sharing between 
applicants. 
 

Phase 3: Answer Evaluation 
 
Candidate audio is captured in the browser via the 
MediaRecorder API and streamed to the FastAPI backend 
as WebM chunks [13]. The Groq Whisper large-v3 model 
transcribes each response with a median latency of 600ms 
[13]. The transcription is then scored by the Cerebras LLM 
using a rubric-based prompt. The model returns a 
structured JSON object with scores across four dimensions: 
Relevance (40%), Completeness (25%), Clarity (20%), and 

Fig - 1: System Architecture - Three-Tier Design 

Fig - 2: System Architecture - Flowchart 
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Time Fit (15%), which are combined into a per-question 
interview score. 
 
Table -1: Three-Phase Pipeline Specifications 
 

 
4. SCORING MODEL AND DECISION BANDS 
 
The final candidate score is a weighted average of four 
independent dimensions, each reflecting a different aspect 
of candidate suitability. The weights were calibrated 
against HR expert consensus ratings on 200 historical 
candidate evaluations. 
 
Resume Score (35%): Taken from the Phase 1 cosine 
similarity score, adjusted for the completeness and recency 
of listed qualifications.  
 
Skills Score (25%): Computed through keyword and 
semantic matching of the candidate’s listed skills against 
job requirements, drawing on a taxonomy of 15,000 
technology and domain skills.  
 
Interview Score (25%): Aggregated from the per-
question LLM scores across the four rubric dimensions 
described in Phase 3.  
 
Communication Score (15%): Computed from speech 
quality metrics—speaking pace, filler word frequency, and 
response completeness—as assessed through the STT and 
LLM pipeline. 
 
The composite score C is computed as: C = 0.35·R + 0.25·S 
+ 0.25·I + 0.15·M,  
where R = Resume Score, S = Skills Score, I = Interview 
Score, and M = Communication Score.  Decision bands are 
applied as follows: 
 
 

Table -2: Decision Bands by Composite Score Range 

 
The band thresholds were set to match historical selection 
rates at partner organizations. Candidates in the Excellent 
band correspond to those that HR teams historically 
advanced to final-round interviews at a rate of 80% or 
above. 

5. PERFORMANCE AND LOAD TESTING 
 
Performance was measured with Locust, an open-source 
Python load testing framework. Test scenarios simulated 
complete interview sessions covering resume upload, 
question rendering, audio submission, and score retrieval. 
 
Median STT latency was 600ms per 30-second clip, with a 
95th-percentile of 950ms under load. LLM scoring through 
Cerebras averaged 1,500ms per question. Under 50 
concurrent users, API response times remained stable and 
showed no degradation beyond the baseline inference cost. 
The system recorded a 0.02% error rate across 50,000 
simulated API calls. 
 
Memory utilization peaked at 1.2 GB per worker instance 
during concurrent audio processing, well within the 
capacity of a standard 2-vCPU/4 GB instance. Because 
architecture supports horizontal scaling through load-
balanced worker pools, the platform can handle thousands 
of simultaneous interviews without structural changes. 

 
 
 
 
 
 
 
 
 
 

Phase Technolog
y 

Input Output Accuracy 

 

Resume 
Screening 

Sentence-
BERT  

PDF/DOC
X Resume 

Match 
Score  

85% 
accuracy 

Question 
Generatio

n 

Llama-3.3 
(Cerebras) 

Job 
Descriptio

n + 
Resume 

8–12 
Questio

ns 

~1200ms 
per set 

Answer 
Evaluatio

n 

Groq 
Whisper + 
Cerebras 

LLM 

Audio 
(WebM) 

Score 
JSON (4 
dims) 

600ms STT 
+ 1500ms 

LLM 

Band Score 

Range 
HR Action Estimated 

% 

Excellent 80–100 Immediate 

shortlist 
~8% 

Good 60–79 Secondary 

review 
~22% 

Average 40–59 Pool for future 

roles 
~35% 

Reject 0–39 Automated 

rejection 
~35% 
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Table -3: API Endpoint Performance (50 Concurrent 
Users) 

 

6. INTELLIGENT PROCTORING 
 

Interview integrity is maintained by a lightweight 
proctoring module that runs on both the client and server 
without requiring proprietary cloud vision APIs. Rather 
than storing continuous video recordings, the module logs 
anonymized behavioral events. This keeps storage 
overhead low, reduces the computational load on the 
central server, and avoids the privacy concerns associated 
with full-session video retention. 
 
Face detection uses OpenCV’s Haar Cascade classifier, 
running inside a browser Web Worker so that it does not 
block the main UI thread or cause stuttering during the 
session [22]. The detector checks for face presence at two-
second intervals, and its low computational footprint keeps 
it responsive even on older or lower-powered hardware. A 
face absence lasting more than five consecutive seconds 
triggers a warning event; repeated absences are flagged for 
HR review. Tab switches are logged via the browser’s 
visibility change API, each recorded with a timestamp. 
Clipboard paste events in text fields are also captured to 
flag potential use of external sources. 
 
All events are compiled into a structured log that is sent 
asynchronously to the FastAPI backend and surfaced to HR 
administrators through the results dashboard. The 
dashboard presents events as a chronological timeline, so 
recruiters can correlate behavioral flags with specific 
answers. The system does not automatically disqualify 
candidates based on proctoring data. Every flagged session 
requires a human review before any final decision is made, 
ensuring that environmental factors or brief technical 
issues do not unfairly affect outcomes. 

Table -4: Proctoring Event Types and Actions 
 

 

7. COST ANALYSIS AND ROI 
 
The cost case for the platform is straightforward. Variable 
cost per interview is based on observed API usage across 
1,000 test sessions conducted during validation. 
 
The variable cost breaks down as follows: Cerebras API 
tokens for question generation (~$0.04), Groq Whisper 
transcription for eight audio responses (~$0.06), Cerebras 
LLM evaluation tokens (~$0.08), and cloud compute for 
backend processing (~$0.02). Total variable cost is $0.15–
$0.25 per interview, depending on question count and 
response length. 
 
Competing platforms such as HireVue, Pymetrics, and 
Vervoe charge $2–$6 per interview or require annual 
enterprise contracts exceeding $50,000. At 10,000 
interviews per month, this platform’s infrastructure cost is 
approximately $2,000, compared to $20,000–$60,000 for 
commercial alternatives at the same scale. 
 
 
 
 
 
 
 
 
 
 
 

Endpoint Median 

(ms) 

P95 

(ms) 

Error 

Rate 

/api/resume/upload 320 580 0.00% 

/api/interview/start 180 310 0.01% 

/api/interview/submit-

audio 

650 980 0.03% 

/api/score/compute 1550 2100 0.02% 

/api/results/dashboard 95 180 0.00% 

Event 

Type 

Detection 

Method 

Threshold HR Action 

Face 

Absent 

OpenCV Haar 

Cascade 

>5 sec 

continuous 

Warning + 

Log 

Multiple 

Faces 

Face count > 1 Any 

occurrence 

Immediate 

Flag 

Tab 

Switch 

visibilitychange 

API 

>3 

switches 

Session 

Flag 

Clipboard 

Paste 

paste event 

listener 

Any 

occurrence 

Log for 

Review 

Audio 

Silence 

RMS energy 

threshold 

>30 sec 

silence 

Prompt + 

Log 
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Table - 5: Per-Interview Cost Comparison 
 

 
For a mid-sized organization running 500 interviews per 
month, estimated ROI over 12 months is 12.4x, accounting 
for setup costs, ongoing API expenses, and eliminated 
recruiter time. Screening effort drops from approximately 
45 minutes per candidate to under 2 minutes to review an 
AI-generated score report. 
 

8. HIRING FUNNEL AND CONVERSION 
 
The hiring funnel analysis draws on data from 10 job 
postings with 100 applicants each, for a total of 1,000 
candidate journeys. It quantifies how the platform narrows 
a large applicant pool to qualified finalists with minimal 
recruiter involvement. 
 
Starting from 100 applicants per role, the ATS pre-filter 
passes roughly 75 to Phase 1. Resume screening retains 
approximately 35 candidates with match scores above 
0.55. Of those, 20 are invited to complete the AI interview, 
and 18 do so. Scoring places approximately 8 candidates in 
the Good or Excellent bands, who are then reviewed by HR. 
All 8 typically advance to human final-round interviews, 
yielding 1–2 hires per role. 
 
 
 
 
 
 
 

Table - 6: Hiring Funnel (per 100 Applicants) 
 

 
Total HR effort per 100 applicants is approximately 2.5 
hours, down from the 8–15 hours typical for manual 
phone screening alone. With routine screening automated, 
recruiters can focus on structured final-round interviews 
and offer negotiation. 

 

9. CONCLUSIONS 
 
This paper has described and validated an Autonomous AI 
Interview Platform that combines resume screening, 
question generation, and answer evaluation in a single 
three-phase pipeline. The results show that production-
quality automated recruitment is achievable using open-
source infrastructure and third-party AI APIs, at costs well 
below existing commercial alternatives. 
 
Validated results include 85% resume screening accuracy, 
sub-600ms STT latency, stable operation under 50 
concurrent users with a 0.02% error rate, 70% reduction 
in HR screening effort, and 90% reduction in cost-per-
interview relative to commercial competitors. The 
weighted composite scoring model and decision band 
framework provide an auditable evaluation mechanism 

Platform Cost per 

Interview 

Annual Cost 

(10K/month) 

Setup 

Complexity 

This 

Platform 

$0.15–

$0.25 

~$2,400 Low (open-

source) 

HireVue $3–$6 $36,000–

$72,000 

High 

(enterprise) 

Pymetrics $2–$4 $24,000–

$48,000 

Medium 

Vervoe $2–$5 $24,000–

$60,000 

Medium 

Traditional 

HR Screen 

$15–$50 $180,000–

$600,000 

N/A 

Stage Candidates Pass 

Rate 

HR Hours 

Required 

Total 

Applicants 

100 — 0.0 

ATS Pre-

Filter 

75 75% 0.0 

(automated) 

Resume 

Screening 

(AI) 

35 47% 0.0 

(automated) 

AI Interview 

Invited 

20 57% 0.2 

(invitation) 

AI Interview 

Completed 

18 90% 0.0 

(automated) 

Good/Excelle

nt Band 

8 44% 0.5 (score 

review) 

HR Final 

Round 

8 100

% 

1.8 

(interviews) 

Hires 1–2 15–

25% 

— 
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consistent with emerging regulatory requirements for 
explainable AI in hiring. 
 
The proctoring module enforces interview integrity 
through lightweight event logging rather than continuous 
video capture, with flagged sessions reviewed manually. 
The funnel analysis confirms that the platform can process 
100 applicants and surface 8 qualified finalists with around 
2.5 hours of total HR time. 
 
Future development will address:  
(1) migration from SQLite to PostgreSQL for production-
scale write workloads;  
(2) deployment on AWS ECS or Render with auto-scaling;  
(3) integration of bias auditing tools compliant with EU AI 
Act requirements;  
(4) extension of the proctoring module to include gaze 
tracking and voice analysis; and  
(5) multi-language support using Whisper’s multilingual 
capabilities. The platform provides a workable foundation 
for enterprise-scale AI-driven recruitment. 
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