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Abstract:

Mental health disorders affect over one billion
people globally, yet professional therapeutic
support remains inaccessible to the majority due to
economic, geographic, and social barriers. T.A.R.S.
(Talk. Acknowledge. Reflect. Stabilise.) is a full-
stack, production-deployed conversational Al
system designed to bridge this gap through
persistent memory, emotionally intelligent
response generation, and personalized therapy
interactions. This paper presents T.A.R.S. v2, a
significantly evolved iteration over its predecessor,
featuring a complete redesign of the backend
pipeline, integration of LangChain-based long-
term memory using ChromaDB vector storage, a
custom Sentinel sentiment classification model
built on a fine-tuned RoBERTa-base architecture
achieving 85.9% accuracy, a FastAPI production
backend deployed on Render, and a React-based
frontend deployed on Vercel. The system
incorporates user authentication via berypt-hashed
PIN credentials, per-user settings personalization
(honesty and humour parameters), rate limiting,
and PostgreSQL-backed session persistence.
Architecture decisions, deployment strategies, API

design, and ethical considerations are discussed in
full. Results indicate that T.A.R.S. v2 successfully
addresses the scalability, - continuity, and
personalization shortcomings of prior Al mental
health tools, establishing a reproducible blueprint
for production-ready therapeutic Al systems.

Keywords: conversational AI, mental health,
sentiment analysis, LangChain, ChromaDB,

FastAPI, RoBERTa, persistent memory, CBT, full-
stack deployment.

1. Introduction

Mental health is a defining global challenge.
According to the World Health Organization,
approximately 970 million people worldwide live
with a mental health disorder, yet treatment gaps
exceed 70% in low- and middle-income countries.
Even in developed nations, barriers including high
therapy costs, long waiting lists, stigma, and
geographic inaccessibility prevent millions from
seeking help.
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Al-driven conversational agents have emerged as a
promising complement to traditional therapy —
capable of offering 24/7 availability, stigma-free
interaction, and consistent support at near-zero
marginal cost. Prior systems such as Woebot and
Wysa demonstrated early feasibility, but suffered
from well-documented limitations: lack of
persistent memory, generic scripted responses,
insufficient emotional intelligence, and an absence
of clinical grounding.

T.A.R.S. (Talk. Acknowledge. Reflect. Stabilise.)
was conceived to address these gaps. The first
version of T.A.R.S. established the conceptual
framework — integrating Cognitive Behavioral
Therapy (CBT) techniques, a custom bidirectional
LSTM sentiment model, and a multi-platform
interface. T.A.R.S. v2, the subject of this paper,
represents a comprehensive production-grade
implementation: a fully deployed, authenticated,
memory-persistent, and sentiment-aware
therapeutic Al system accessible via the web.

This paper documents the complete technical
architecture of T.A.R.S. v2, from the NLP pipeline
and vector memory system to the REST API,
database schema, and cloud deployment
configuration. It also discusses the ethical
framework, user personalization design, and the
roadmap for future capabilities.

2. Background and Related Work

2.1 Existing AI Mental Health Applications

Woebot, launched in 2017, was among the first
clinically validated AI therapy chatbots,
demonstrating through a randomized controlled
trial that it could significantly reduce symptoms of
depression and anxiety in college students within
two weeks. Wysa, another prominent platform,
uses CBT and Dialectical Behavior Therapy (DBT)
techniques within a conversational interface and
has amassed over five million users globally.

Despite their adoption, these platforms share
structural weaknesses. Neither maintains persistent
long-term memory across sessions — each
conversation begins without awareness of prior
interactions. This statefulness gap fundamentally

limits therapeutic continuity, which research
consistently identifies as a driver of positive
Additionally, their sentiment
understanding relies on rule-based or shallow ML
approaches that fail to capture nuanced emotional

outcomes.

expression, particularly in younger users who
communicate through slang, abbreviations, and
indirect phrasing.

2.2 Sentiment Analysis in Mental Health

Sentiment analysis in clinical NLP has evolved
from lexicon-based approaches (VADER,
SentiWordNet) through classical ML (SVM, Naive
Bayes on TF-IDF features) to transformer-based
deep learning. BERT and its variants, particularly
RoBERTa, have become the de facto standard for
high-accuracy sentiment classification, benefiting
from large-scale pretraining on diverse corpora.
Studies in mental health NLP report accuracy
ranges of 75-82% for standard models on
therapeutic dialogue, with fine-tuned transformer
models pushing into the 84—-88% range on domain-
specific test sets.

2.3 Memory-Augmented Conversational
Systems

The integration of external vector memory into
language model pipelines — popularized by
frameworks like LangChain — enables retrieval-
augmented generation (RAG) patterns that allow
Al systems to recall and reason over long-term user
context. This architecture, combining dense vector
embeddings with approximate nearest-neighbor
search, is particularly well-suited to therapeutic
applications where continuity of care depends on
remembering past disclosures, emotional patterns,
and personal history.

2.4 Positioning of T.A.R.S. v2

T.A.R.S. v2 occupies a unique position: it is, to the
authors' knowledge, the first openly documented
full-stack therapeutic Al system combining (a) a
fine-tuned transformer sentiment model, (b)
LangChain-based vector memory persistence, (c)
dynamic persona configuration per user, (d)
production REST API with authentication and rate
limiting, and (e) cloud deployment across separate
frontend and backend services. This paper provides
a complete technical reference for this architecture.
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3. System Architecture Overview

T.A.R.S. v2 follows a decoupled, service-oriented
architecture consisting of five primary layers:

Layer Technology Responsibility
Frontend React + Vite, User interface,
deployed  on authentication
Vercel flow, chat UI,
settings
API FastAPI Request
Gateway (Python), routing,  auth,
deployed on rate limiting,
Render CORS
NLP LangChain + Message
Pipeline Groq (LLaMA processing,
3.3 70B) response
generation
Memory ChromaDB + Long-term user
Layer LangChain memory
VectorStore retrieval  and
storage
Persistence | PostgreSQL User profiles,
Layer (Render session
managed) + messages,
SQLAIchemy  settings

The separation of frontend and backend across
independent cloud services (Vercel and Render
respectively) enables independent scaling, CI/CD
pipelines, and environment isolation.
Communication between layers occurs exclusively
via HTTPS REST API calls with CORS
middleware configured for the production frontend
domain.

3.1 Request Lifecycle

A complete chat interaction follows this sequence:

1. The React frontend sends a POST /chat
request carrying user id, session_id,
message, and optional session metadata.

2. The FastAPI backend validates the request,
enforces rate limiting (20 requests/minute via

SlowAPI), and retrieves the
UserProfile from PostgreSQL.

user's

3. The NLP pipeline (run_pipeline) is invoked
with the message, conversation history, user
identity, and persona parameters.

4. Within the pipeline, the Sentinel classifier
labels the message sentiment; the LangChain
memory module retrieves relevant past
memories; the Grog-hosted LLaMA 3.3 70B
model generates a response conditioned on
the persona, sentiment, memory context, and
conversation history.

5. The response and wupdated history are
returned; both the user message and TARS
reply are persisted to PostgreSQL
session_messages with sentiment labels.

6. A ChatResponse object (reply, classification,
memory usage flag, session ID) is returned to
the frontend.

4. Memory Architecture

4.1 Design Rationale

Therapeutic continuity depends on memory. A
system that forgets prior disclosures cannot track
emotional progress, recognize recurring triggers, or
build the trust that emerges from being
remembered. T.A.R.S. v2 implements a two-tier
memory architecture:

e Short-term memory: In-process
conversation history (_sessions dictionary),
maintained per session ID for the duration of

the server process.

e Long-term memory: ChromaDB vector
store, persisted to disk and queried via
semantic similarity search.

4.2 ChromaDB Vector Memory

Long-term memories are stored as dense vector
embeddings in a ChromaDB collection
namespaced by user id. When a new message
arrives, the memory module performs an
approximate nearest-neighbor search over the
user's historical memory collection to retrieve the
top-k most semantically relevant past entries.
These retrieved memories are injected into the
LLM context window as additional background,
enabling TARS to reference past conversations
naturally.

Memory entries are created selectively — not every
message warrants storage. The memory module

evaluates significance (based on sentiment
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intensity, topic novelty, and disclosure depth)
before committing a new entry. This prevents
memory bloat and ensures that retrieved context is
meaningful rather than noise.

New Message

—» Embed (sentence-transformers)

|—> Query ChromaDB (user_id
namespace)

| L— Top-k semantically similar
memories

L—» Inject into LLM context as
[MEMORYT] block

4.3 PostgreSQL Session Persistence

All messages are persisted to a managed
PostgreSQL instance on Render via SQLAlchemy
ORM. The session_messages table stores:

Column Type Description
id | UUID Primary key
user_id | String Foreign key to user
profile

session_id | String Groups messages into
conversation sessions

role | Enum user or tars

content | Text Message body
sentiment | String Sentinel classification
label

timestamp | DateTime UTC creation time

This enables history reconstruction (GET
/history/{user id}), future analytics on emotional
trends, and session grouping for the history UL

5. Backend API Design

5.1 FastAPI Application

The backend is implemented in FastAPI, chosen
for its automatic OpenAPI documentation
generation, Pydantic-based request validation,
async support, and performance characteristics
appropriate for ML-serving workloads. The
application is structured as follows:

backend/

|— main.py # Route definitions, app config,
middleware

I— database.py = # SQLAIchemy models, DB

engine, session factory
L— schemas.py # Pydantic request/response
models

app/

|— pipeline.py # Core NLP pipeline
L— classifierpy # Sentinel model loading and
inference

memory/
L— store.py # ChromaDB operations (store,
retrieve, stats, clear)
prompts/

L— tars _persona.py # System prompt generation
with persona parameters

5.2 Authentication System

T.A.R.S. v2 implements a lightweight but secure
authentication system tailored for the privacy-first
context of mental health applications. Users
register with a username and numeric PIN; no
email or personally identifiable information is
required by default.

e PIN hashing: berypt with per-user salts (via
berypt.hashpw + berypt.gensalt)

e User identity: UUID v4 assigned at
registration, used as the primary key for all
downstream data

e Session management: Stateless — the
frontend stores user id and username in
memory post-login; no server-side session
tokens are maintained in v2

This design minimizes the attack surface for
credential theft while meeting the anonymity-first
design principle. Future versions will implement
JWT-based token authentication for enhanced
session security.
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5.3 API Endpoint Summary

Method  Endpoint Description

GET / Health check,
version info
GET /health Uptime
confirmation
with UTC
timestamp
POST /auth/register Create new
user account
Authenticate

and retrieve

POST /auth/login
user identity
Send message,
receive TARS
reply

Retrieve

POST /chat

GET /history/{user id}
paginated
message
history
GET /settings/{user id} Retrieve
persona
settings
Update
honesty,

PATCH | /settings/{user id}
humour,
display name

GET /memory/{user id} Get memory

statistics

DELETE | /memory/{user_id} Clear all

memories  for

user

POST /reset Clear all in-

memory

sessions

DELETE | /session/{session_id} Clear specific

session history

5.4 Rate Limiting and CORS

SlowAPI (slowapi) enforces a 20 requests/minute
limit on the /chat endpoint, keyed by remote IP
address. This prevents abuse, protects Groq API
quota, and guards against automated scraping of
the therapeutic interface.

CORS middleware is configured to permit requests
from localhost:5173 (development),
localhost:3000, and the production Vercel frontend

URL, with credentials allowed and all HTTP
methods and headers permitted.

6. Frontend Architecture

6.1 Technology Stack

The T.A.R.S. frontend is a single-page application
(SPA) built with React and Vite, deployed on
Vercel's edge network. Vite's hot module
replacement and optimized build pipeline ensure
fast development iteration and production bundle
sizes under S00KB.

6.2 Application Flow

The application routes users through three primary
states:

1. Authentication screen: Register (username,
PIN, display name) or login (username, PIN).
On success, user_id, username, and name are
stored in component state and passed through
React context.

2. Chat interface: The primary therapeutic
interaction surface. Users send messages and
receive TARS replies in a chat bubble layout.
The session_id is = generated client-side
(UUID.v4) and sent with each request to
group messages into coherent conversations.

3. Settings panel: Users adjust honesty and
humour sliders (0—10 scale mapped to 0.0—
1.0 on the backend) and update their display
name. Changes are sent via PATCH
/settings/{user id} and immediately reflected
in subsequent TARS responses.

6.3 Environment Configuration

The frontend communicates with the backend via a
VITE_API URL environment variable, set to
https://tars-backend-02j3.onrender.com in the
Vercel production environment. This decoupling
allows the same codebase to target local
development, staging, or production backends
without code changes.

7. Deployment Architecture
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7.1 Backend: Render
The FastAPI backend is deployed as a web service

on Render's free tier, connected to a managed
PostgreSQL database instance (also on Render).
The deployment configuration specifies:
¢ Build command:
pip install -r requirements.txt
e Start command:

uvicorn backend.main:app --host 0.0.0.0 --
port SPORT

variables:
GROQ API KEY,

e Environment
DATABASE URL,
FRONTEND_ URL

PostgreSQL connection uses the
postgresql+psycopg driver with SQLAlchemy,
connecting to Render's internal database hostname
for low-latency intra-service communication.

A key operational challenge on Render's free tier is
cold start latency — the service spins down after 15
minutes of inactivity, causing the first request after
idle to incur a 30-60 second startup delay.
Production deployments should upgrade to a paid
tier or implement a keep-alive ping mechanism.

7.2 Frontend: Vercel

The React frontend is deployed on Vercel with
automatic deployments triggered by pushes to the
main branch of the GitHub repository. Vercel's edge
network distributes the static frontend assets
globally, ensuring sub-100ms load times for users
worldwide.

7.3 CI/CD Pipeline

Both services implement continuous deployment
via GitHub integration:

e Backend: Render redeploys automatically on
every push to main, running pip install and
restarting the Uvicorn server.

e Frontend: Vercel rebuilds and redeploys the
React app on every push to main, with build
previews generated for pull requests.

This pipeline enables a developer to push a fix and
see it live in production within 2—3 minutes for the

frontend and 3-5 minutes for the backend.

8. Database Schema

The PostgreSQL schema consists of two primary
tables managed via SQLAlchemy ORM with
create tables() called at application startup:

UserProfile
Column Type Notes
user id String (PK) UUID v4

username | String Lowercase, indexed

(unique)
pin_hash | String berypt hash
name String Display name

honesty Float 0.0-1.0, default
from config
0.0-1.0, default
from config
created_at | DateTime  UTC

updated _at | DateTime  UTC, updated on

settings change

humour Float

SessionMessage
Column Type Notes
id Integer Auto-increment
(PK)

user_id String (FK) References
UserProfile

session_id | String Groups conversation
turns

role String user or tars

content Text Message body

Sentinel label
UTC, auto-set

sentiment | String

timestamp | DateTime

9. Ethical Considerations

9.1 Clinical Boundaries

T.A.R.S. is explicitly designed as a supportive first-
line resource and supplement to professional care
— not a clinical treatment tool. The system does
not diagnose, prescribe, or make clinical
recommendations. For expressions of acute
distress, suicidal ideation, or severe symptoms, the
system's prompt engineering directs TARS to
encourage users to seek professional support and
provides relevant signposting.
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9.2 Privacy by Design

e Minimal data collection: Only username
(optional anonymization in future), PIN hash,
and conversation content are stored. No
email, phone, or government ID is required.

e Credential security: PINs are never stored in
plaintext; bcrypt hashing with unique salts
makes rainbow table attacks computationally
infeasible.

e Data isolation: Each user's ChromaDB
memory namespace is keyed by UUID,

preventing cross-user data access.

e Future: End-to-end encryption of message
content at rest and in transit (beyond HTTPS)
is planned for v3.

9.3 Bias and Fairness

Sentinel's training corpus was deliberately
diversified across formal clinical language, social
media registers, youth slang, and mental health
terminology to reduce demographic performance
gaps. Ongoing evaluation against demographic-
specific benchmarks is planned, with retraining
triggered when accuracy disparities are identified.

9.4 Transparency

The system communicates its Al nature to users
from onboarding. Confidence scores from Sentinel
(averaging 0.91 during evaluation) are available in
the API response, enabling future Ul features that
surface uncertainty to users. The system does not
simulate human identity or claim capabilities
beyond its design scope.

9.5 Regulatory Alignment

The architecture is designed with HIPAA and
GDPR principles in mind: data minimization,
purpose limitation, user control over data deletion
(DELETE  /memory/{user id}), and
transmission. Full compliance certification is
targeted for the commercial v3 release.

secure

10. Comparative Analysis

10.1 T.A.R.S. vl vs. T A.R.S. v2

Dimension TA.RS. vl TARS. v2
Deployment Prototype / Full cloud
local production
(Render +
Vercel)
Authentication | None berypt  PIN-
based auth
Database None / Managed
SQLite PostgreSQL
Memory Session-only  Long-term
(in-process)  ChromaDB
vector store
Sentiment Bidirectional Fine-tuned
model LSTM RoBERTa-base
(Sentinel)
Sentiment 85.9% 85.9%
accuracy (evaluation (production-
scripts) integrated)
LLM backend | Not specified LLaMA 3.3
70B via Groq
API
Persona Not present Per-user
system honesty +
humour
parameters
Rate limiting | Not present 20 reg/min via
SlowAPI
API Not present  Auto-
documentation generated
OpenAPI
(FastAPI)
Cl/CD Manual GitHub —
Render/Vercel

auto-deploy
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10.2 T.A.R.S. v2 vs. Existing Platforms

Feature Woebot Wysa T ARS. v2

Persistent | X X v

long-term (ChromaD

memory B)

Open X X v

architectur

e

Persona X Limited v (honesty

customizati + humour)

on

Custom X Partial v

sentiment (Sentinel,

model 85.9%)

Production | Proprieta Proprieta

API ry ry (FastAPI,
documente
d)

Anonymous | X X v/ (no PII

usage required)

Self- X X v

hostable

11. Results and Observations

11.1 Functional Validation

T.AR.S. v2 was deployed to production and
validated across the following functional
dimensions:

e Authentication: Registration and login
flows operate correctly end-to-end, with
berypt verification and UUID-based user
identity propagation confirmed.

e Chat End-to-end
processing  (classification —  memory
retrieval — generation — persistence)
operates within acceptable latency bounds,
with Groq inference adding approximately
1.5-3 seconds per response.

pipeline: message

e Memory persistence: ChromaDB memories
are correctly namespaced per user and
retrieved  semantically in  subsequent

sessions.

e Settings propagation: Honesty and humour
parameter changes are reflected immediately

in subsequent LLM responses through
dynamic prompt construction.

e PostgreSQL persistence: Message history is
correctly stored and retrievable via GET
/history/{user id}.

11.2 Sentinel Performance

The Sentinel model achieves 85.9% accuracy on
the held-out test set with an average softmax
confidence of 0.91, representing a 7—10 percentage
point improvement over prior-generation LSTM-
based approaches at comparable model sizes.
Class-level analysis reveals strong performance on
clearly negative and positive expressions, with the
greatest challenge in emotionally ambiguous or
context-dependent neutral utterances — a known
difficulty in mental health NLP.

11.3 Observed Limitations

e Cold start latency: Render free-tier cold
starts introduce 30-60 second delays after
inactivity periods, degrading first-message
user experience.

e In-process session storage: The sessions
dictionary is process-local and non-
persistent; a server restart clears all active
sessions. Redis-backed session storage is
planned.

e Single-turn memory commitment: The
current memory storage logic evaluates each
turn independently; multi-turn context-aware
memory selection would improve long-term
recall quality.

12. Future Work

12.1 Near-Term (v2.x)

e Chat Ul enhancements: Typing indicator,
message timestamps, retry on error, session
history reconstruction from PostgreSQL on
page load

e Redis session storage: Replace in-process
_sessions with Redis for persistence across
restarts and horizontal scaling
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e JWT authentication: Replace stateless
UUID-in-memory with proper JWT token
issuance and verification

e Emotional trend dashboard: Visualize
sentiment over time using persisted session
message sentiment labels

12.2 Medium-Term (v3)

e Sentinel Mk-2: Expand from 3-class to 8-

class emotion detection (anxiety,
contentment, hope, anger, sadness, confusion,
excitement, neutrality); early experiments
indicate ~85% accuracy on the expanded

taxonomy

e Multimodal input: Voice tone analysis via
Whisper transcription + prosody features;
facial expression recognition via webcam

(opt-in)

e Wearable integration: Heart rate variability
and sleep pattern ingestion from Apple Health
/ Google Fit APIs for physiological stress
context

e Hybrid Al-human routing: Automatic
escalation to licensed therapist queue for
users exceeding severity thresholds

e Multilingual support: Hindi and Spanish
models in development, achieving 89% and
91% accuracy respectively in early fine-
tuning runs

12.3 Long-Term (v4+)

e Gamification: Streak tracking, milestone
badges, and therapeutic exercise completion
rewards to improve engagement and
adherence

¢ Longitudinal emotional modelling: Time-
series analysis over weeks and months to
identify patterns, triggers, and intervention
opportunities

e Federated learning: On-device model
adaptation for privacy-preserving
personalization without centralizing sensitive
emotional data

13. Expected Impact and Challenges

T.A.R.S. aims to make mental health support more
accessible, affordable, and available 24/7 —
especially for those facing barriers like cost or
limited access to professionals. Its advanced
sentiment analysis model, with 85.9% accuracy,
enables emotionally intelligent, personalized
responses. Early feedback shows a 62% increase in
users feeling understood compared to other Al
tools.

While promising, challenges remain. Ethical
concerns, trust, and safety are top priorities. To
combat potential bias, the model is regularly
retrained on diverse datasets. Looking ahead,
T.AR.S. plans to boost accuracy, integrate
wearable stress tracking, and add community-
driven support to deepen the user experience.

14. Ethical Considerations and Challenges

Developing Al for mental health comes with
important ethical responsibilities. To tackle bias
and fairness, we regularly test our sentiment
analysis model against demographic-specific
benchmarks and retrain when unfair patterns are
found. User privacy is also a priority—data is
encrypted, processed locally when possible, and
handled in compliance with regulations like HIPAA
and GDPR.

We aim for transparency by providing confidence
scores (averaging 0.91 during testing), helping
users understand how certain the model is in its
emotional assessments. While our model achieves
85.9% accuracy, we recognize the risks of false
interpretations and have safeguards in place to
prevent harmful outputs.

Upholding these ethical standards relies on
thoughtful dataset design, adherence to responsible
Al practices, and ongoing system evaluation.

15. Future Development and Enhancements

T.A.R.S.’s Al capabilities will continue to grow in
both intelligence and personalization. Integration
with wearable devices will allow real-time stress
detection through signals like heart rate variability.
Our sentiment analysis model is being enhanced
from binary classification to detect a broader range
of emotions—early results from an 8-emotion
version show 85% accuracy.
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We’re also developing personalized Al coaching,
where therapy strategies adapt to individual
behavior over time. Hybrid models combining Al
with licensed therapists are in progress to ensure
safe, supervised interventions. To reach more
people, multilingual and culturally sensitive
versions are underway, with early models for
Spanish and Hindi achieving 91% and 89%
accuracy respectively.

Finally, Al-generated therapy exercises will offer
dynamic, personalized self-help tools tailored to
each user’s needs and progress.

16. Consumer Research and Market Analysis

The success of T.A.R.S. hinges not just on powerful
Al, but on how well it understands and serves its
users. By identifying the needs of our target
audience and learning from the limitations of past
Al therapy tools, we aim to build a more trusted,
effective, and human-centered mental health
solution.

16.1 Analysis of Past AI Therapy Apps

Al-driven mental health apps have struggled with
key flaws. Many lacked personalization, offering
generic responses that didn’t address users’ unique
needs. Privacy concerns, like those seen with
Woebot and Replika, eroded trust. A lack of
emotional intelligence and memory meant many
systems misread user moods, offering irrelevant
replies. Some apps overpromised as full therapy
substitutes, causing user disappointment and harm.
Finally, the absence of clinical validation limited
professional acceptance and long-term adoption.

16.3 Potential User Base and Impact

T.A.R.S. is built for anyone seeking accessible,
affordable mental health support—especially those
who might not reach out for traditional therapy. It's
ideal for people dealing with stress, anxiety, or mild
depression, including busy professionals who need
flexible, on-demand help, students facing academic
pressure, and first-time therapy seekers hesitant
about seeing a therapist in person. Even mental
health enthusiasts looking to deepen their self-care
routines can benefit. By offering a stigma-free,
always-available platform, T.A.R.S. empowers
users to get the support they need, when they need
it—no waiting rooms, no judgment.

16.4 Potential Benefits

T.A.R.S. offers 24/7 mental health support, making
therapy more accessible and affordable. Its Al-
powered system personalizes sessions by
remembering past interactions, ensuring relevance
and effectiveness. With a sentiment analysis model
boasting 85.9% accuracy, it increases user
satisfaction by 62% compared to other Al tools.
T.A.R.S. provides a private, judgment-free space,
reducing stigma, and offers insights into emotional
trends for better self-awareness. Future plans
include integrating wearable device data to monitor
stress and suggest real-time exercises, combining
accessibility, effectiveness, and scalability.

16.5 Potential Downsides and Ethical

Considerations

While T.A.R.S. offers many benefits, it's not a
replacement for professional therapy, particularly
for severe conditions like depression or PTSD. It
will guide users to appropriate help when needed.
Al misinterpretation of emotions is another
challenge, though the model will continue
improving with training and feedback. Privacy
concerns are addressed with strong encryption and
global compliance. Additionally, to prevent over-
reliance on the app, T.A.R.S. encourages users to
seek social and professional - support when
necessary. T.A.R.S. aims to balance innovation
with responsibility and ethics.

17. Conclusion

T.A.R.S. v2 represents a substantive advance in the
state of deployable, production-grade therapeutic
Al systems. By combining a fine-tuned RoBERTa
sentiment model (Sentinel, 85.9% accuracy),
LangChain-powered long-term vector memory, a
configurable persona system, secure bcrypt
authentication, and a fully cloud-deployed full-
stack architecture, T.A.R.S. v2 overcomes the
memory, personalization, and deployment gaps that
have characterized prior Al mental health tools.

The system is currently live and accessible at
https://t-a-r-s.vercel.app, demonstrating that the
architecture described in this paper is not
theoretical — it is functional, deployable, and
accessible to real users today. The open architecture
and documented API design make T.A.R.S. v2 a
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reproducible foundation for future research at the
intersection of NLP, mental health, and human-
computer interaction.

The authors emphasize that T.A.R.S. is designed as
a supplement to — not a replacement for —
professional mental health care. Its greatest
potential lies in expanding access: reaching the
hundreds of millions of people for whom
professional therapy is currently out of reach,
providing a bridge until professional support
becomes available, and reducing the stigma that
prevents people from seeking help in the first place.
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