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Nobody would argue that LLMs are a major breakthrough. They've already changed how people
look for Information: according to Adobe survey, 77% of users reach tor ChatGPT before Google.
But that shift did something else at the same time. It raised expectations. When users contact

tech support, they expect a fast and useful reply that would instantly solve their problems. Even
small misses in tone or relevance can cost time, retention, and revenue.

For the last three years, we've been bulilding Al chat solutions inside production workflows. We

ran enterprise pilots, iINstrumented them, and tracked core KPIs (customer satisfaction (CSAT):
task completion; agent load; latency and cost).

From what we've seen, two patterns stand out as the key building blocks for production
chatbots:

€ Retrieval-Augmented Generation (RAG) grounds answers in up-to-date, domain data, so
responses aren't limited to what a model “remembers.”

€ Reinforcement Learning from Human Feedback (RLHF) can improve output accuracy by
up to 45%, and increase CSAT and engagement by roughly 25%.

4 4

Generate the physical data Run an ELT pipeline that transforms
model for the target database source data to the target via SQL scripts

While RAG Is already a near-standard practice for grounding production systems, RLHF Is the

advanced option, newer In operational use. Yet, every time we've added It, we've seen a
noticeable uplift In UX and answer quality.

That's why we've collected our best practices into this short guide. Inside you'll learn how RLHF
WOrks, why and how to integrate It Into your products, and what our pilots actually showed.

I q

B Aot g

bt . N -gr A -romir

i | 1 d» I
" L] M L L MAraIin -l ) i
“ i /1 == M

o M 4 Unkmewn prapeity ustify coment’, Line 86 Cotuma 19

l ks A | Audia 1 : '

h A [

4

- JODMED M E
an?? z 3 _EOWN

HERR B _ e e T |
nowar (WY STeSC T Neesric w0

i
[ |

Dedicatted | White Paper RLHF for RAG Chatbots: a Guide for Advanced Machine Learning | 2


https://www.adobe.com/express/learn/blog/chatgpt-as-a-search-engine

How Does RLHF Work?

Reinforcement Learning from Human Feedback (RLHF) is an LLM training loop that teaches a
generative model to prefer replies that concrete users find useful.

INnstead of using just example Q&A pairs, RLHF introduces a compact reward signhal learned from
human judgments. This supervised / reward / update cycle is yet the most practical way to
move the model’'s behavior closer to what users expect.

RLHF i1s not a replacement for grounding, and it works best when paired with retrieval. RAG
answers the credipbility guestion by surface-sourcing documents, and RLHFEF shapes the model

behavior (e.g.. short and directive for support, more explanatory for technical users, or
transparent for shoppers).

The whole process looks straightforward In principle. The generator produces several replies to
the same query, and humans decide which one feels more accurate. Those judgments are used
to train a small reward model that can predict user preference.

With that Iin place, we update the main generator so it naturally favors responses the rewarad
model scores higher. Over repeated cycles, the system internalizes patterns of "better” versus
‘worse” replies and begins to consistently choose the better path.

Business Value

€ Less Repeated Tickets
N pllots we saw a consistent 25% drop In users reopening the same Issue.

€ Faster First-Contact Resolution

We saw FCR improve by +35% In the targeted support cohort, with fewer tollow-ups and
lower time-to-resolution.

€ Lower Agent Load

Automated replies deflected around 40% of tickets In many pilots (which means direct OpEXx
savings on live support).

& Higher Customer Satisfaction
CSAT went 25% higher, where tone was set to user preference.

¢ Better Conversion and ROI
N e-commerce pllots, personalization drove revenue uplifts by +20%.

€ Meets Customer Expectations
~'12% of customers expect Immediate responses (so, speed + relevance Is table stakes).

@ Improved quality and trust ). Continuous adaptive learning

build long-term retention =% delivers relevant responses

Q Personalized interactions 8:8 Higher engagement increases
E—‘ keep users returning conversion and revenue
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Use Cases

Below are the industries where we've seen RAG + RLHF deliver the clearest business impact.
Fach Is a short snapshot from our pilots.

CJQ Social media Make .the platform more engaging and improve content
. selection.
g . Enhance Al-powered credit risk analysis and investment
FInance . . .. .
planning systems to support data-driven decision-making.

. Provide personalized content recommendations and Improve
Entertainment .
user experience.

Finance

Here, RAG + RLHF gain faster and safer decision support, with fewer manual reviews and faster
analyst cycles. RAG keeps recommendations tied to the latest disclosures, regulations ana
model outputs; RLHF tunes the assistant to prefer concise, compliance-friendly phrasing that

advisors trust.

Customer support
Grounded answers plus preference-tuned responses reduce repeat tickets and unnecessary

handoffs. In practice, that means shorter handling times, fewer OpEx load, and measurable
drops In repeat contacts.

E-commerce
RLHF Is one of the most effective tools for making chatbots feel less scripted and more human.

But It's not a plug-and-play switch. It's a capabillity that requires careful setup and ongoing
work. In our work, four iIssues show up Mmost often:

Risks & Expectations

RLHF Is one of the most effective tools for making chatbots feel less scripted and more human.
But It's not a plug-and-play switch. It's a capabillity that requires careful setup and ongoing work.
N our work, four Issues show up Most often:

Cold start

The first challenge comes when you launch a new product or move into a hew user segment:
there simply iIsn't enough feedback yet. In this stage, the assistant can feel irrelevant.

Noisy or Low-Quality feedback

The reward model quickly drifts off when users rate responses inconsistently, or when internal
annotators apply different standards.

Data Drift

Catalog changes & policy updates are normal model behavior. Left unchecked, those shifts
degrade model accuracy.
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Latency
Finally, performance: l[arge models and frequent retraining can raise TCO and hurt p95 latency.

Interactive Virtual Al-powered Image processing overlays digital products
Try-On onto user Images, enabling real-time visualization of
clothing, accessories, and cosmetics.

Virtual Al estimates body dimensions via camera Input,
Fitting Room generating dynamic 3D avatars for accurate size
recommendations and reducing return rates.
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Architecture & Implementation

The schema below shows the two live paths we run In pilots: the iInference path (how a user guery
becomes a response) and the learning path (how signals and data feed back into the system).
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Roadmap

1. Prepare
We start by picking KPIs and wiring simple events into the product so every query, response and

user rating Is recorded.

2. Cold-Start

At this point, we don't have enough user feedback, so we should give the LLM system a sensible
starting point: collect the most important domain documents, write a compact set of example Q&A
palirs, and create a few synthetic variations.

3. First Deploy

Here, we register the model and roll it to a small slice of traffic, so we can watch real user behavior.
During this step we compare the new model's customer ratings, re-asks and latency to the baseline
and keep clear, automatic rules for rolling back it the new version performs worse.

4. Collect Feedback

We gather both explicit feedback (upvotes, stars) and implicit signals (re-asks, transfers to humans,
session length) and treat that data as the raw material for learning. Then, we run short, focused
labeling sprints for edge cases so the training signals stay high quality.

5. Batch RLHF cycles

At this point, we group recent, high-quality feedback into a training set, train or update the rewarad
model, and then run controlled fine-tuning steps In a sandbox before touching production.

6. Full Deploy
After successtul sandbox checks, we ramp the model to full traffic but keep the same discipline:
continuous Monitoring, scheduled health checks, and clear retrain triggers when metrics drift. We

treat the system as a live product: measure, fix, repeat.

Cold start phase

VWhen a pre-trained Al model is launched, it doesn't yet
understand Its users because it hasn't seen any real user data (this
IS the cold start problem). To get started, synthetic data that
MIMICS user guestions and answers Is created for RLHF fine-
tuning before real user data Is avallable.

@

Deploy a smarter Gen Al model (with RLHF)
Once fine-tuned with artificial or early human
feedback, the chatbot is registered in the model
registry and deployed as the default engine to
Nandle user requests.

Learn from users

The chatbot collects feedback from real interactions — both
explicit (e.g. ratings) and passive (e.g. engagement patterns) —to
understand user needs better.

O

Stay relevant o
V\We constantly track how user behavior changes

over time (length/tone and satisfaction/
correction rates). If data drift Is detected, we
retrain the chatbot.

Continuous improvement

Feedlback and synthetic data are used to refine the Al model
repeatedly using RLHF, ensuring it evolves alongside your users anad
pbusiness goals. The updated model Is redeployed via the reqistry.

Dedicatted | White Paper RLHF for RAG Chatbots: a Guide for Advanced Machine Learning | 7



Final Notes

We think RLHF Is one of the most consequential steps forward tor Al chatbot experiences In
years, but also one of the hardest features to operate In a production environment. So, If you
want to get RLHF + RAG running, there's one engineering reality to accept: this is a product
propblem as much as an ML problem.

That's where you'll need cross-team discipline: product to pick the flows, data engineering to
keep the index fresh, SRE to hold latency and reliability, and ops/governance to keep safety and
auditability in place. Treat RLHF as a feature you operate, not a research experiment you run
once. That mindset Is the single biggest factor separating pilots from repeatable production
WINS.

Ready to start? Dedicatted runs hands-on pilots. We can help you define KPls, set up
INstrumentation and dashboards, prepare seed datasets, and run the first RLHF cycles with
DaCKUpPS.
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