How to Ground Al Outputs in Reliable Data

Why raw language models need a reality check

Large language models generate text by predicting the next most probable word. That process
is remarkably fluent, but it has a well-known weakness: the model can produce a confident-
sounding answer that is entirely made up. In a practical setting, especially one that involves
company data, technical documentation, or customer-facing content, guesses are not
acceptable. You need a way to keep the model tethered to facts.

The solution lies in combining a language model with an external data source. Instead of
asking the model to answer from memory alone, you let it retrieve relevant information from a
trusted database or document store first, then have it compose its answer based on that
material. This approach, known as retrieval-augmented generation, changes how Al
applications handle knowledge work. It does not require retraining the model. It does require a
thoughtful design for the retrieval step and careful handling of the model's output.

How retrieval changes the generation process

In a standard setup, you send a user's question to the language model and receive a reply. The
model relies on whatever it learned during training, which may be outdated or incomplete. In a
retrieval-augmented system, you insert a search step before the model sees the question. You
take the user's input, convert it into a search query, pull relevant chunks from a vector database
or a search index, and then feed those chunks into the model's context window alongside the
original question. The model now has concrete material to work from.

This separation of duties matters. The retrieval component handles the factual heavy lifting.
The generation component handles phrasing and summarisation. Neither part has to do the
other's job well. You can improve the retrieval side by fine-tuning embeddings or adjusting
chunk sizes without touching the language model. You can swap the language model for a
newer version without rebuilding your document store. That modularity makes the system
easier to maintain over time.

Choosing what to retrieve

The quality of the output depends heavily on what gets retrieved. If the retrieval step brings
back irrelevant or noisy text, the model will incorporate that noise into its answer. A common
mistake is to retrieve too many chunks, hoping that more context will help. In practice, a small
number of tightly relevant chunks works better. The model's context window has a limit, and
filling it with marginal material dilutes the signal.



Chunk size also matters. A chunk that is too short may lack context. A chunk that is too long
may contain irrelevant details. A good starting point is to break documents into paragraphs or
sections, each with a meaningful heading. That way the retrieval system can match on both
content and structure. You can also store metadata alongside each chunk, such as the
document title, date, or section number, and pass that metadata to the model so it understands
where the information came from.

The role of embeddings

Most retrieval systems today use embeddings to find relevant chunks. An embedding is a
vector representation of a piece of text. When you search, the system compares the
embedding of the query against the embeddings of all stored chunks and returns the ones with
the closest vectors. This semantic search works well even when the query uses different words
than the document. The downside is that embeddings can miss exact matches, especially for
product codes, part numbers, or proper names. For those use cases, a hybrid approach that
combines vector search with keyword search gives better results.

Testing your retrieval quality is straightforward. Prepare a set of queries and the correct
answers. Run the retrieval step and check whether the correct chunks appear in the top results.
If they do not, you may need to adjust your chunking strategy, your embedding model, or your
query rewriting technique. Query rewriting means reformulating the user's question into a form
that matches the language of the documents. For example, a user who types "how do | reset
my password" might match better if the system internally searches for "password reset
procedure."

Feeding context to the model

Once you have the retrieved chunks, you need to present them to the language model in a clear
way. The standard technique is to construct a prompt that includes the chunks, the user's
question, and an instruction to answer based only on the provided text. You can also include a
fallback instruction: if the chunks do not contain the answer, the model should say so rather
than guess. That simple guardrail prevents many hallucination problems.

The order of chunks in the prompt can affect the answer. Put the most relevant chunk first.
Models tend to pay more attention to content at the beginning and end of the prompt. If you
have multiple chunks, consider adding a separator between them so the model can distinguish
one source from another. Some implementations also add a citation step, where the model
outputs a reference to the specific chunk that supports each sentence. This is not strictly
necessary for every use case, but it builds trust when the audience expects transparency.



An important detail is that retrieval-augmented generation does not eliminate all errors. The

model can still misinterpret a retrieved fact, combine facts incorrectly, or introduce formatting
mistakes. You should always test the full pipeline on realistic inputs, not just the retrieval step
or the generation step in isolation. A good test set includes edge cases such as ambiguous
questions, questions with multiple valid answers, and questions that have no answer in the
data.

When to use it and when to skip it

This technique is most valuable when your users ask questions that require up-to-date or
domain-specific information. Customer support portals, internal knowledge bases, compliance
documentation, and technical manuals are natural fits. If your use case involves only general
knowledge that a model already handles well, adding retrieval may create unnecessary
complexity. A good rule of thumb is to start with a simple query, then observe where the model
fails. If the failures are caused by missing or outdated knowledge, add retrieval for those
cases.

Another consideration is latency. Retrieval adds at least one network call and a vector search,
which can take from tens of milliseconds to a few seconds depending on the size of your index
and the hardware. If your application requires sub-second responses, you will need to optimise
the retrieval step or use caching. For offline processing or batch jobs, latency is less of a
concern.

Monitoring and maintenance

Once the system is live, you need to watch for drift. Documents get updated. New questions
appear. The embedding model or the language model may change versions. Over time, the
retrieval pipeline can start returning stale or irrelevant chunks. Set up a logging system that
records the retrieved chunks and the generated answer for each query. Review samples
periodically to confirm the system is still performing well. If you notice a degradation, re-
evaluate your chunking, embeddings, and prompt design.

You should also track user feedback. If users consistently mark answers as unhelpful,
investigate whether the retrieval step returned the wrong material or whether the model failed
to use the material correctly. This kind of feedback loop turns a static pipeline into a system
that improves over time.

Putting it together

Building a reliable retrieval-augmented generation system is not a one-time setup. It requires
ongoing attention to data quality, retrieval accuracy, and prompt design. The payoff is a system


https://workforcelearning.unitedceres.edu.sg/resources/category/ai-for-builders/

that can answer questions with a much higher degree of factual correctness than a language
model working alone. For teams that need to deploy Al in settings where accuracy matters, this

approach offers a practical path forward. Start small, test thoroughly, and iterate based on
what you observe in real usage.



