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LLM output validation, defense patterns
that actually work.

Output validation is the defensive layer that checks what the AI produced before anything

downstream acts on it: before a UI renders it, before code runs it, before a tool dispatches it, before a

database mutates from it. The reason you need it: an Al that has been jailbroken or prompt-injected

will produce exactly what the attacker wants. If your downstream systems trust the AI's output by d

efault, the attack propagates from the AI to everything connected to it.

= HOW IT WORKS
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What are the five validation patterns worth
implementing?

1. Schema validation on function-call arguments.
When the model proposes a tool call, validate

the arguments against a strict schema before
dispatching. Reject anything that does not parse,
anything outside an allowed enum, anything that
references identifiers the calling user does not
own. Catches the bulk of injection-driven tool
abuse.

2. Render-boundary sandboxing. Strip
auto-resolving markdown links, sandbox image
rendering (or block remote images entirely),
disable HTML in model output that the Ul renders.
The classic exfil chain (planted instruction tells
the model to emit a markdown image with the
secret in the URL) dies here.

3. Deterministic action gating. For any
high-impact action (sending money, deleting
records, sending email, granting access), require
adeterministic policy check between the model's p
roposal and the actual side effect. The policy checks
ees the action and a structured summary, not the o
riginal user input.

4. Second-model judging. Have a second LLM

call (ideally a smaller, cheaper model running
with a strict system prompt) review whether the
proposed action is consistent with the user's i
ntent. Useful for cases where deterministic policyi
stoorigid butraw model trustistooloose. Beware: t
he second model is also injectable; do not feed it t

he original user input.

5. Citation grounding for factual claims. When

the model cites a source in a RAG-backed system,
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programmatically check that the cited chunk
supports the claim. Catches a large fraction
of knowledge-corruption attacks and incidental

hallucination.

Which output-validation patterns do not
work?

Three patterns we see fail in client engagements:

Regex-based payload filtering at the output
layer. Attackers paraphrase, encode, or switch
languages around any regex you build. Useful as
a tripwire, not as a perimeter.

Bigger models as the safety layer. A larger
and more capable model is also more capable
of being convinced. Capability and refusal
alignment do not scale together.

Chain-of-thought as audit trail. The model
can explain itself convincingly and still take
the wrong action. Treat the explanation as
commentary, not as proof of correctness.

How does SecureLayer7 test output
validation in client systems?

We start by mapping every place the model's o
utput crosses a trust boundary: into a Ul, into an i
nterpreter, intoatool call, into adownstream API. F
or each crossing, we ask three questions.

What does the boundary trust about the output?

What payload, if accepted, would cross the
boundary into damage?

What validation sits between the model and that

crossing?

Then we craft payloads that the input-side
defenses (if any) might let through, push them
through to see whether the output-side validation
catches them, and document the gap. The
deliverable is a list of unvalidated crossings
ranked by realistic blast radius, plus the pattern

from the five above that would close each gap.

How much output validation is enough?

It depends on the cost of getting it wrong for your
specific application. A read-only assistant that
produces text the user reads can usually rely on

render-boundary sandboxing plus a light citation
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check. An agentic system with payment authority

needs schema validation, deterministic gating,
second-model judging, and citation grounding,

with audit logging on every layer.

The right scope is whatever gets the realistic
blast radius of a successful injection down to
something the business can absorb. Most teams
we work with start with too little. The cost of
adding a layer is much smaller than the cost of an

incident.

Audit your output-validation layer.

Open online

securelayer7.net/learn/ai-security/l1lm-output-validation
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