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Abstract
We introduce Epi, a domain-specific language whose type system
makes the boundary between deterministic computation and LLM-
inferred values explicit and enforceable at compile time. From a sin-
gle .epi source, the Epi transpiler emits a complete Next.js project:
database schema, API routes, authorization middleware, runtime
validators, LLM call wrappers, and human-review checkpoints. Ev-
ery AI-inferred field carries a type-level contract (an enum, a nu-
meric range, a confidence threshold, an optional Bayesian prior)
that the transpiler discharges in the generated code: the developer
does not write the validation, the type does. We argue that LLM
hallucination cannot be prevented, but that it can be contained, by
construction, at a type-system boundary in generated code. We
exercise Epi end-to-end on one source compiled against Anthropic
Claude and Qwen 2.5 3B (local, via Ollama), where the boundary in-
tercepts a low-confidence misclassification before it reaches a data-
base of record, and probe it on 40 curated inputs: no value outside
a declared enum ever reached the persistence path, while contain-
ment of merely wrong values is bounded by the model’s confidence
calibration. Unlike typed-LLM interfaces such as BAML and DSPy,
which give structure to individual model calls, Epi propagates one
epistemic contract across the whole generated application, from the
database column to the human-review checkpoint. A mechanized
soundness proof and a controlled comparison against hand-written
baselines remain future work. Epi is open-source under the Apache
2.0 license.
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1 Introduction
Large Language Models (LLMs) are increasingly embedded in pro-
duction software, performing classification, extraction, summariza-
tion, and generation alongside conventional business logic. Yet the
languages we build that software with were designed for deter-
ministic computation: a function, given the same input, returns
the same output. That assumption fails the moment an LLM enters
the call graph, because the model may confidently return content
that is fluent but unfaithful to its input, a failure mode surveyed as
hallucination [6].

Throughout this paper we call a value epistemic when it is pro-
duced by LLM inference and therefore carries uncertainty, in con-
trast to a rigid value produced by ordinary deterministic code. We

identify three concrete problems that arise when the two kinds
of value are built in a conventional language whose type system
cannot tell them apart. We phrase them against one common target,
a TypeScript web application with a Prisma-managed database,
though they are properties of the host language’s type discipline
rather than of any stack.

P1: No type-level separation between rigid and epistemic
values. Consider a clinical-triage record with two fields: status,
written by application code, and risk, produced by an LLM classi-
fier. Declared as status: String and risk: String, the two are in-
distinguishable to the type checker. If the model returns "Unknown"
instead of an expected label ("High", "Medium", "Low"), the value
reaches the database with no type-level alarm, because nothing in
the type of risk records that it came from inference and must be
validated.

P2: Forced stack fragmentation. One AI-augmented feature
forces the developer to hold several mental models at once: in the
stack above, Prisma for the schema, TypeScript for the API, React
for the UI, and a vendor SDK for the LLM call. The combination is
one among many, but the difficulty is general: a single conceptual
decision is spread across several grammars and toolchains, with no
one place that states the epistemic contract.

P3: No grammar construct that requires a hallucination
contract. Output validation, retry strategies, confidence threshold-
ing, fallback dispatch, and audit trails are the safeguards a developer
would add around an LLM call. The language-design problem is
that no construct in a general-purpose host grammar requires any
of them: each is an ordinary library call the developer may write,
forget, or remove, and the type checker never objects. We want a
grammar in which these safeguards are obligations attached to the
epistemic type rather than optional additions.

This paper introduces Epi, the Epistemic Programming Interface,
a domain-specific language and transpiler addressing these prob-
lems together. Its type system separates the two domains at the type
level, and not merely descriptively: whenever an epistemic value
crosses into rigid application state, the generated code requires
runtime validation by construction. Epi also defines a compact lan-
guage built from five declaration forms: Entity for typed schemas,
Guard for authorization predicates, Pulse for AI execution units,
Pipeline for composed flows, and Lens for user-interface surfaces.
We do not claim this set is minimal or complete; it is the set the
current transpiler lowers, and four of the five are exercised in Sec-
tion 5. The language is specified by an EBNF grammar processed
by the Lark toolkit [14] and presented in Section 3, from which the
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transpiler generates a three-layer architecture where the LLM is
excluded from the deterministic layers and may act only within
constraints they emit.

We demonstrate the approach on an end-to-end worked example
in which one .epi program runs against both a frontier cloud LLM
and a small local open-weight model, intercepting a low-confidence
misclassification before it reaches persistent state, and then on a cu-
rated set of 40 inputs that separates what the boundary guarantees
structurally from what it merely mitigates. Neither is a controlled
study against a hand-written baseline, which remains future work.

The central claim of this paper is intentionally limited in scope:
LLM hallucination cannot be prevented, but it can be con-
tained by construction at a type-system boundary in gener-
ated code.

2 Background and Related Work
Epi sits at the intersection of information-flow control, probabilis-
tic programming, and typed tools for LLM-augmented develop-
ment. Information-flow control (IFC) tracks how values in distinct
domains, classically public and secret, propagate through a pro-
gram, rejecting those that leak one into the other. Sabelfeld and
Myers [13] survey its language-based form, where the type system
enforces non-interference: observable outputs must not depend on
secret inputs. Epi’s Rigid/Epistemic distinction is structurally analo-
gous, with epistemic provenance taking the place of confidentiality;
Russo and Sabelfeld [12] likewise contrast dynamic and static flow-
sensitive analyses encoding non-interference between domains.
The transpiler enforces the property by emitting validation at every
crossing.

Probabilistic languages such as ProbZelus [2] and SlicStan [5]
treat distributions as first-class and separate deterministic com-
putation from inference. Epi shares the concern that uncertainty
belong in the language rather than hide inside ordinary values, but
orchestrates calls to pre-trained endpoints instead of specifying
models or compiling inference procedures.

Closest are typed interfaces for LLMs: BAML [4] provides typed
signatures for LLM functions, and DSPy [7] compiles declarative
signatures into optimized prompting strategies. Both structure in-
teractions with language models at the level of individual calls or
prompt modules. Epi extends the idea to whole-application gen-
eration: one specification yields database structures, middleware,
validators, and interface scaffolding. It thus also connects to full-
stack DSLs such as Wasp [15], which targets React and Node from
a high-level specification but encodes no type-level distinction for
AI-inferred values. What separates Epi from all three is the epis-
temic discipline itself: audit-by-construction is a property of the
type, not a feature the developer can forget.

3 The Epistemic Type System
Rigid types are deterministic: the eight base types listed as
rigid_type below. Epistemic types are AI-inferred and carry
mandatory validation parameters, each parameterized by its own
constraints (allowed values, max tokens, dimensions) plus optional
attributes such as strict, prior, and confidence_threshold.
Writing ID for identifiers and eliding the lexical productions, the
core of the EBNF is:

decl ::= entity_decl | guard_decl | pulse_decl
| pipeline_decl | lens_decl

entity_decl ::= "Entity" ID "{" field+ "}"
field ::= ID ":" type
type ::= rigid_type | epistemic_type
rigid_type ::= "UUID" | "Text" | "Int" | "Float"

| "Decimal" | "Bool" | "DateTime" | "JSON"
epistemic_type ::= ai_kind "(" args ")"
ai_kind ::= "AI.Enum" | "AI.Text" | "AI.Score"

| "AI.Classification" | "AI.Embedding"
enum_args ::= id_list ("," enum_attr)*
enum_attr ::= "strict" ":" bool

| "prior" ":" distribution
| "confidence_threshold" ":" number

guard_decl ::= "Guard" ID "{" cond "}"
pulse_decl ::= "Pulse" ID pulse_body
pulse_body ::= "{" input protect?

(process | trace_decl+) output "}"
trace_decl ::= "Trace" ID trace_body
trace_body ::= "{" execute expose?

checkpoint? "}"
pipeline_decl ::= "Pipeline" ID

"{" flow on_error? "}"
lens_decl ::= "Lens" ID "{" lens_body "}"

The epistemic domain is therefore a syntactic category, not a
convention: no production allows an AI.* constructor where a
rigid_type is expected, or the reverse, so the distinction survives
parsing and reaches the generator as a node tag rather than a
naming discipline.

A field declared with an epistemic type imposes obligations on
the generated code:
risk: AI.Enum(High, Medium, Low, strict: true,

confidence_threshold: 0.85)

Here High, Medium, and Low are the only admissible labels;
strict forbids anything outside that set; confidence_threshold
is the minimum self-reported confidence below which the value is
routed to human review instead of persisted. AI.Score(min: 0,
max: 5) applies the same discipline to numeric inference, and
the transpiler emits the matching bound check. In both cases the
declaration is a contract, not a hint.

The single risk declaration requires the transpiler to emit four
artifacts: (a) a database column of compatible storage type; (b) a
runtime validator, emitted as a Zod [8] schema that parses the
incoming value and raises an error when it falls outside the declared
enum; (c) an LLM inference call wrapped to return JSON with
the value and a _confidence field in [0, 1]; and (d) a confidence-
aware dispatch that routes to a Checkpoint endpoint for human
review when the reported confidence is below the threshold, and
otherwise validates and persists.

The confidence in (c) is elicited: the transpiler appends a system-
prompt instruction requiring the model to report it, rather than
deriving it from token log-probabilities, which providers do not
expose uniformly. When the model omits it, the generated code
substitutes 0.5, below every threshold declared here, so an absent
confidence fails towards review.

None of these artifacts is optional: the type itself forces their emis-
sion, so the type carries an obligation that the transpiler discharges in
the generated code, and in Pierce’s terms [11] the transpiler refuses
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to emit programs that persist unvalidated AI output. The invariant,
informal at this stage for the reasons given in Section 6, is that
for every well-typed Epi program, every path from an AI.*-typed
expression to a persistence sink passes through a validator on that
type.

Crucially, the typed-signature DSLs discussed in Section 2 gen-
erate only artifact (c) above; Epi additionally generates (a), (b), and
(d) as structural consequences of the same declaration.

These obligations are stated for AI.Enum, the strongest epis-
temic type; the others follow the same pattern with weaker guaran-
tees. AI.Classification constrains a declared label set but admits
more than one label per inference, AI.Embedding fixes the emitted
vector’s dimension, and AI.Text bounds only length and format,
since free-form generation admits no enumeration of admissible
values. Containment therefore degrades with the type: what the
boundary can reject is exactly what the type constrains, so an
AI.Text field still obtains (a), (c), and (d), including the review
path, but its validator has no membership test to perform. This is a
limit of the discipline, not of the implementation, and it is why the
evaluation below uses an enumerated field.

3.1 The Five Primitives
Of the five declaration forms, only Pulse and the epistemic fields
within Entity invoke themodel; Guard, Pipeline, and Lens are deter-
ministic. That asymmetry is what keeps conventional computation
and probabilistic inference apart in the language itself.

A Pulse may also be decomposed into a sequence of Trace steps,
each able to Expose intermediate reasoning fields and to pause
at a Checkpoint for human review before the next step proceeds.
Take a clinical-triage Pulse TriageNote that declares Protect:
Guard.CliniciansOnly, reads a Record, writes Record.risk, and
holds one Trace:
Trace Interpret {

Execute: AI.reason(source: Input.note,
prompt: file("interpret.md"))

Expose: findings, severity
Checkpoint: ReviewRequired(

role: "Clinician")
}

Informally: Protect discharges the named Guard before any
inference runs, so an unauthenticated request never reaches the
model. The Interpret Trace issues one AI call and binds the fields
listed in Expose from the model’s JSON output. Because it declares
a Checkpoint, execution suspends and those fields surface through
a generated inspect/resume endpoint, resuming only after a user in
the "Clinician" role approves or corrects them. Each paused step
carries the exposed fields, the raw output, the reported confidence,
the threshold that caused the pause, the reviewer’s identity, and
any correction injected downstream, so the record an audit needs is
produced by the generated code rather than added to it. The emitted
store holds it behind a save/get/update interface backed by an in-
process map; binding that to a durable backend is a deployment
concern the interface isolates, and the current release leaves it
undone. The value written to Record.risk is thus the AI.Enum
declared earlier, now validated and, when uncertain, reviewed. The
mechanism targets high-stakes workflows, where auditing the final
output alone is not enough.

An AI.Enum field may also declare a prior over its labels, in
which case the transpiler emits a Bayesian-update function com-
bining that prior with the model’s reported likelihoods, so the
posterior couples model output with domain base rates rather than
overwriting them. Since both attributes may appear on one field,
the composition order must be stated: today they do not compose.
The dispatch of artifact (d) compares the raw reported confidence
against confidence_threshold, while the Bayesian function sits
beside the validator and exposes a posterior of its own. Comparing
the threshold against that posterior is the natural composition and
is left to future work.

We now describe how a Lark/EBNF grammar and these typing
constraints become a runnable Next.js project.

4 Transpiler Architecture
The transpiler has three layers. The first parses the .epi source
with the Lark grammar into an ASTwhere every type node carries a
domain tag, rigid or epistemic, assigned by the production that built
it rather than inferred later, since the grammar of Section 3 already
separates the categories. An Entity node thus exposes two derived
views, one per domain, and that tag is the pivot of the design, be-
cause generator dispatch is a case split on it. The Rigid Generator
consumes the rigid view and emits the Prisma schema, the route
handlers, the authorization middleware derived from Guard condi-
tions, and the Zod validators. The Epistemic Generator consumes
the epistemic view and emits the call wrapper, the confidence ex-
traction and threshold comparison, the Bayesian update when a
prior is declared, and, for a Pulse decomposed into Traces, a trace
store with inspect and resume endpoints per Trace.

Splitting the generators by epistemic domain rather than by
output artifact is what carries the invariant. A full-stack generator
is conventionally organized as onemodule per target file; under that
split, the validator of an AI-inferred field is emitted by the schema
module under a conditional and the dispatch by the route module
under another, so nothing structural stops a later code path from
lowering an epistemic field while skipping one of them. Making
the domain the dispatch key removes that possibility: an epistemic
node has exactly one lowering, and it emits the validator and the
dispatch together with the call. The four artifacts of Section 3 thus
come from one traversal rather than from the developer, and one
.epi source replaces the several grammars identified in P2.

The LLM is formally excluded from Layers 1 and 2: the deter-
ministic layers encode the constraints under which the application
operates, and the epistemic layer may act only within them. These
are not runtime checks added after the fact, but invariants fixed at
generation time that the emitted runtime cannot violate without
failing closed.

Layer 3 also emits a provider-agnostic client behind a uniform
llmCall interface; environment variables select between An-
thropic Claude [1] and any OpenAI-compatible endpoint, with
Ollama [10] for local open-weight models. The contract is identical
across providers: output must be valid JSON, carry a _confidence
field, and parse against the Zod schema, so provider choice is a
deployment concern rather than a code change.
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5 Demonstration
We exercise the system end-to-end on a single educational sce-
nario, as a worked example rather than a controlled study. The
complete .epi source appears below with identifiers in English;
the distributed program is identical but for Portuguese identifiers
and prompt.
Entity Submission {

id: UUID(auto), prompt: Text, answer: Text,
evaluation: AI.Enum(Correct, Partial,
Incorrect, strict: true,
prior: Distribution(Correct: 0.40,

Partial: 0.45, Incorrect: 0.15),
confidence_threshold: 0.85)

}
Guard TeachersOnly {

Condition: Auth.Role == "Teacher"
}
Pulse EvaluateAnswer {

Input: Submission
Protect: Guard.TeachersOnly
Process:
Execute: AI.classify(source: Input.answer,

prompt: file("evaluate.md"),
temperature: 0.1,
on_low_confidence:

Checkpoint.ReviewRequired(
role: "Teacher"),

on_fail:
Fallback.ManualReview(Queue: "Teachers"))

Output: Submission.evaluation
}
Pipeline AssessmentFlow {

Flow: EvaluateAnswer
On_Error: Retry(max: 2, backoff: exponential)

}

The epistemic field evaluation declares a prior and a confidence
threshold; the Pulse routes low-confidence outputs to a teacher
checkpoint and malformed ones to a manual-review queue. The
transpiler emits 13 files totalling 477 lines, 287 of them TypeScript
and Prisma schema.

We compile the same source twice and run both deployments
unchanged, against Anthropic Claude Sonnet 4 in the cloud and
against Qwen 2.5 3B Instruct (Q4_K_M) served locally by Ollama
on an Apple Silicon laptop with 16 GB RAM. The only difference
is EPI_AI_PROVIDER in the deployment’s .env. Both receive the
same inputs against the prompt “What is photosynthesis?”.

One input carries the demonstration. Given a textbook-correct
answer, the small model returned "Partial" with a reported confi-
dence of 0.8, a false negative that, once persisted, would have penal-
ized the student unfairly. Because 0.8 falls below the confidence_
threshold: 0.85 declared on the field, the dispatch emitted in
Layer 3 routed the case to a teacher checkpoint before it reached the
database. Claude returned "Correct" at 0.93 on the same input and
passed validation directly, so the two providers differ in accuracy
and in latency (2.6 s against 1.1 s) while behaving identically at
the boundary. A control input injecting malformed JSON exercises
the other path: the generated Zod schema rejects it and Fallback.
ManualReview queues the request. No line of this behaviour was
written by hand; all of it follows from the type declaration, which

Table 1: Boundary outcomes over 40 curated inputs, Qwen 2.5
3B, under two declarations of the AI call’s source. The two
.epi programs differ only in that token; enum, prior, thresh-
old, Checkpoint and Fallback are identical.

answer answer +
only question

Persisted without review 20 16
Routed to human checkpoint 20 24

Outside the declared enum, persisted 0 0
Wrong values persisted (30 gradable) 6 0
Wrong, had the output been unguarded 12 6

is the containment claim in miniature. Hallucination is not pre-
vented at the source, but it is prevented from silently crossing into
persistent state.

5.1 Containment on a Curated Input Set
A single scenario shows that the boundary can fire, not how often
it fires when it should. We therefore exercised the same generated
project on a curated set of 40 inputs, each with a gold label and a
written justification. The set is unbalanced towards cases that test
the boundary rather than confirm it: answers right but incomplete,
answers fluent yet wrong on a single word, inputs with no defensi-
ble single label, and adversarial inputs attempting to force a label
outside the declared enum. The items are in Portuguese, like the
distributed program.

The harness does not reimplement the boundary: it imports the
transpiler-emitted Pulse and records what that function returned,
so threshold comparison, schema validation and dispatch to Check-
point or Fallback all execute in generated code. Inference ran against
Qwen 2.5 3B locally, three times per item at temperature 0.1, the
outcome taken as the majority; 2 of the 40 items changed between
repeats. Median latency was 621 ms (Table 1).

Two results follow, of different weight. The first is structural and
never consults the gold labels: across every run, no value outside
the declared enum reached the persistence path. This was not for
lack of attempt. Against a deliberately weaker model, Llama 3.2
1B, one adversarial item drove the model to emit the invented
label CORRETÍSSIMO on all three repeats, which the generated Zod
validator rejected and routed to the manual-review queue; a second
drove it to unparseable output, caught by the parse path of the same
Fallback. Neither path was written by hand, and neither depends
on the inference engine behaving well.

The second result is weaker and depends on the gold labels. Of
the 30 items carrying a single defensible label, the model’s output
would have written a wrong value 12 times had it gone straight
to the database; the boundary kept 6 of those out, at the cost of
sending half of all items to review. Containment is therefore partial,
bounded by something the type system does not supply: the self-
reported confidence must actually track the errors. The 1B model
illustrates the bound by violating it, reporting high confidence
almost everywhere and so escaping with all 18 of its wrong values
while sending only 22% of items to review.
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The two columns isolate a language-level effect. They differ
in one token of the source: whether the AI call declares source:
Input.answer or source: Input, that is, whether the model sees
the answer alone or the answer with the question it responds to. The
epistemic contract is unchanged, yet under-specifying the source
doubles the raw error rate and defeats the boundary on the errors
that remain, because a verdict formed without the necessary in-
formation is still reported confidently. Source adequacy therefore
belongs in the contract next to the threshold, a concrete instance
of the calibration question of Section 6.

Three limitations bound these numbers. The items are synthetic,
authored for this evaluation rather than collected, so they probe
the boundary rather than estimate a field rate. The gold labels come
from a single annotator, with no second pass and therefore no
inter-rater figure; the structural result is unaffected, since it never
consults a label. And containment is not accuracy: three adversarial
items produced a wrong but confidently reported in-domain label,
which the boundary passed. A type system can require that an
uncertain value be reviewed and guarantee that an out-of-domain
value is never written, but it cannot detect a confident, well-formed
lie.

6 Discussion and Limitations
Epi’s type system is specified in an implementation-oriented rather
than mechanized form: the paper presents a working transpiler and
an empirical demonstration, but no mechanized soundness proof.
The invariant of Section 3, that every path from an AI.*-typed
expression to a persistence sink passes through a validator for that
type, can be read as non-interference between rigid and epistemic
value spaces. A full treatment in a proof assistant such as Coq [3] or
Agda [9] would require typing judgments, an operational semantics,
and a soundness theorem, and is left as future work.

A second open question is how the confidence_threshold is
chosen. It is a developer-supplied constant, which places the cal-
ibration burden on the developer and ignores that the compared
quantity is a confidence the model reports about itself, elicited by
prompt as described in Section 3 and not guaranteed to track its
actual error rate. Section 5.1 shows the consequence directly: the
same boundary that contained half of one model’s errors contained
none of a weaker model’s, because that model reported high con-
fidence almost everywhere. Three more principled routes are left
to future work: deriving the threshold from a labelled validation
set so it targets a chosen precision on reviewed cases; comparing it
against the Bayesian posterior rather than the raw report, which
also resolves the composition order left open in Section 3; and re-
calibrating reported confidences before comparison. In all three
the language surface is unchanged, since the threshold is already a
first-class attribute of the type; only the value bound to it would be
computed rather than written by hand.

Two further limits belong to the prototype rather than the design:
the FastAPI target is partially implemented and gated in the CLI, and
the Mood declaration of Lens, whose tie to the epistemic discipline
is weakest, is marked experimental.

7 Conclusion and Future Work
LLM hallucination is a property of the inference, not of the sur-
rounding code, and cannot be prevented at the type-system level.
It can be contained. A type discipline distinguishing deterministic
from epistemic provenance can require, by construction in gener-
ated code, that every AI-inferred value pass a validator, report its
confidence, and surface for human review when uncertain. We have
implemented this discipline as a language and a transpiler, exer-
cised it against a frontier cloud model and a small local open-weight
one, and shown that the boundary catches a misclassification that
would otherwise reach a database of record and holds identically
across both engines. Where BAML and DSPy make a single model
call well-typed, Epi takes the crossing from inference into persis-
tent state as the thing to be typed, which is why one declaration
reaches the schema, the validator, and the review path at once.
Three directions follow: a mechanized formalization, a controlled
comparison against hand-written baselines, and a confidence_
threshold computed from a labelled validation set or the declared
prior rather than written by hand.

Artifact Availability
Epi is open-source under the Apache 2.0 license. The full source, the
example program of Section 5, and the generated TypeScript arti-
facts are at https://github.com/RandMelville/epi-lang (pip install
epi-lang); the containment harness of Section 5.1, its 40-item in-
put set with gold labels and justifications, and the raw per-call
results are in eval/. An archival snapshot is deposited on Zenodo
at https://doi.org/10.5281/zenodo.21433256.
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