
Credo: Declarative Control of LLM Pipelines
via Beliefs and Policies

Duo Lu
Brown University
duo_lu@brown.edu

Andrew Crotty
Northwestern University

andrew.crotty@northwestern.edu

Uğur Çetintemel
Brown University

ugur_cetintemel@brown.edu

ABSTRACT

AI assistants are becoming commonplace in domains that require
stateful decision-making in continuously evolving environments.
As such, correctness depends on an assistant’s ability to flexibly
adapt by incorporating new evidence or revising prior conclusions.
However, existing approaches rely on either static control flow (e.g.,
fixed pipelines) or unreliable agentic reasoning.

We therefore introduce Credo, a database-backed semantic con-
trol plane for LLM pipelines that represents state as high-level
beliefs and guides execution through declarative policies defined in
terms of those beliefs. Through this design, Credo enables adaptiv-
ity based on runtime signals while also simplifying auditing and
debugging. This demo will illustrate these concepts using an LLM
pipeline built for a financial question answering benchmark.
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1 INTRODUCTION

Imagine a financial analyst asking an AI assistant: “What was the
year-over-year revenue change for Apple in Q3 2023?” To answer
this question, the assistant must decide how much evidence to
gather, which model to use for reasoning, and the best method
for validating the result. Most LLM orchestration frameworks (e.g.,
LangChain [1]) involve static control flow, either in the form of
a fixed pipeline or explicit instructions embedded directly in the
prompts. This mixture of control flowwith program logic makes the
resulting behavior both rigid and difficult to reason about, especially
when debugging. Moreover, developers must carefully balance the
ability to handle more complex tasks against the risk of overprovi-
sioning for simpler ones.

To illustrate this problem, we randomly selected 100 tasks from
FinanceBench [4] and ran them with 18 different pipeline configu-
rations representing all combinations of three Gemma 3 [12] model
sizes, three prompting strategies, and two retrieval methods. The
results, shown in Fig. 1, highlight two key findings.
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Figure 1: Accuracy vs. cost for each of the 18 configurations

on 100 randomly chosen tasks from FinanceBench [4].

First, retrieval method matters more than model size. For ex-
ample, with the 12B model and DSPy’s [5] chain-of-thought (CoT)
prompting strategy, simply switching the retrieval method from
BM25 lexical search to vector similarity search increases accuracy
from 43% to 64% at similar inference cost. More strikingly, the 4B
model with vector retrieval outperforms the 27B model with BM25
retrieval, even though the latter has a 5× higher inference cost.

Second, tuning the prompting strategy alone provides clear im-
provements for virtually all combinations of model size and re-
trieval method. For instance, switching fromDSPy-CoT to a domain-
specific prompt with the 12B model and BM25 retrieval yields an
accuracy improvement of 20 percentage points with no commensu-
rate cost increase. In some cases (e.g., with the 4B model and BM25
retrieval), this prompting strategy can even improve accuracy while
simultaneously reducing cost.

This complex space of potential optimizations motivates the
need for an adaptive approach that can react to runtime signals
and select the appropriate execution flow on a case-by-case basis.
On one end of the spectrum are semantic query processing engines
(e.g., LOTUS [10], DocETL [11], Palimpzest [7]), which expose com-
posable LLM-powered operators for a more declarative approach
to pipeline specification. However, control flow is typically fixed
when lowering these pipelines to corresponding physical plans,
perhaps with minor adaptivity baked into the prompts of individual
operators. At the other extreme, agentic AI frameworks (e.g., Re-
Act [15], AutoGen [13]) have no predefined control flow path and
instead rely entirely on LLM reasoning to drive execution. Agents
offer substantial flexibility because they can reevaluate and modify
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current plans based on the results of each execution step, yet this
autonomy makes precise behavioral control and enforcement of
certain guarantees extremely challenging.

Our approach, called Credo, achieves the best of both worlds
by allowing developers to define logical pipelines composed of
high-level operators, with adaptive physical execution decisions
handled separately by a database-backed semantic control plane.
Credo’s core abstractions include beliefs, which represent claims
about runtime state (e.g., query complexity, evidence relevance),
and policies, which are declarative rules that prescribe how to adjust
execution behavior in response to those beliefs. As new runtime sig-
nals emerge, Credo’s execution engine reevaluates beliefs, triggers
policies, and updates the physical plan accordingly. Consequently,
these execution decisions become explicit, making runtime behavior
more understandable and controllable. In this demo, the audience
will interactively compose beliefs and policies to adaptively control
an LLM pipeline built for FinanceBench.

2 CREDO

We argue that the logical definition of LLM pipelines (i.e., the types
and ordering of operators) should be decoupled from physical ex-
ecution decisions (e.g., model choice, evidence retrieval method,
result verification) [2]. As shown in Fig. 2, Credo achieves this
separation through three complementary layers: (1) an observation
layer that makes runtime state explicit as high-level beliefs; (2) a
decision layer that manages declarative policies over those beliefs;
and (3) an execution layer that applies actions to adapt the pipeline
when policies fire. In the following, we describe each in more detail.

2.1 Observation Layer: Beliefs

In the observation layer, Credo maintains a set of beliefs that de-
scribe the current state, expressed as (value, confidence) pairs
representing semantic claims and any associated uncertainty. Be-
liefs are computed by extractors (e.g., heuristics, classifiers, LLM
prompts) that either operate directly on raw evidence like docu-
ments or build on top of other beliefs. Credo can resolve static
beliefs before execution begins, whereas dynamic beliefs depend
on intermediate results.

Fig. 3 shows two example beliefs. The query_complexity be-
lief wraps an implementation of RouteLLM [9], a lightweight LLM
router that dynamically predicts whether a particular query will
benefit from using a larger model. Note that this belief is static,
meaning that Credo can perform the extraction based solely on
information available prior to operator execution. The relevance
belief, on the other hand, is dynamic, since it depends on infor-
mation available only after retrieval (i.e., if retrieved documents
are relevant for a particular query). This belief is implemented
as an LLM-as-a-judge extractor that evaluates whether the docu-
ments actually contain the information necessary to answer the
question, returning a (value, confidence) pair where value ∈
{correct, ambiguous, incorrect}.

One obvious concern is the extraction cost, as some beliefs may
be particularly expensive to evaluate (e.g., requiring LLM invoca-
tion). To mitigate this problem, we are developing a cost-based
optimizer for belief extraction planning, such that expensive beliefs
are extracted as infrequently as possible.

2.2 Decision Layer: Policies

The decision layer handles how and when to adapt the pipeline
based on the current set of beliefs. Some existing frameworks sup-
port adaptivity in narrow circumstances, such as CRAG [14] for
retrieval quality or Self-Refine [8] for answer quality. In contrast,
Credo externalizes this logic into policies, which are declarative
rules that map belief conditions to physical operator parameters.
Each policy specifies target operators and a set of these physical
parameters to apply, with trigger conditions that can consider both
the belief values and their associated confidence scores. Develop-
ers can also assign an explicit priority to each policy, such that
rewrites will occur in priority order if multiple policies fire at the
same time. Much like declaring an index to change physical access
paths without rewriting a SQL query, Credo enables policy tuning
independent of the pipeline’s control flow; that is, developers can
extend the adaptivity of LLM pipelines simply by updating the
policy catalog rather than the underlying implementation.

Fig. 3 shows two example policies. The first is an operator rewrite
that fires when query_complexity.value ≥ 0.25 with suffi-
ciently high confidence, modifying generate to use the largest
available model. The second is a pipeline rewrite that fires when
relevance.value = incorrect, indicating that the retrieved evi-
dence does not support an answer to the question. The policy there-
fore invalidates existing state (i.e., {evidence, model_answer,
verified}) and rewrites retrieve to use vector retrieval with
more candidates. Note that these rewrites apply only to queries
that trigger the policies, whereas those that do not will execute
with the original pipeline.

2.3 Execution Layer: Actions

The execution layer applies the actions associated with policies
whenever they fire and invokes their target operators. Consistent
with Credo’s separation between logical pipeline definition and
physical execution, operators have no direct knowledge of beliefs
or policies; they simply receive a set of parameters and execute.
Instead, the semantic control plane handles all planning and op-
timization, similar to the traditional separation between logical
relational operators (e.g., joins) and selection of a physical imple-
mentation (e.g., hash vs. sort-merge).

Credo currently provides three built-in operators: (1) retrieve,
which gathers evidence using a configurable document retrieval
strategy; (2) generate, which invokes the chosen LLM with a cus-
tomizable prompting strategy; and (3) verify, which evaluates
answer correctness via techniques like LLM-as-a-judge or chain-of-
verification [3]. Developers can also register user-defined operators
for their applications (e.g., custom API calls, domain-specific tools).
In the future, we plan to extend Credo’s built-in operator set to
include functionality like web search, code interpreters, and storage
for long-term agentic memory.

3 DEMO DESCRIPTION

The demo will center on FinanceBench [4], a financial question
answering benchmark with tasks ranging in difficulty from simple
calculations to multi-step, cross-document reasoning. The audience
will use Credo’s web interface (Fig. 4) to create custom beliefs and
policies while observing their effects on pipeline execution.
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Figure 2: Overview of Credo. Developers specify a logical LLM pipeline accompanied by a set of declarative beliefs and policies

that form its semantic control plane, allowing adaptivity without directly modifying the underlying code. The observation layer

evaluates beliefs based on available evidence, the decision layer evaluates policies over belief values and associated confidence

scores, and the execution layer applies the corresponding rewrites before continuing with the updated physical plan.

/* static */
BELIEF query_complexity(input:query):

(value , confidence) = routellm_router(input:query)

/* dynamic */
BELIEF relevance(input:query , context:evidence ):

/* value ∈ {correct , ambiguous , incorrect} */
(value , confidence) =

llm_judge(input:query , context:evidence)
DEPENDS ON {context:evidence}

/* operator rewrite */
WHEN query_complexity.value >= 0.25

AND query_complexity.confidence >= 0.7
THEN REWRITE generate SET model = gemma3 -27b

/* pipeline rewrite */
WHEN relevance.value = incorrect

AND relevance.confidence >= 0.8
THEN INVALIDATE {evidence , model_answer , verified}

REWRITE retrieve SET method = vector , top_k = 12

Figure 3: Example belief and policy definitions.

As a jumping-off point, we will begin with two tasks from Fi-
nanceBench that appear superficially similar but demand very dif-
ferent execution strategies. The first is a simple lookup that re-
quires locating a single numerical value in an income statement:
“What was Apple’s total revenue in FY2022?” The second requires
extracting two different numerical values from a table and then
performing a two-step computation: “What is Microsoft’s FY2022
gross profit margin?” As explained, a fixed pipeline would either
waste resources on the former or risk errors on the latter.

Using these two questions, the audience will receive a brief
tutorial that illustrates how Credo solves this problem through
our framework of beliefs and policies. First, we will register the
RouteLLM [9] router from Fig. 3 as a belief, as well as specify corre-
sponding retrieval and model choice policies (e.g., use the 4B model
and BM25 retrieval with 𝑘=6 below a 0.12 threshold). We will also
define a belief modeled on CRAG to evaluate whether the retrieved
evidence is actually relevant to the question and related policy to
switch to vector retrieval whenever this belief returns incorrect.
A similar complex_calculation belief will determine if an answer
requires combining multiple pieces of evidence, with a policy to re-
generate using the 27Bmodel and a modified prompt describing this

requirement. Finally, the groundedness and has_hallucinations
beliefs will assess whether the gathered evidence fails to support
the conclusions and detect any potential hallucinations in the an-
swer, respectively, either of which will trigger another corrective
policy to retry the generation.

After the tutorial, the audience can freely explore Credo by sub-
mitting predefined tasks from the benchmark or their own custom
queries via the query box 1○. The logical LLM pipeline consists of
three steps (retrieve → generate → verify) and appears just
below the query box 2○. The interface also displays the current
belief catalog 3○ and policy catalog 4○, which can be adjusted using
the inline editor to see how changes affect the compiled plan. Click-
ing Start will compile and execute the pipeline, evaluating beliefs
throughout execution and updating the physical plan as policies
fire 5○. When the task completes, the interface will show the final
answer along with details about every execution step 6○, including
a cost breakdown for each operator, trace of all belief evaluations
and triggered policies, and summary of corrective rewrites applied.

4 CONCLUSION & FUTUREWORK

We presented Credo, a framework for controlling the runtime
behavior of LLM pipelines through declarative beliefs and policies.
During the demonstration, the audience will observe firsthand
how Credo can support runtime adaptivity for these pipelines
without changing the underlying application code, all while making
execution decisions more transparent.

Moving forward, we plan to extend Credo with new operators
and tools to support a broader range of applications. Our longer-
term goal is to enable richer agentic workflows, potentially even
automating the discovery of new beliefs and policies. For example,
a search process could propose candidates, test them against exe-
cution outcomes, and retain successful strategies for reuse across
tasks, similar to approaches like Meta-Harness [6]. The resulting
optimization loop would substantially reduce the burden on devel-
opers while keeping these decisions explicit.
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Figure 4: Credo’s web interface. 1○ Query Box: Allows selecting from predefined benchmark tasks or submitting a custom query.

2○ Logical Plan: Shows the high-level operators that make up the LLM pipeline. 3○ Belief Catalog: Reports each belief’s current

(value, confidence) pair based on the available evidence and allows for the definition of new beliefs. 4○ Policy Catalog: Lists
the active policies and supports inline updates, as well as the creation of new policies. 5○ Physical Plan: Displays the operator
configurations produced during compilation and highlights subsequent rewrites as policies fire. 6○ Event History: Records a
trace of evaluated beliefs, triggered policies, and operator executions, including details like inputs/outputs, cost, and latency.
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