High-Dimensional Sequence Predictor ‘ Bayesian Orchestration Control

Position:

Agentic Al systems should be making
Bayes-consistent decisions!
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Predictive Execution Decision Under Uncertainty

~N
rLLMs excel at complex reasoning

and predictive token generation.
But token-level confidence does
not equal task-level certainty.
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(When an agent acts under
uncertainty with contextual costs,

\

Prediction is about generating the next plausible step.
Orchestration is about routing, stopping, escalating, and allocating budget under risk.

it requires a decision-relevant \0.3 —_— C=$
latent state to account for shifts in = [| =~
\the user, task, or tool ecosystem. J
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The control layer is where Bayesian principles belong.

A ®

Takeaway: Treat LLMs as black-box predictive components. Their outputs

) BAYESIAN LLMs «/ BAYESIAN ORCHESTRATION
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are probabilistic evidence fed into an independent Bayesian controller.
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The Bayesian Control Loop separates evidence from decision making.

Black-Box Predictors r Utility Policy
Outputs

Controller
Value-of-
Posterior Information M
& .

Bayesian R T
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'. 3 Action Trigger
\
\ Tracks and updates posterior
\ distributions over task . -VCQuery TOOD
\ variables. Ll”
\\ e T ->(Ask Human)
i 21 ) 0 1 O 1 T ->< Stop )

Triggers tools only when expected improvement outweighs the cost.
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LLM API Signal: z,

° e
s The orchestrator’s confidence The observation model mapping A crucial source-specific weight.
T — in the task outcome before the raw agent message (z;) to Down-weights evidence from weaker
- | querying the agent. a likelihood of success. or biased sources so the system does ;
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An architecture built for modern human-Al software stacks.

[_1. Reasoning about utilities

|
|
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and costs:

Modelling privacy risks and call
costs as dynamic components. ||
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3. Efficient interaction
history integration:

Bayesian distillation replacing
massive context windows.
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4. Human-Al and multi- |
agent integration:

Treating human feedback as
probabilistic observations.
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5. Industry alignment:

Built on typed schemas in
I_:I' ypeScript and Python. |

.........
.......

;‘ Exposing only simple cost and

’—1— 6. Multimodal readiness: j
Text, video, and audio
5 |

2. Improved decision making_|
with low overhead:

l Operating under fixed =
| computational budgets.
\ -

evaluated as equal

evidence. l 3
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7. Accessibility without —] s

Bayesian expertise: —_-.]
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THE AGENTS
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: Each query incurs a cost.
|

Noisy messages update = —
R the belief distribution.
/\
[ The system does not track token parameters; it tracks the probability of code survival. J
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: LLM Agents =
! I M . : a
| | Belief over hypothesis
| | e =
: Log [
| Inspector
O ‘ :
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: Code
: Reviewer | h1: Memory Leak h2: Race Condition h3: APl Change
| I
l |
|
: |
: : [r_—Mechanism: Agents provide text-based arguments. The ﬂ

orchestrator treats text as probabilistic observations.

Result: When the belief max;;(h) exceeds the confidence
Lthreshold, deliberation stops, avoiding infinite argumentative loops. |
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Case Study 3: Bayesian Routing Across Task Ecosystems

nn - Cross-task Competence Profiles (y;)
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Outcomes (y,) continuously update profiles,
optlmlsmg latency and cost online.
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A unified theory of operation across any agentic use case.

= >
Code Generation Incident Deliberation | Ecosystem Routing
l The Latent Task Outcome Discrete Hypothesis Agent Competence
Variable (Y €{0,1}) (h € H) (¥;) |
The Evidence Code Snippets & Conversational Historical Success
Source Test Logs Arguments Labels
The Bayesian Stop / Purchase Escalate to human / Select tool
Action more tests Conclude root cause | (Explore vs Exploit)
m . . . B
Regardless of the domain, the LLMs remain non-Bayesian generators.
The Bayesian structure dictates what to track, what to trust, and when to act. ,
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100%
Asymptote

Probability

Cost & Risk Profiles

Dynamically updating budget
allocation based on the
asymmetric costs of errors

Tracking the

probability of ultimate

success based on
current evidence

Continuously modelling
the trustworthiness of
black-box LLMs

and external APls

Error 0.0

Error 1.5

Inside the Control State Core.

Task Outcomes & Hypotheses
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Seven design patterns for Bayesian Orchestration.

r—

2. Messages as observations

Map agent text outputs to
likelihood information via
observation models.

1. Task-level belief factoring

Represents uncertainty in
decision-relevant latent variables,
not token uncertainty.

n ,_ 3. Reliability-weighted updates

Temper likelihoods based on source
bias to prevent overconfidence.

4. Dependence-aware
: evidence pooling

Account for statistical dependence |
e.g., shared prompts/retrieval). |
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5. Utility-based control

Express routing and stopping as
posterior expected-utility decisions.

6. Cross-task posteriors

Adapt online routing by maintaining
persistent tool profiles.
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7. Belief-state distillation

Compress interaction history
into sufficient statistics to
bypass context limits.
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|| Known risks and engineering mitigations c
rl A RISK =l £} ISSUE = S MITIGATION |~
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o —{_,““ Observation models mapping Continuous recalibration from
T | =\t text to likelihoods can be measurable outcomes and
- misspecified likelihood tempering —
"L High-Dimensional Messages I N | & J i
'Il A LM Repeated tool calls to the same Dependence-aware evidence -*!-'
@ '-"l / o \ Y LLLM LLM yield dependent evidence, pooling and conservative I |
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E N ated E s : creating false confidence updating
Hi - i n Implement one-step
| A ':'E 1 = Exact *Value-of-Information” approximations or learned
,, [N = @ calculations require expensive surrogates for expected loss
, H ; e multi-step planning duict
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' Takeaway: Bayesian control is resilient when updates are conservative and tied to verifiable outcomes |
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Predictive Calllnation & Vol

Task Success

Move beyond sequence prediction.
Implement outcome-based evaluation tracking predictive
calibration and Value-of-Information (Vol) metrics.

/4 Context —
Scales

Confidence /7N
Thresholds (@
C—l> N C—

Expose simple user controls (confidence/cost dials).
Distil interaction history to manage context windows.

* 02. Control layer modellingﬂ :;

Observation

Formalise belief states.
Learn observation models from outcome-labelled
logs and recalibrate online.

1 04. Theory for orchestration_%

2
—»| Bandit —l

Decision Route

t

o =10

Develop decision-focused generalisation models.
Use Bayesian bandits for routing under non-stationarity.
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 Let LLMs prioritise predictive capability. Let the orchestration layer prioritise utility, cost, and truth.

The question is not whether an LLM ‘is Bayesian'.

The question is whether your Al system behaves
as a coherent decision maker under uncertainty.
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