REASONING ARCHITECTURES FOR SCIENTIFIC DISCOVERY

LECTURE 05

Experiment selection and information gain

Expected information gain over competing hypotheses.

Reasoning agents, feedback, and scientific evidence

Literature course - September 2026
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An unpredictable test can teach nothing

Two tests each return positive or negative with equal probability. Both look maximally
unpredictable before we run them.

For the first test, rival mechanisms predict different outcomes. For the second, both
mechanisms predict the same fair coin flip.

Only the first can change our relative beliefs. This exposes why raw outcome
uncertainty is the wrong target when the goal is to learn a mechanism.

Pedagogical reconstruction

Chaloner and Verdinelli (1995)
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Comparing what outcomes would change

List the possible outcomes and ask how each would change the hypotheses. We need
the likelihnood of an outcome under each candidate mechanism.

Because the result is still unknown, average the possible learning before choosing the
test. This constructs an expected information objective.

If the goal is a final action, ask instead whether the posterior changes that action
enough to justify the measurement cost. Learning and decision value can diverge.

Pedagogical reconstruction

Chaloner and Verdinelli (1995)
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Choosing the acquisition objective

Candidate

Outcome uncertainty

Reason to choose it

Find unpredictable or poorly modeled
observations

Cost or limitation

Can select noise unrelated to the
hypothesis

Expected information
gain

Distinguish candidate mechanisms

Depends on the hypothesis and outcome
models

Expected decision
value

Improve a specified final action

Needs utilities, costs and available
actions

Use information gain for the stated learning goal. Use decision value when a consequential action and its

losses define success.

Pedagogical reconstruction

Chaloner and Verdinelli (1995)
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Expected information gain averages possible futures

EIG(e) = F,[KL(b(h |y, e) | b(h))]

Expected information gain (EIG) averages the Kullback—Leibler (KL) divergence
KL(posterior I prior) over possible outcomes y of experiment e. Let b(h) denote the
current belief.

Equivalently, subtract expected posterior entropy from current entropy. The
expectation is taken before the experiment.

An information-gain estimate is only as useful as its likelihood and hypothesis class;
misspecification can make apparently decisive experiments misleading.

Bayesian design - Chaloner and Verdinelli (1995)
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Realised surprise and EIG are not interchangeable

After observing y, Bayesian surprise is the KL change from the prior belief to the
posterior. Predictive surprisal is instead minus the log probability of y.

EIG averages posterior changes over outcomes that might occur. A surprising

observation can reveal an instrument fault or model misspecification rather than a
useful discovery.

|dentify which quantity a paper actually optimises before transferring its result to
experiment selection.

Bayesian design - Chaloner and Verdinelli (1995)
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BioDiscoveryAgent: the method

The agent proposes genetic perturbations using previous experimental
observations, domain knowledge, literature retrieval, and critique.

It is evaluated as a policy for selecting candidates in iterative campaigns. The
language model’s proposal process is compared with established selection
methods under a defined action set.

The method demonstrates a practical experiment-selection interface without

automatically supplying a calibrated posterior over biological mechanisms or an
explicit expected-information-gain calculation.

Roohani et al. (2024)
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BioDiscoveryAgent: experiment-selection loop

Output from previous
experiment rounds

E Select gene Train machine

b

Closed-Loop Experiment Design

Conventional Approach

mentally perturb

representation learning model

Score all pertur- Select next
P

bations perturbations

Al Agent

Role

Output from previous o L> Language Model ' Set of genes to experi-
experiment rounds \ i mentally perturb o
E Agent ' | |jterature Review | Interpretable
Prompt 1 4 Gene Search 1 Results
| |
| !

+ Agent Critique

Desired
outcome

Task —

Past __ |
Results

B
Research Problem: You are a fhelpful research assistant. I’m
running a CRISPR screen to identify genes that|regulate the

18,939 possible genes and I need your help to|decide which

bgenes to perturb. After you select the genes to perturb, I

will experimentally measure the log fold change in Interfer-

Observations | from past experiments: [IL2RG:-8.658,
KLF4:0.412 ...

pproduction of Interferon-gamma (IFNG)| in the lab. There are

on-gamma (IFNG) normalized read counts and report the result.

Reflection: I recommend further perturbing genes involved in
the JAK-STAT pathway (JAK1, STAT3, STATSA) and interferon
regulatory factors (IRF4, IRF9) ...

Research Plan: Focus on pathways known to be involved in IFNG
regulation. Select new genes that may interact with hits or

explain misses ...

Solution: |[1. MAPK1, 2. NFKBL, 3. PTPN2, 4. FOXO1, 5. CEBPA,

U
Genes to perturb in the next round

Set o®

The conventional and agent loops organize previous observations and candidate selection differently. The
example shows how context and observed results enter the proposal process. This architecture alone does
not establish causal identification.

Roohani et al. (2024) ¢ Figure 1, p. 3
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BioDiscoveryAgent: mechanism detail

-

Al Agent

Output from previous Py
experiment rounds

»| Language Model

Set of genes to experi-
mentally perturb

Agent
Prompt

Role

+ Literature Review
+ Gene Search
+ Agent Critique

Interpretable
Results

Desired
outcome

Task —

Past |
Results

o
Research Problem: You are a |helpful research assistant. I’m
running a CRISPR screen to identify genes that|regulate the

18,939 possible genes and I need your help to | decide which
»genes to perturbl After you select the genes to perturb, I
will experimentally measure the log fold change in Interfer-

from

» Observations

KLF4:0.412 ...

past experiments: [IL2RG:-8.658,

»>production of Interferon-gamma (IFNG)| in the lab. There are

on-gamma (IFNG) normalized read counts and report the result.

Reflection: I recommend further perturbing genes involwved in
the JAK-STAT pathway (JAK1, STAT3, STATSA) and interferon
regulatory factors (IRF4, IRF9) ...

Research Plan: Focus on pathways known to be involved in IFNG
regulation. Select new genes that may interact with hits or
explain misses ...

Solution: |[1. MAPK1, 2. NFKB1, 3. PTPN2, 4. FOXOl, 5. CEBPA,

T
Genes to perturb in the next round

The selection component combines retained observations with new proposals. A valid negative result
changes the evidence available for the next decision, even when it produces no positive discovery.

Roohani et al. (2024)_ Figure 1 (detail), p. 3
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Evidence: read cumulative hits and uncertainty

Model Round 1 Round 2 Round 3 Round 4 Round 5
Random 2.6 =143 5.7 = 2.83 8.9 £ 3.67 12.8 £ 3.74 164 + 3.8
BioDiscoveryAgent (No-Tools)

Claude 3 Haiku 51 +2.2 148 £29 23.6 + 4.1 34.1 £ 5.8 45.1 £ 5.3
Claude 3.5 Sonnet 8.4 + 1.36 15.7 £ 1.1 23.1 £2.59 31.7+£29 40.0 £ 3.77

In this retrospective two-gene screen, 32 pairs are selected per round from 100,576 possible pairs. Round-
five cumulative hits average 40.0 for Claude 3.5 Sonnet and 16.4 for random selection over ten runs. The
displayed error intervals are one standard deviation. A hit count is not an information-gain measurement.

Roohani et al. (2024)_ Table 2, p. 7
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BioDiscoveryAgent: interpretation and limits

Published screen information may be available through training or retrieval. Biological context,
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measurement quality, and candidate selection affect the result. A successful retrospective campaign does

not by itself establish a new therapeutic claim.

Roohani et al. (2024) * Figure 2, p. 6
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AutoDiscovery: the method

AutoDiscovery explores nested hypotheses using a search procedure guided by
changes between elicited prior and posterior beliefs.

Data analysis and hypothesis evaluation produce feedback used in an MCTS-style
exploration process. Bayesian surprise supplies an objective related to belief
change.

The method’s operational belief estimates and search reward should be
distinguished from a fully calibrated generative model and from expected
information gain evaluated before an experiment.

Agarwal et al. (2025)
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AutoDiscovery

: surprise-guided search
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The figure links a hypothesis, analysis program, prior and posterior beliefs, and search expansion. Realized
surprise concerns an observed outcome. Prospective information gain averages over outcomes that have

not yet been observed.

Agarwal et al. (2025) ¢ Figure 1, p. 2
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AutoDiscovery: mechanism detail
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The diagram links prior-to-posterior change to branch expansion. Whether a search reward is available

before or after data analysis determines its decision-theoretic interpretation.

Agarwal et al. (2025)_« Figure 1 (detail), p. 2
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Evaluation scope

The study compares search procedures using discovery-related rewards and
human assessments of selected outputs.

The original search-performance figure separates cumulative discoveries, yield, and
performance across datasets. Interpret each axis with its evaluation definition.

A high surprise score can help prioritise investigations, but its scientific value
depends on the reliability of the analysis and the relevance of the target belief.

Agarwal et al. (2025)
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AutoDiscovery: interpretation and limits
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Elicited beliefs can be miscalibrated, and an unexpected result can reflect a model or data error. Human
assessments and benchmark-specific rewards do not imply a universal stopping or experiment-selection
rule.

Agarwal et al. (2025) « Figure 2, p. 7
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A high-entropy observation may be uninformative

An outcome can be unpredictable under every hypothesis in exactly the same way.
It has high predictive entropy but does not help distinguish the hypotheses.

EIG measures dependence between the outcome and the target hypothesis,
conditional on the chosen experiment.

This is why choosing the noisiest measurement is not equivalent to choosing the
best measurement. Separate epistemic uncertainty from irreducible observation

noise.

Bayesian design - Chaloner and Verdinelli (1995)
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A cost ratio can choose the wrong one-test allocation

Expected information Information / cost

e4: noisy discriminator 0.278 bits 1 0.278

es: perfect discriminator 1 bit 10 0.100

Budget ten; only one test is allowed. The perfect discriminator yields more information, but the ratio
selects e,. This myopic rule need not optimise the allocation. Specify the allowed actions, total
budget, and whether measurements can repeat or adapt.

teaching construction
181740
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Surrogates require a calibrated connection

Simulations, predictive models, and retrieved observations can inform beliefs about
physical systems when their relationship to the target is modelled.

A surrogate observation should carry fidelity, uncertainty, and known bias. It need
not be excluded simply because it is computational.

In multifidelity design, a cheap result is useful when it reliably changes the ranking
of expensive actions. Domain shift can weaken that reliability.

course synthesis
19740
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ACADEMY federated agents: the method

ACADEMY provides infrastructure for agents that interact asynchronously across
scientific computing resources. Handles expose actions, while executors and an
exchange separate control from communication.

The framework addresses deployment, messaging, and integration with scientific
workflows.

These system capabilities can make a research policy executable, but they do not
define the scientific objective or prove that the agent selects informative
experiments.

Kamatar et al. (2025)
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ACADEMY: communication and execution architecture

Exchange (Data Plane)

ﬂ% Mailbox 54 Mailbox 54 Mailbox

b b o b o
User @ Agent Agent

o 0 Actions o Actions
{2 Handle C Control » C Control

# Handle ——- (5 Handles ——- () Handles
B see g state

Executor(s) (Control Plane)

User or agent handles connect through the exchange to actions and execution contexts. The data plane

and control plane serve different roles. These arrows represent infrastructure communication and execution
relationships, rather than causal biological effects.

Kamatar et al. (2025) ¢ Figure 2, p. 3
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ACADEMY federated agents: mechanism detail
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Action, control and state interfaces organize calls across agents and executors. An immediate handle and
an eventual result represent different states of execution. Pending work supplies no completed observation.

Kamatar et al. (2025) ¢ Figure 2 (detail), p. 3
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Evaluation scope

The source describes a framework and scientific-workflow use cases. The extracted
figures explain how agents connect to computational and experimental resources.

They are evidence of the proposed system organisation, not measurements of
discovery quality.

Evaluate a deployment using task completion, latency, resilience, and resource
accounting, then separately assess whether the scientific policy using that
infrastructure produces useful evidence.

Kamatar et al. (2025)
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ACADEMY federated agents: interpretation and limits

>

Agentic a
Infrastructure

aS8eu01s ejeQq

Experlmental Facilities

Infrastructure generality does not establish a better acquisition policy. Queueing delays, permissions,
resource failures, and data movement can alter the set of feasible scientific actions and their effective

costs.

Kamatar et al. (2025) ¢ Figure 1, p. 1
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Cheap simulations suggest a second evidence source

An expensive measurement observes a target quantity 8. A cheap simulator
approximates it. The opportunity is more information per unit of budget.

But repeated simulations can share the same discrepancy. Treating their agreement as
Independent evidence about reality is the questionable assumption.

Candidates: use measurements alone, pool all outputs, or model how simulation differs
from measurement. The third choice can exploit cheap data without hiding bias.

Pedagogical reconstruction

Chaloner and Verdinelli (1995) Kennedy and O’Hagan (2000)
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Represent the shared discrepancy explicitly

Prior: 8 ~ N(0,1). Cheap runi:yi=0 + b + &. Shared bias b ~ N(0,4); independent noise
gi ~ N(0,1).

Direct measurement: z = 0 + n, with n ~ N(0,1). All prior variables and noise terms are
Independent, except that every cheap run shares b.

Average n cheap runs: effective noise variance v = 4 + 1/n. Posterior variance V =
v/(1+v); information gain = %2 In(1/V) nats.

Pedagogical reconstruction

Chaloner and Verdinelli (1995) Kennedy and O’Hagan (2000)
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A finite budget changes which source to use

Budget = 4 units Posterior variance V Information about 0

Four cheap runs (4 +Ya) [ (5 + Ya) Y5 In(21/17)

(cost 1 each) =17/21 = 0.810 = 0.106 nats

One direct measure 1/(1+1) =% Y In 2 =0.347 nats

(cost 4)

Unlimited cheap runs | V approaches 4/5 Shared bias leaves an
uncertainty floor.

More repeats reduce random noise. They do not identify an unknown shared discrepancy.

Pedagogical reconstruction

Chaloner and Verdinelli (1995) Kennedy and O’Hagan (2000)
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Calibration can reverse the preferred choice

If b were known exactly, subtract it. Four cheap runs then give V = 1/5 and information
gain ¥2 In 5 = 0.805 nats: now cheap runs win.

Paired simulation—measurement data can estimate discrepancy, but calibration costs
budget and may not transfer to a new region or model system.

The design question becomes which uncertainty to reduce next: the target, simulator
noise, or discrepancy. L16 returns to the same choice in biomedical evidence.

Pedagogical reconstruction

Chaloner and Verdinelli (1995) Kennedy and O’Hagan (2000)
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Information value follows the terminal decision

Prior P(A)=0.4, P(B)=0.6 Stopping value 0.60
Test model P(+|A)=0.9; P(+|B)=0.3 Positive mass 0.54

Best choices A after +; B after - Correct mass 0.36+0.42
Value of information 0.78-0.60=0.18 Buy only below this cost

Synthetic correctness utility. Expected information value depends on the best action after each
outcome, not simply on how much the posterior moves.

Bayesian design - Chaloner and Verdinelli (1995)
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Worked design: two equally likely mechanisms

m

e 4. discriminating test : : 0.5

e,: pure noise for this question 0.5 0.5 0.5

The example uses equal priors over A and B and base-two logarithms. Both experiments have
balanced outcomes; only e, predicts different outcomes across mechanisms. The calculation
assumes valid measurement and correctly specified likelihoods.

Bayesian design - Chaloner and Verdinelli (1995)
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Posterior uncertainty for e,

ElIG(e1) =1 — H,(0.8) = 0.278 bits

The prior entropy is one bit. A positive outcome gives posterior probabilities 0.8 and
0.2; a negative outcome reverses them.

Both posteriors have entropy approximately 0.722 bits. Since the outcomes are
equally likely, expected posterior entropy is also 0.722 bits.

EIG is therefore about 0.278 bits. Symmetry simplifies this example; generally every
possible outcome needs its own posterior and predictive weight.

Bayesian design - Chaloner and Verdinelli (1995)
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Explain why e, teaches nothing about the mechanism

D(Aly, 92)=0.5, EIG(€2)=O

Under e,, both hypotheses assign the same likelihood to either outcome. Bayes' rule
therefore leaves the prior unchanged after a positive or negative result.

The observation still has one bit of entropy, but its mutual information with the
hypothesis is zero.

This example separates noisy measurements from informative measurements. The
important feature is how predictions differ across hypotheses, not how uncertain the
raw outcome looks.

Bayesian design - Chaloner and Verdinelli (1995)
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Robustness to model and measurement assumptions

Sensitivity to likelihoods, priors and cost estimates affects experiment selection.
Measurement failure and omitted model classes can alter the preferred action.

Decision changes and detectable prediction—observation mismatches reveal the
sensitivity of the procedure to its assumptions.

An acquisition decision is interpretable alongside its assumptions and sensitivity
analysis. Public-data or simulation results establish computational behavior within
their specified setting.

lllustrative example
33/40
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Information gain across possible outcomes

I(H; Yle) = 2b(h)p(y|h, e)log, 2o
hy

The predictive denominator is p(y|e)=Z;, b(h)p(y|h,e). Terms with zero joint mass
contribute zero.

If every hypothesis predicts the same outcome distribution, numerator and
denominator agree and every nonzero term vanishes.

In the binary worked example the prior is uniform and the symmetric test is correct
with probability 0.8, giving 1-H,(0.8)=0.278 bits.

Chaloner et al. (1995)
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Information gain need not improve a decision

Suppose the final action is unchanged for every posterior reachable after a test.
The test can reduce entropy while having zero expected value for that particular
decision, before costs.

Conversely, a small information gain near a decision boundary can be valuable.

Specify the loss of each final action and compare posterior expected losses. This
converts a preference for learning into a decision-theoretic objective when the
application requires one.

Bayesian design - Chaloner and Verdinelli (1995)
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A confident posterior can favor a bad model

Setup or calculation Model M1 Model M2

Success probability; equal | 0.9 0.8
prior weights

Observed sequence: five Likelihood = 0.15 Likelihood = 0.25
independent failures

Posterior within this two- 1/33 = 0.0303 32/33 = 0.9697
model family

Yet the prior-predictive probability of that exact sequence is only 0.000165. Relative preference is not
absolute adequacy.

Chaloner and Verdinelli (1995)
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Model expansion requires a new comparison

Stage Scientific action Bookkeeping
Unexpected failures Check instruments, dependence and Do not assume model failure is the
sampling only cause
A third model is proposed | M3 predicts success probability 0.2 Record that M3 was proposed after
the failures
A fresh trial is selected Compare M2: 0.8 with M3: 0.2 Declare new priors and the
prospective rule
Fresh evidence arrives Update and inspect absolute predictive | Keep exploration separate from
fit confirmation

Experiment design chooses within a model space; scientific revision can change that space. Those are
different operations.

Chaloner and Verdinelli (1995) Murphy (2026)
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Recent methods in context

Model Discovery Agent (preprint; revised 2026). Combines Bayesian model/parameter
inference, LLM proposals of model structures and value-of-information experiment choice.
Version 4 reports fixing prompt leakage and rerunning benchmarks; comparisons must use
the corrected version.

AutoDiscovery (NeurlPS 2025). AutoDiscovery combines hypothesis exploration with
Bayesian surprise. It links an observed belief change to further search, while surprise and
the prospective value of a future experiment remain different quantities.

Co-Scientist (Nature 2026). Co-Scientist organizes hypothesis generation, critique and
tournament-based refinement. The Nature publication adds peer-reviewed evidence for
selected applications. Internal rankings and external scientific validation support different

claims.

Murphy (2026)_- Agarwal et al. (2025) - Gottweis et al. (2025)
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