REASONING ARCHITECTURES FOR SCIENTIFIC DISCOVERY

LECTURE 15

Multi-agent scientific reasoning

Agent roles, information access and responsibilities.

Reasoning agents, feedback, and scientific evidence

Literature course - September 2026
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Agreement can repeat one underlying error

Three agents agree on a conclusion because all retrieve the same incorrect summary.
Additional agreement repeats one underlying error.

The missing resource could be independent evidence, specialized computation or
checking authority. Another role name supplies none of these automatically.

This reframes the design question: what useful difference could a second agent
Introduce, and can one agent obtain it just as well?

Pedagogical reconstruction

Wu et al. (2023) Cemri et al. (2025)
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Designing a division of evidence and work

Give a proposed role a concrete input and output. A source checker might inspect the
primary record while a proposer works from retrieved summaries.

The division is useful only if its information or expertise improves the result enough to
offset communication costs. The same evidence may also be routed to one agent.

Compare those alternatives before choosing a team. A critic must return a checkable
defect or missing test that can change the next decision.

Pedagogical reconstruction

Wu et al. (2023) Cemri et al. (2025) 3740
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Choosing whether to add agents

Candidate

One agent with more
resources

Reason to choose it

The task fits one context and tool policy

Cost or limitation

May miss complementary evidence or
expertise

Several samples
from one model

Diversity and an aggregation rule are
useful

Shared errors can survive voting

Specialized
interacting agents

Distinct evidence or work can be divided

Handoffs, coordination and checking cost
resources

Add agents when the division contributes useful information or computation at a matched budget. Test that
contribution independently of role names.

Pedagogical reconstruction

Wu et al. (2023) Cemri et al. (2025)
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Communication introduces its own failure modes

Agents can disagree about goals, lose information in handoffs, repeat completed
work, or accept unsupported claims from another agent.

Use explicit task state, source pointers, and completion criteria. A coordinator
should resolve uncertainty through evidence and defined decision rules.

More conversation can increase cost and propagate mistakes. Measure
communication overhead and error recovery alongside task success.

Wu et al. (2023)
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Voting helps only under relevant assumptions

For independent agents each more likely correct than incorrect, majority voting can
Improve binary decision accuracy.

Shared models, prompts, retrieval sources, and reward signals create correlated
errors. Confidence and consensus then provide less independent evidence than the
number of agents suggests.

Empirically estimate disagreement and shared failure cases. A single strong agent
with multiple independent tests may outperform a larger conversational group.

course synthesis
6/40
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Generative Agents: the method

The architecture records observations in a memory stream, retrieves relevant
memories, forms higher-level reflections, and uses them to plan behaviour.

The environment is a simulated town populated by language-model agents.

The main target is believable behaviour and social interaction. This makes the
paper useful for studying memory and coordination mechanisms, while requiring
care when transferring its claims to factual research.

Park et al. (2023)
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Generative Agents: memory and planning architecture

Plan

Generative Agent Memory

|
|
:
|

[ Perceive ]—'—' Memory Stream Retrieve ]—> Retrieved Memories |—:—>[ Act ]
|

Reflect

Perception feeds retrieval and reflection, which then inform planning. A stored observation differs from a
reflection inferred from several observations; a later correction can invalidate the inference without
changing every source memory.

Park et al. (2023)_« Figure 5, p. 8
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Generative Agents: mechanism detail

f Generative Agent Memory \
|
+— | Memory Stream Retrieve Retrieved Memories

Reflect

Reflection derives statements from lower-level observations. Its relation to memory raises a separate issue
of whether support dependencies remain explicit.

Park et al. (2023) ¢ Figure 5 (detail), p. 8
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Evaluation scope

The evaluation includes human judgements of believability and ablations of
memory, planning, and reflection.

The ranking metric and evaluated variants define this comparison.

A system can produce coherent social behaviour without maintaining a scientifically
calibrated model of the world; the evaluation target determines what the evidence
establishes.

Park et al. (2023)
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Generative Agents: interpretation and limits

No Reflection = |--|

No {Reflection, Plan}

No {Reflection, Plan, Observation}

Human Crowdworker

I ¥ T L T ¥ T
0 10 20 30

TrueSkill Rank Rating

Believability is a human-rated outcome. It should not be substituted for factual accuracy, independence of
evidence, or experimentally validated coordination in a laboratory.

Park et al. (2023) ¢ Figure 8, p. 14
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The Virtual Lab: the method

The Virtual Lab organises a human—Al research collaboration through specialised
language-model agents, discussions, and computational tools. The study applies
the framework to nanobody design with subsequent experimental validation.

Human researchers define goals and conduct physical experiments.

The case connects agent-generated research plans with measured outcomes, while
the contribution of individual coordination mechanisms requires controlled
comparison.

Swanson et al. (2025)
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The Virtual Lab: roles and meeting structure

3 Immunologist
Title, Expertise, Goal, Role

Machine Learning Specialist
Title, Expertise, Goal, Role

Computational Biologist
Title, Expertise, Goal, Role Title, Expertise, Goal, Role

Agent roles and meeting loops organize the agenda and return critique to discussion. The communication
diagram describes coordination; experimental results concern the separately evaluated application
workflow.

Swanson et al. (2025) ¢ Figure 1, p. 3
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The Virtual Lab: mechanism detail

Response Response g
) E——

Critique Summary
—_—{ M' +——» Answer

Synthesis & Questions

The meeting loop combines specialist responses and critique into a final answer. Repeated messages can
share the same evidence. Artifacts linking the discussion to a changed decision are needed to attribute
improvement.

Swanson et al. (2025) « Figure 1 (detail), p. 3
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Evaluation scope

The study reports a computational design workflow and experimental assessments
of selected candidates.

The displayed pipeline identifies the transformations and selection stages preceding
validation.

Interpret experimental results using the candidate-selection denominator, controls,
and measured assay outcome; validation of selected candidates does not imply that
every proposed design succeeds.

Swanson et al. (2025)
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The Virtual Lab: interpretation and limits

Swanson et al. (2025) ¢ Figure 2, p. 7

(a) Phase 1: Team selection

A @

e &

Human Principal  Immunologist
Researcher Investigator Learning Biologist Critic
Specialist
(b) Phase 2: Project specification
Team Meetin Summary

AT gL

o | Modify nanobodies Ty1,

" | H11-D4, Nb21, and VHH-72

to improve binding to KP.3.

(c) Phase 3: Tools selection
Team Meetin:

BAch b

|

Summary

ESM, AlphaFold-Multimer,
and Rosetta to design
improved nanobodies.

(d) Phase 4: Tools implementation

ESM Individual Meeting
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Summary

Python script to compute
ESM log-likelihood ratios for
single point mutations.

AlphaFold-Multimer | Individual Meeting
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WS o d "
—— &
S £ &

AF ipLDDT =76.52

Summary

Python script to extract
AlphaFold-Multimer
interface pLDDT.

Rosetta Individual Meeting
LD L5 T &
ety | O S C
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Summary

Python and XML scripts to
compute binding energies
with Rosetta.

(e) Phase 5: Workflow design

Individual Meetin

Summary

Tool usage, number of
nanobodies to design, and
weighted score formula

The evidence concerns a
specific research task with
human participation and
specialised tools. Separate
system-level feasibility from a
claim that agent role labels or
debate independently caused
the result.
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Proposal, critique and commitment

A proposal role suggests hypotheses; a critique role identifies assumptions and

discriminating tests; an execution role returns validated artefacts; a coordinator
decides what to do next.

These boundaries are workflow choices, not empirical guarantees about
intelligence. Their value depends on the quality of the interfaces and checks.

Preserve who supplied each claim and which observation justified the eventual
commitment.

Wu et al. (2023)
17 1 40
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Adversarial discussion needs a common evaluator

Debate can reveal overlooked assumptions, but persuasive text can also displace
correct reasoning. Give agents access to evidence and a way to test factual
disagreements.

Evaluate the final decision using an independent criterion. Do not define success as
increased agreement after discussion.

Compare discussion with independent proposals followed by a fixed aggregator,
keeping model calls and tool access comparable.

Cemri et al. (2025)
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Specialisation should survive an ablation

Remove or merge one role at a time. Replace specialist prompts with generic
prompts. Vary information access separately from the number of agents.

Match compute and tool calls against a single-agent baseline that receives
equivalent resources.

A role is useful when its removal causes a reproducible loss on the target task or a
clearly identified class of failures, not merely when its transcript looks sophisticated.

course synthesis
19740
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AutoGen: the method

AutoGen provides conversable agents with configurable model, tool, and human
participation. Applications specify interaction patterns and termination conditions.

The framework supports several computational arrangements, including code
generation followed by execution and feedback.

It is infrastructure for constructing a system, so the value of a particular
collaboration pattern must be evaluated separately from the availability of the
framework.

Wu et al. (2023)
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AutoGen: interfaces, configuration and trace

AutoGen
Agents

Developer
Code

Program
Execution

Wu et al. (2023)_ Figure 2, p. 4

Agent Customization:
human_input_mode = “NEVER"

code_execution_config = False
DEFAULT_SYSTEM_MESSAGE = “You

are a helpful AI assistant..

In the following cases, suggest

python code..”

AssistantAgent

1.2 Register a Custom Reply Func:

# This func will be invoked in
generate_reply

A.register_reply(B,
reply_func_AZB)
def reply_func_AZB(msg):

ouput = input_from_human()

i g em e e e .. ——-——————

, if not ouput:
1 if msg includes code:
! output = execute(msg)

return output

/
/

Conversation-Driven
Control Flow

receive

Conversation-Centric
Computation

____________________ » installed

ConversableAgent

————— 1 Unified Conversation Interfaces:

send
rece
gene

UserProxyAgent

1.1 Define Agents:

User Proxy A
2 Initiate Conversations:

TESLA stock price change YTD.”,

The Resulting Automated Agent Chat:

Plot a chart of META and
TESLA stock price change YTD.

code...

Error: package yfinance is not

Sorry! Please first pip install _
yfinance and then execute

Execute the following _Send

ive
rate_reply

human_input_mode = “NEVER™

o rrgroup_chat = [ @ @ @]

- = -

GroupChatManager

# Note: when no reply

I 1
I
! | @ !
U —> -
| : : 1 func is registered, a
1 m . 1 list of default reply
______ ! I_ _———— functions will be used.

Assistant B

A.initiate_chat(“Plot a chart of META and

B)

receive

................ » generate_reply

s st ctaocomacacooooooad

The three layers distinguish
available interfaces, a two-
agent configuration and its
execution trace. Proposer,
executor and feedback
channel define the
configuration, whose
performance remains task
dependent.

21/40


https://arxiv.org/abs/2308.08155

RASD / L15

AutoGen: mechanism detail

L4

/
/ The Resulting Automated Agent Chat:
Conversation-Driven ‘
Control Flow Plot a chart of META and | recetve | generate_reply
TESLA stock price change YTD. _
receive Execute the following send :
Program §TTTTTTTTTTTTTTTopTTTmommos code.., T
Execution
generate_reply Error: package yfinance is not
— » installed > gener‘ate_r‘eply
send '
Conversation-Centric Sorry! Please first pip install I i
Computation yfinance and then execute

Execution feedback can convey new observations. A model’s restatement of shared context carries a
different evidential contribution.

Wu et al. (2023)_ Figure 2 (detail), p. 4
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Evidence: a third role also adds information

Method Pick Clean Heat Cool Look Pick2 | All

ReAct (avg) 63 52 48 71 61 24 54
ALFChat (2 agents)(avg) 61 58 57 67 50 19 54
ALFChat (3 agents)(avg) 79 64 70 76 78 41 69
ReAct (best of 3) 75 62 61 81 78 35 66
ALFChat (2 agents)(best of 3) | 71 61 65 76 67 35 63
AFLChat (3 agents)(best of 3) | 92 74 78 86 83 41 77

AutoGen’s ALFWorld comparison reports 54% average success with two agents and 69% with three; best-
of-three rates are 63% and 77%. The added grounding agent supplies relevant facts. Aggregation and
information access therefore differ from the effect of assigning another role.

Wu et al. (2023) ¢ Table 3, p. 25
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AutoGen: interpretation and limits

60.48% I 120 Level-5 problems £ AutoGen
70 .48 e —————— 70{ B AuotGen W/O interactive retrieval gg 6504
== DPR 62.59%
3 o 55.18% - 58.56%
S50 48.33% =,
"'u‘ OJ
o 4 g‘"
w
v j =
8. g
o 53 25.88%
5 g £222.79%
v 20 20
15.12%
10 o
0
AutoGen  ChalGPT ChalGPT  GPT-4 - i o
wosen e Tran Mt R F1 Recall
Methods Metrics
(a) Al: Performance on MATH (w/ GPT-4). (b) A2: Q&A tasks (w/ GPT-3.5).
100
0 Multi-GPT4
[ Average [0 Single-GPT4
1 Bestof3 98.00% - mm MUIti-GPT3.5
77% B Single-GPT3.5
9 69% . -
Bl 63% 66% g R oo
{=}
b= 54% 54% %
o 8
w =
[
] g
I O
=1 a
w
" AutoGen (3 agent) AutoGen (2 agent) ReAct Fl . Recall
Methods Metrics
(c) A3: Performance on ALFWorld. (d) A4: Performance on OptiGuide.

Conversation overhead, repeated errors, and unclear termination can erase the benefit of role separation.
Compare against a single-agent system with the same tools and total inference budget.

Wu et al. (2023) ¢ Figure 4, p. 7
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MAST: where multi-agent systems fail

The Multi-Agent System Failure Taxonomy (MAST) groups 14 failure modes into
system design, inter-agent misalignment and task verification: defective setup,
failed coordination and unchecked outcomes.

The NeurlPS 2025 paper reports 1,600+ annotated traces from seven frameworks;
taxonomy development used 150 traces. These are distinct samples. Their failure
frequencies are not universal rates for all agent teams.

Cemri et al. (NeurlPS 2025) - MAST v3

25/40
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A two-factor comparison

Shared evidence Diverse evidence

Single agent 10/20 correct 15/20 correct

Multiple agents 11/20 correct 16/20 correct

Synthetic counts with matched total compute and the same twenty tasks. The table varies
architecture and evidence access separately.

Course comparison / illustrative example
26 /40
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Read effects within matched conditions

In this example, multiple agents gain one success at either evidence level. Diverse
evidence gains five successes for either architecture.

The raw difference between single/shared and multiple/diverse combines both
changes. A causal interpretation also depends on how the conditions were assigned

and controlled.

Course analysis / illustrative example
27140
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Costs and authority belong in the comparison

Quantity What to record Why it matters

Compute All agents and judges Extra work can explain gains
Latency Critical path and waits Parallelism has coordination cost
Human effort Minutes and decisions Experts may solve the hard step
Authority Who may act or revise Errors can propagate into actions

Report the unit of evaluation as the complete system trajectory, with component costs retained.

Course comparison / illustrative example
281740
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Zero pairwise correlation does not imply independent voting

000, 011, 101, 110 each with

Population | orobability 1/4 Majority correct: 3/4

: 111, 100, 010, 001 each with . _
Population |l orobability 1/4 Majority correct: 1/4
Every individual Correct with probability 1/2 in both Same marginal accuracy
Every pair Joint correctness 1/4 in both Pairwise correlation zero

Synthetic correctness vectors for three agents on binary-answer tasks. Matching marginal
accuracy and pairwise correlation does not determine majority-vote accuracy.

Course comparison / illustrative example
29/40
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Worked voting: three independent agents

Agents right m Probability Majority correct?

0.3°=0.027
1 3 3x0.7x0.32=0.189 No
2 3 3x0.72x0.3=0.441 Yes
3 1 0.7°=0.343 Yes

Three independent agents each answer correctly with probability 0.7. The multiplicities count which
agents are right; the last two rows give the winning cases. These assumptions create the benefit.
Shared evidence or identical errors can remove it even if the agents have different role names.

teaching construction
30/40



RASD / L15

Calculate the majority-vote accuracy

P(majority correct) = 3p?(1 —p) + p3=0.784

The two-correct term is 0.441 and the all-correct term is 0.343, giving total accuracy
0.784. This exceeds the individual accuracy of 0.7.

The gain comes from partly independent errors and the aggregation rule. It does not
follow just from having three role names.

If all agents always make the same error, majority voting has the same accuracy as
one agent.

lllustrative example
31/40
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Model a shared-source failure

Suppose all three agents retrieve the same incorrect secondary summary. Their
answers can agree while depending on one underlying error.

Asking an additional agent to read that same summary may add little evidence.

Asking a verifier to inspect the primary measurement can change the dependence
structure.

Record source overlap and shared tools when evaluating ensemble reliability. The
effective diversity is a property of the evidence-generating process.

lllustrative example

32/40
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Evidence in a multi-agent scientific trace

A scientific agent trace links a proposal, a critique with a testable objection, an
execution record and a coordinator decision grounded in the decisive evidence.

Resolved objections, measurement-dependent decisions and visible contradictory
results provide evidence about the quality of the coordination process.

A single-agent implementation of the same workflow helps isolate agent separation
from improvements in procedure or a larger budget.

lllustrative example
33/40
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Positive correlation reduces effective sample size

- o1+ (m—1
Var(X) =227 200 0 mggp=_ "

Assume m exchangeable binary correctness indicators with common variance 0% and
pairwise correlation p. Summing individual variances and pairwise covariances gives
the expression.

With m=5 and p=0.5, m_eff=1.67 for estimating mean correctness.

This effective sample size is a variance comparison, not a formula for majority-vote
accuracy. Higher-order dependence also matters for the vote outcome.

derivation / application
34 /40
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From an agent trace to a testable diagnosis

lllustrative trace: a planner requests an evidence check, a researcher returns a
claim without its source, and a writer treats it as verified. The final critic accepts the
draft without checking the evidence.

MAST distinguishes information omitted at handoff from missing final verification. A
trace can contain several failures; the last visible error does not identify the earliest

cause.

A handoff with explicit claim-to-source links and an independent final check targets
those mechanisms. Whether it improves reliability requires a comparison on the
same tasks and resource budget.

Cemri et al. (NeurlPS 2025) - MAST v3
35/40
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Disagreement is useful when its cause is exposed

Agent role

Measurement specialist

Message in the shared case

“The temperature pattern suggests
sensor drift”

Evidence needed

Raw values and calibration
conditions

Provenance specialist

“The reference certificate expired”

Certificate ID and valid dates

Mechanism specialist

“A process change also predicts this
pattern”

A discriminating process
measurement

Coordinator

Do not turn a two-to-one vote into
certainty

Resolve the evidence conflict first

Synthetic multi-agent exchange. Diverse roles can reveal different assumptions; repeated access to one
faulty source can correlate every answer.

Swanson et al. (2025) Cemri et al. (2025)
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Coordination should produce a consequential update

Unresolved issue Coordination action Observable outcome

Reference reliability Request an independent calibrated A new evidence item, not another
disputed reference opinion

Agents repeat the same Expose source IDs and dependence Duplicate support is counted once
source

A result changes Notify every role using the old result Dependent conclusions are revised
Evidence remains Record the disagreement and stop A bounded claim with an explicit
insufficient condition uncertainty

The unit of progress is a changed, evidence-supported decision. Conversation length alone does not
measure scientific collaboration.

Swanson et al. (2025) Cemri et al. (2025) Kleer (1986)
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Recent methods in context

Agent Primitives (ICML 2026). Composes reusable agent operations using KV-cache
communication and an organizer that chooses a configuration for each query. Attribution to
collaboration or latent communication depends on matched backbones and resource
budgets.

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.

EXP-Bench (ICLR 2026). Evaluates agents on experimental procedures reconstructed from
Al research papers and code. Faithful execution of a prescribed experiment is narrower
than open-ended creativity or a new scientific discovery.

Jin et al. (2026) - Gottweis et al. (2025)_- Kon et al. (2025)
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