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ABSTRACT

Large language model (LLM) agents are increasingly tasked with complex real-
world analysis (e.g., in financial forecasting, scientific discovery), yet their reason-
ing suffers from stochastic instability and lacks a verifiable, compositional struc-
ture. To address this, we introduce Analytica, a novel agent architecture built
on the principle of Soft Propositional Reasoning (SPR). SPR reframes complex
analysis as a structured process of estimating the soft truth values of different out-
come propositions, allowing us to formally model and minimize the estimation
error in terms of its bias and variance. Analytica operationalizes this through a
parallel, divide-and-conq 'k that i reduces both sources
of error. To reduce bias, probl are first d d into a tree of sub i

tions, and tool-equipped LLM grounder agents are employed —including a novel
Jupyter Notebook agent for data-driven analysis—that help to validate and score
facts. To reduce variance, lyti i izes these leaves
using robust linear models that average out stochastic noise with superior effi-
ciency, scalability, and enable interactive “what-if” scenario analysis. Our theo-
retical and empirical results on economic, financial, and political forecasting tasks
show that Analytica improves 15.84% accuracy on average over diverse base mod-
els, achieving 71.06% accuracy with the lowest variance of 6.02% when working
with a Deep Research grounder. Our Jupyter Notebook grounder shows strong
cost-effectiveness that achieves a close 70.11% accuracy with 90.35% less cost
and 52.85% less time. Analytica also exhibits highly noise-resilient and stable
performance growth as the analysis depth increases, with a near-linear time com-
plexity, as well as good adaptivity to open-weight LLMs and scientific domains.
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1 Fully autonomous discovery, simulate all aspects of the conventional
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of the full research pipeline of ideation, planning,
(code-based) experimentation, and experiment anal-
ysis, with numerous impressive systems appear-
ing recently, including AT SCIENTIST (Lu et al.,
2024a), AIGS (Liu et al,, 2024), AGENTLAB
(Schmidgall et al., 2025), and DATA-TO-PAPER
(Hfargan et al., 2024). Impressive as these systems

and P e
artifacts (such as automatically generated pa-
pers and code) that are typically evaluated us-
ing conference-style paper review with limitcd
aluation of code. In this work we introduc
CODESCIENTIST, a novel ASD system that
frames ideation and experiment construction
form of genetic search jointly over com-
binations of research articles and codeblocks
defining common actions in a domain (like
prompting a language model). We use this
P condect b skt
ideas broadly

are, each makes
such as restriting search to variants of prewrit-
ten code, using a DSL for experiments, or working
on restricted problems.

In this work we introduce CODESCIENTIST,
an ASD system built with novel innovations for
ideation and experiment execution  incorporating
genetic search (Hemberg et al., 2024) over combi-
nations of lterature and code ~ that we hypothesize.
willincrease the diversity of the discoveries the sys-
tem makes. We run our system at scale (hundreds
of experiments) in the broad domain of agents and




The big picture: quickly becoming mainstream




Problem: Remain very complex, lots of engineering.



Quick look at Genesys again

1 Genesys: Autonomous research agent for language model architecture
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Veri cation is expensive, bottleneck



Expensive veri cation, indiscriminate

| Genesys: Autonomous research agent for language model architecture
research.

After months, only veri ed 1,062 new LM designs with pre-training.



Real research is more deliberate, forecasting.



Forecasting and deep analysis

https://genesys.allen.ai/




Forecasting and deep analysis
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Problem: current agents do not incorporate extensive decision support,
feasibility analysis.



Forecasting and deep analysis
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This work: agent framework for deep analysis and forecasting, economics
forecasting and materials science experiment feasibility analysis.
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Current deep research agents

Problem: Not scalable, limited to free-form text, doesn't model
uncertainty, lacks compositional structure.



Current deep research agents

This work: framework for scalable, soft compositional reasoning;
improved performance over commercial agents.



How do we do principled uncertainty reasoning?



Analytica: deep research agent architecture, forecaste
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I What is f(:)? (unreliability of con dences, error propagation)

Linear scoring strategy (a ne layer)

c X
froot(fNg c=1) = o+ cf(Nc)



Modeling challenges and decisions

| Input: A forecasting problem or hypothesis to investigate, e.g.,

Query: Scaling linear attention to 100B parameters will
improve pre-training robustness.
Scaling linear attention to
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o+ 10:31+ 30:02  pre-training robustness.
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§+ 90:65+ 90:34 dependencies.

Strong empirical evidence sup-
ports this claim

| System design principles

1. Most agentive computation is focused on evidence (leaf) nodes.
2. Evidence is propagated via linear synthesis.



Why these choices, linear synthesis?



Demo




How does analytica perform?
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