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Abstract

We describe ARI, an autonomous research infrastructure that couples a tree-search-based exploration loop with
a paper-generation pipeline. The exploration loop is a best-first tree search (BFTS) over research-step nodes;
expansion uses a Reason-and-Act (ReAct [1])-style agent that issues tool calls into a registry of fourteen domain
skills. The paper pipeline turns the surviving lineage into a draft, then iteratively refines it under a hierarchical
rubric. Every artefact lives inside a single checkpoint directory, which is the unit of reproducibility, lineage, and
cost accounting. This report formalises the algorithms and the design rationale, reports preliminary observations,
and discusses the determinism / novelty trade-off that constrains the design.

1 Introduction

1.1 Motivation

Research workflows in machine learning and adjacent
computational fields share a common skeleton: brain-
storm a research idea, design and run an experiment,
analyse the result, write a paper, and iterate. Each
step is increasingly tractable for large language models
(LLMs), and published systems now automate sub-
stantial spans of this loop. The AI Scientist [2, 3]
closes the full idea-to-paper cycle and scores the result
with an automated reviewer; Agent Laboratory [4]
executes a human-provided idea under LLM-judged
gates; AIDE [5] casts the engineering inner loop as
tree search over candidate solutions, the formulation
MLE-bench [6] found to dominate general-purpose
scaffolds given the same model; VirSci [7] shows that
multi-agent deliberation produces more novel research
ideas than a single agent, stopping at the abstract;
Story2Proposal [8] converts finished experimental evi-
dence into a manuscript under a persistent structural
contract; and PaperBench [9] measures, post hoc, how
faithfully an agent replicates a published paper.

What none of these systems makes binding is the
relation between what the generated paper says and
what its experiments produced. Verification, where
present, is advisory: the AI Scientist’s reviewer scores
finished drafts while hallucination control stays at the
prompt level — its authors document misreported
hardware and a worsened metric presented as an im-
provement, and name “a more in-depth automatic ver-
ification of the reported results” as key future work [2];
Agent Laboratory’s simulated reviewers overestimate
human reviewer scores by 2.3 points on a ten-point
scale [4]; and PaperBench’s central finding is an execu-
tion gap — agents earn substantial credit for written
code, almost none for executing it and matching the
paper’s results [9].

ARI exists to close this gap. The user supplies
a research question and a compute budget; the sys-

tem returns a publishable paper, the experimental
code behind every claim, and a complete audit trail:
every node of the search tree, every tool call, every
model invocation, and every dollar of API spend is
recorded inside a single checkpoint directory, the unit
of reproducibility.

1.2 Verified claims as a release condi-
tion

ART’s distinguishing thread runs through the whole
pipeline. At idea time the run mints a metric con-
tract: the falsifiable claims the eventual paper must
support, each naming the exact measurement names
that count as evidence. The contract is minted once
and frozen, because LLM naming does not survive
regeneration (section 4.3). During exploration, nodes
emit measurements under those names, the names
steer expansion toward uncovered claims, and lineage
chaining lets evidence computed from earlier measure-
ments — a fit, its held-out validation, a model-based
selection — execute along one lineage instead of re-
gressing to repeated probes (section 3.8). At writing
time, every numeric mention is bound to the node and
measurement it rests on, and a deterministic claim—
evidence gate — no language model in the loop —
re-derives each reported number from the recorded
results. Objective falsehoods block release at the fi-
nal gate; the subjective findings of a complementary
semantic review only advise the refine loop.

1.3 Contributions

This report formalises four contributions:

1. An idea-owned metric contract enforced by
a deterministic claim—evidence gate (sec-
tion 4.3): verification as a structural property
of the pipeline, not a reviewer’s opinion of its
output.



2. A best-first tree search (BFTS) over research-
step nodes (section 3.1) whose selection and ex-
pansion are LLM-driven over structured candi-
date descriptions, with a deterministic fallback
ranking (section 3.3).

3. A paper-generation pipeline keyed off a hi-
erarchical rubric R whose leaf judges grade in-
dividual claims; the system score is score(P) =
>, w;ijudge; (P) (section 4.4). The PaperBench
replicator is integrated as a tool call (section 4.6).

4. A checkpoint scoping discipline: every external
state (memory, cost ledger, lineage pointers) is
written below $ARI_CHECKPOINT_DIR, never the
user’s home directory. This is the operational
consequence of the determinism design principle,
one of five that section 2.5 lays out in full (we refer
to it as P2 there and in the rest of the report).

1.4 Scope of this report

This report describes ari-core and the fourteen ari-
skill-* packages at version v0.9.0, whose theme is
end-to-end claim verification: the mint-once contract
and gate hardening of section 4.3; lineage chaining
(section 3.8); an opt-in ideation path that drives the
published VirSci deliberation engine unmodified over
a live literature snapshot (section 6.2); platform-aware
ideation, folding probed platform-capability facts into
idea generation so a plan cannot promise measure-
ments the execution platform does not provide; and
a released sample paper that is itself gate-verified,
all twelve of its declared falsifiable claims carrying
machine-verified evidence (section 5). These additions
build on the v0.8.x foundations — the protocol-faithful
three-stage PaperBench reproduction contract (agent
rollout, reproduction, grading), host-truthful environ-
ment guardrails, and configurable search-evaluation
layers; the operational reproduction pass on a lossy-
compression target reported in section 5 ran on the
then-current v0.8.0 pipeline. The body describes the
algorithms and data flow at the module level; the
verbatim LLM prompts the system uses are listed in
section B. The empirical study is preliminary at this
version, and a controlled benchmark is left to future
work.

1.5 Organisation

Section 2 gives a top-down view of ARI: the orches-
trator, the fourteen skills, the pipeline DAG, and the
design principles. Sections 3 and 4 are the two tech-
nical cores, each with its own formal definitions; the
claim-verification thread of section 1.2 is developed
across both. Section 5 reports preliminary observa-
tions; section 6 positions the work; section 7 collects
open problems.

2 System Overview

2.1 The full stack

Figure 1 draws the full ARI stack at v0.9.0 as five
layers; this section walks them top to bottom. The sys-
tem splits into one driver and many tool providers: the
driver (ari-core) owns the orchestrator, the search
and agent engines, the lineage walker, the check-
point serialiser, the cost tracker, and the configuration
loader, while every domain capability — writing code,
running benchmarks, reviewing drafts — lives in a
skill.

Entry points. A run starts from the command-line
interface (CLI), from the public Python interface (the
software development kit, SDK), or from the visual-
isation server — an HTTP dashboard exposing live
search state, per-checkpoint files, and launch controls
to a browser. All paths converge on the same orches-
trator entry (badge 1); interactive use does not get a
second code path.

Engine layer. The best-first tree search (BFTS)
engine maintains the tree of research-step nodes and
decides which node to run next and how to expand it
(section 3) — a search-over-candidate-solutions fram-
ing ARI shares with AIDE [5]. Each expansion hands
a node to the AgentLoop, a Reason-and-Act (ReAct)
agent [1] that interleaves free-text reasoning with tool
calls until the node’s work is done: the engine supplies
direction, the agent execution — one iteration loop
(badge 2). The lineage walker beside the loop is con-
sulted rather than driven: it climbs parent pointers
across checkpoints so a derivative run can inherit its
ancestors’ idea pool and context (section 3.7).

MCP dispatch. Every tool call crosses the dispatch
layer (badge 3). The Model Context Protocol (MCP)
is the JSON-RPC-over-stdio interface that Anthropic
standardised for exposing tool-style capabilities to a
language-model agent loop; ARI uses it as the uni-
versal seam between ari-core and every skill. Each
skill is a separate Python package whose server runs
as a pooled child process, under the skill’s own in-
terpreter when it ships one. A skill is wired in by a
configuration entry naming its package path and the
pipeline phases in which its tools are exposed; the
tool manager filters tools by the active phase, so an
exploration node cannot call the paper-writing tools
(section 3.6).

The fourteen skill packages currently in tree are:
benchmark, coding, evaluator, hpc, idea, memory,
orchestrator, paper, paper-re, plot, replicate,
transform, vim, and web. The registry in fig. 1 groups
their tool surfaces by lifecycle phase: generation (idea,
coding), evaluation (evaluator, review), writing &
replication (paper, replicate, paper-re), and infrastruc-
ture and I-O — where the hpc skill is the seam to
a cluster batch scheduler, so experiments can run as
dispatched jobs. Two boxes deserve a note: review
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Figure 1: The full ARI stack at v0.9.0 as five layers: entry points; the ari-core orchestrator (badge 1); the engine layer,
where BFTS engine and ReAct AgentLoop form the iteration loop (badge 2) with the lineage walker beside it; the MCP
dispatch hub (badge 3) fanning into the skill registry’s four lifecycle columns; and checkpoint persistence. Solid edges are
control; dashed edges are secondary flows (lineage lookup, persistence).

names a tool surface rather than a package (draft-
review tools are hosted by the evaluator and paper
skills; section 4.5), and the orchestrator skill ex-
poses run management, over MCP, so ARI itself can
be driven as a tool by an external agent.

The orchestrator dispatches calls but performs no
domain work itself. The separation matters because
skills can be added or swapped without touching the
search algorithm: the BFTS engine is unaware of
which skills participate.

The bottom layer is persistence: every byte a run
produces lands in a single checkpoint directory, along-
side the serialised tree and the cost ledger (section 2.5).
The smaller diagram in fig. 2 is the “operational” view
used in the rest of the report (control buses and state
edges only); fig. 1 is the “layered” view (driver —
engines — MCP — skills — persistence).

2.2 Pipeline DAG

A run reduces to a four-station pipeline (fig. 3). The
idea station selects or generates research questions;
the exploration station spawns nodes under BFTS; the
paper station compiles the best lineage into a draft;

and the review station grades the draft against the
rubric. The graph is a DAG plus one back edge from
review to paper: only this edge can introduce non-
monotonicity (refining can worsen an axis), and the
convergence criterion (section 4.5) bounds the back-
edge count. The pipeline is driven by a single runner
in the orchestrator; a scientific-data assembler collates
the per-node artefacts the writer needs (section 4.2).

The write-and-review band hides a fixed gate chain
the draft must clear before finalisation. After writing,
the draft’s claims are linked to recorded evidence
by stable identifiers; a deterministic claim—evidence
gate (no language model) re-derives every reported
number from the recorded results within a tolerance; a
complementary semantic review flags overclaims and
feeds the refine loop; and after refinement the linking,
the review, and the gate run once more as a final check
that, under the strict policy, blocks finalisation while
any objective mismatch stands (section 4.3). The
blocking gate is core-side code reached through a thin
skill wrapper, so swapping a skill cannot weaken it;
blocking is reserved for objective falsehoods, while
subjective review findings steer the refiner but never
gate publication. The chain realises Story2Proposal’s
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contract-threaded generation in execution-grounded
form [8].

2.3 BFTS control flow

Figure 4 traces a single BFTS step end-to-end. The im-
plementation is laid out in section 3; the diagram fixes
the vocabulary used by the rest of the report (frontier,
selection, fallback, expand, prune, stagnation) and
shows the prompt files behind the two LLM-driven
stations (bfts_select.md, bfts_expand.md); a third
prompt, bfts_expand_select.md, drives the choice
of which completed node to expand in the full loop
(section 3.3). The two hint boxes below the spine
are new at v0.9.0 and implement lineage chaining for
computed evidence: the coverage hint steers the ex-
pansion target toward the node already holding the
required measurements, and the lineage hint tells the
new child which inherited measurement files it holds.
The hints carry only names, never values, so branch
isolation is preserved (section 3.8).

2.4 paper-re component view

Figure 5 is the second-level view of paper-re, the
skill that carries the PaperBench-protocol reproduc-
tion path [9]. ARD’s contribution at this layer is
small but specific: a thin adapter wraps each agent
tool so its output is size-bounded, and redirects the

vendored solver’s hard-coded paths to ARI’'s per-
node workspace; everything else flows through the
PaperBench upstream verbatim, which keeps ARI
aligned with the upstream replication-task framing
and grade semantics. Section 4.6 develops the three-
stage rollout-reproduce—grade contract the bridge
drives.

2.5 Checkpoint scoping and the design
principles

ARI is built around five design principles (P1-P5).
The binding one is P2: determinism. Every ran-
domised step records its seed; every LLM call records
its model identity, prompt, and output; every tool
call is tagged with its node identity (a copy-on-write
guard) so its writes land inside the right node’s work-
ing tree. Re-running a checkpoint must reproduce the
same artefacts byte-for-byte, except for fields explicitly
marked as wallclock or as model-side non-determinism.
The other principles, in summary:

« P1 single artefact tree: every output of a
run lives below $ARI_CHECKPOINT _DIR. Nothing
leaks to $HOME or /tmp.

e« P3 small components: each skill is a sepa-
rate package; replacing one skill does not require
rebuilding ari-core.

o P4 explicit lineage: every node and every check-
point record their parent, so a derivative experi-
ment can recompute only its delta.

¢ P5 cost transparency: the cost tracker at-
taches dollar costs to every model call so the user
can bound a run; skill subprocesses append to
the same run-level ledger.

The checkpoint serialiser writes three top-level
files: the full search tree to tree. json, a lightweight
per-node export consumed by the paper pipeline
to nodes_tree. json, and end-of-run aggregates to
results.json. Lineage walks across checkpoints
climb from a child to its ancestors through the parent
pointer each checkpoint records in its run metadata.

Figure 6 draws the on-disk shape of a checkpoint:
shared run-level files on the left, per-node working
trees on the right. A node’s working tree starts as a
copy of its parent’s, so each tree is a self-contained
snapshot of the experiment at that step, and the self-
report that grounds evidence assembly (section 4.2)
sits next to the artefacts it describes. The shape is the
contract: any tool that takes ARI’s output as input
— a follow-up run, a regression check, a paper draft
— points at a single such directory.

3 Exploration Algorithm
The exploration phase is the experimental core of a

run: given a selected idea and the metric contract it
owns — the run-level declaration of falsifiable claims,
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each naming the exact measurement names that count
as its evidence (section 4.3) — exploration must turn
a bounded node budget into measurements that make
those claims evaluable. ARI organises the phase as a
best-first tree search (BFTS) over research steps. The
skeleton descends from AIDE, which framed LLM-
driven engineering as search over a tree of candidate
solutions under a hard-coded draft/debug/improve
policy and a single scalar objective [5]; ARI replaces
the policy with LLM-driven selection backed by de-
terministic fallbacks (section 3.3), steers expansion
with contract-derived coverage and lineage hints (sec-
tions 3.4 and 3.8) — a structural answer to the local-
optima plateau reported for greedy single-objective
policies [5] — and executes each node as a guarded
Reason-and-Act (ReAct) agent whose obligations and
feedback come from the same contract (section 3.6).
The closing subsections cover the substrate the search
runs on: the platform probe (section 3.9), the research
memory (section 3.10), and the ideation stage that
seeds the root (section 3.11).

3.1 Formalisation

The exploration loop maintains a tree 7 = (N, E) in
which each node n € NV represents a single research
step: an idea revision, a code change, a benchmark
run, an analysis, etc. A node carries

« a discrete state s(n) € {open, eval, done, failed},

e a categorical label drawn from the NodeLabel
enumeration,

e per-axis evaluation metrics in a freeform dict
node.metrics, including a distinguished scalar
_scientific_score € [0, 1],

¢ a Boolean has_real_data that flags whether the
node carries actual measurements rather than
provisional text, and

o the bookkeeping field depth surfaced both in
the selection prompts and to the pruning pred-
icate. ARI does not retry failed nodes, so no
retry_count signal is surfaced.

Figure 7 shows a small tree of this kind. The ag-
gregation of axis-level signals into the scientific score
is delegated to any implementation of the Evaluator
protocol; ARI does not pin a fixed linear combina-
tion. The protocol is the only seam between BFTS
and downstream rubric evaluation, which keeps the
search engine agnostic about how axes get reduced to
a scalar.

Run-loop state. Each iteration of the outer loop

transforms the tuple
S = (‘F7 P? e’ H)’

where F C N holds completed nodes (done / failed)
eligible for expansion, P C N holds nodes in state
open ready to execute, e : ' — N counts how many
times each frontier node has been expanded, and H =
(I1,...,1;) is the sliding window of recently-executed
labels (length capped at W = 20, see section 3.3).
The initial state is So = (0, {nroot }, 0, ())-

Pruning predicate. The hard exploration budget
is the predicate

T(n; [N]) = K| > By] v ¥ldepth(n) > Bp]
Voa(n), (1)

where By = config.max_total_nodes, Bp =
config.max_depth, and the sterile predicate

a(n) = ¥[[An[=0] (2)

(with A,, the set of files added, modified, or deleted
by n) fires when a node finishes its agent loop without
writing any new artefact relative to its parent. The run
loop computes this file diff and records the result as
a Boolean _sterile flag on the node; should_prune
reads that flag together with the two caps. The caller
passes the live |N| each iteration so there is exactly
one source of truth for the node count. Step / cost
budgets are enforced separately by the cost tracker at
the call site, not inside the BFTS engine.

Retire predicate. On top of II, the run-loop applies
a softer frontier retire predicate p to drop a parent f
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from F once it is no longer the most productive lead:

p(frc) = ¥lr(c) > r(f)] V ¥le(f) = Bmax], (3)
Rule A

Rule B

with FEnax = config.max_expansions_per_node
(default 4). Rule A retires f as soon as a child ¢
outscores it; Rule B caps the per-parent budget so
the search spreads. p does not delete the node —
its history stays on T — only its eligibility to be
re-expanded is revoked.

The full step decomposition of one outer iteration
(inner expansion sub-loop, parallel ReAct batch, post-
execution retire) is shown in fig. 8; the explicit pseu-
docode is algorithm 1 in section 3.2.

3.2 Run-loop algorithm

Algorithm 1 writes the iteration as explicit pseu-
docode; fig. 4 renders the same step as a control-flow
spine with the prompt files drawn in. The inner WHILE
fills empty worker slots one expansion at a time (so
workers always start running before the next expan-

sion is proposed); the outer block then assembles a
batch by calling select_next_node repeatedly — one
node per call — until the batch reaches the worker
cap, and executes that batch in parallel; the post-
execution block (a) records the executed label into H
so the diversity bonus reflects what actually ran, and
(b) applies p Rules A and B.

3.3 Node selection (LLM-driven)

ARI deliberately does not reduce node ranking to a
closed-form scalar utility — the design choice that
most separates its BFTS from AIDE’s hard-coded
greedy policy [5]. Instead, both select_next_node
(“which pending node should the next agent step
run?”) and select_best_to_expand (“which com-
pleted node is most worth expanding?”) hand a list
of candidate descriptions to the LLM and parse back
a single 0-based index — each call selects exactly
one node. The candidate description for each node n
(fig. 9) is a one-liner of the form

[i] id=..., depth=..., label=...,
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has_real_data=..., metrics={...},

summary=. ..

The run-selection variant (select_next_node) ad-
ditionally appends diversity_bonus=+0.05 to the
line for any node that currently earns the bonus;
select_best_to_expand omits it. The prompts that
consume the list are reproduced verbatim as sec-
tion B.3 (selection) and section B.2 (expansion tar-
get). The selection criteria the prompt enumerates
are: nodes with has_real_data=True and strong met-
rics are high-value; metrics are weighed holistically
(multi-objective); deeper nodes with excellent results
are worth continuing; the diversity_bonus is treated
as a soft tiebreaker only. The label field matches the
information shown to select_best_to_expand, and
there is no spurious “low retry” criterion.

Diversity bonus

The diversity bonus BFTS.diversity_bonus tracks
recent labels in _recent_label_history (a sliding
window populated by record_run). For a node whose
label is under- represented relative to the most com-
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Figure 8: State-machine view of one outer BFTS iteration
as a single top-to-bottom flowchart. Steps 1-3 are the inner
expansion sub-loop; steps 4-7 are the outer parallel-run
loop. Yellow diamonds are the predicate guards (II, o, p);
red dashed boxes on the right are the side-effects each
predicate triggers (frontier drop / score clamp / retire).
Auxiliary state not drawn here: the per-parent expansion
counter e(-) is bumped at step 3 and consulted by p at
step 7, and the label history H (window W) is appended at
step 5 via record_run and consulted at step 4 to compute
the diversity bonus div(-). Compare with fig. 4, which
shows the same loop as a finer-grained control-flow spine
with the LLM prompts drawn in.

mon label in that window, the function returns

+0.05 cnt(n) < %cntmax,

di =
v(n) 0 otherwise,

(4)
where cnt(n) is the number of times label(n) occurs
in the sliding window and cnty,.x = max, cnt(¢). The
constant 0.05 is small by design: scientific score still
dominates ranking, and the bonus only breaks near-
ties.

LLM fallback

If the LLM returns an unparseable index,
select_next_node falls back to a deterministic rank-
ing via the _select_fallback helper (which ranks
candidates by the _fallback_score expression). The
default scoring expression is

fb(n) = r(n) + div(n), (5)

where r(n) = _scientific_score(n) is the node’s
scalar reward (section A). _select_fallback prefers



Algorithm 1 BFTS run-loop (one outer iteration).
Input: state S = (F,P,e,H); config
(Bn, Bp, Emax) and worker cap max_parallel =

min(max_parallel_nodes,4)
Output: updated state S’

1: > — inner expansion sub-loop —
2: while F # ) A |P| < max_parallel A |N| < By do
3: f + select"™ (F) > select_best_to_expand
4: if II(f; |[V]) then
5: F + F\{f}; continue
6: end if
7: ¢ < expand(f, depth_note, budget_note)
8: P+ PU{c} e(f)+=1
9: end while
10: > — outer parallel-execution batch —
11: B+ 0
12: while |B| < min(max_parallel, |P|) do
13: n + select™™™(P) > select_next_node: one node
14: P+ P\{n}; B« BU{n}
15: end while
16: for all n € B in parallel do
17: n' < ReAct(n) > AgentLoop.run, may fail
18: H « (H || label(n’))[ —W:] > record_run
19: F+« Fu{n'}
20: for all pe F:p =pa(n’) do > Rule A
21: if r(n’) > r(p) then
22: F «— F\A{p}
23: end if
24: end for
25: for all p € F do > Rule B
26: if e(p) > Emax then
27: F + F\{p}
28: end if
29: end for
30: end for

31: return S’ = (F,P,e, H)

nodes with has_real_data=True when any are avail-
able, then returns the candidate with the highest fb(-).
This guarantees the loop always makes progress even
when the LLM call degrades.

Configurable evaluation layers

The four evaluation surfaces in sections 3.1 and 3.3
are independently configurable; the defaults reproduce
the equations above, so an unmodified configuration
is a no-op.

Composite formula. Selected by evaluato
r.composite. The reduction {ar} —
_scientific_score is one of: weighted har-
monic mean (default), arithmetic mean, bottle-
neck weighted_min, or weighted geometric mean.
The harmonic and geometric forms apply a floor
€ = 0.01 to a zero-valued axis so the denominator
stays finite.

Frontier-score strategy. Selected by bfts.front
ier_score. eq. (5) is the scientific_plus
_diversity case. The alternatives are scie
ntific_only (drops div); depth_penalized,
adding —A depth(n) on top of div(n) with A =d

candidate signals

has_real_data

metrics dict bfts_select.md

P v 3

et nertnode (LMD e
i
.
J

depth -

eval_summary

diversity_bonus |*

Figure 9: Selection signals fed to the LLM that picks
the next node to operate on. Inputs are concate-
nated into a structured candidate description; the soft
diversity_bonus is a tiebreaker, not a primary signal.

epth_penalty_lambda; and ucb_like, adding
cucbry/10g N/(e(n) + 1) on top of div(n), where
Cuch =ucb_c and N =" ,e(n) + |F|.

Axis set. Selected by evaluator.axis_mode.
dynamic (default) builds the axis set from the
generic 5-axis floor plus the active rubric and
idea. json plan keywords. legacy pins to the
5 canonical axes. custom feeds an explicit
{(name, description, w)} list verbatim through to
the judge LLM.

Selection prompts. Set via bfts.select_prompt
and bfts.expand_select_prompt: a pair of Fil
esystemPromptLoader keys lets the user swap in
alternative templates for the two select™™ calls
in algorithm 1 without editing source code. The
selection template must accept the placeholders
experiment_goal, memory_context, and candi
dates; the expansion-target template accepts ex
periment_goal and candidates.

3.4 Expansion (one child per call)

The expand function generates at most one new child
per invocation (no pre-batching). Callers wanting
more children for the same parent call expand repeat-
edly, threading the previously created children through
the existing_children argument so the LLM can
avoid proposing duplicate directions.

The label of each new child is decided by the LLM
rather than by a hardcoded template; the expansion
prompt, reproduced verbatim as section B.1, is fed:

o the parent’s status (succeeded / failed/no-
real-data) and _scientific_score;

o the parent’s structured node_report
(delta_vs_parent / concerns / hints, pro-
duced by the node-report builder) when present,
so the planner can target specific weaknesses;

e sibling scores at the same depth, and ancestor
scores from root to parent;



o tree-wide diversity metrics (unique labels seen so
far, depth distribution); and

o the labels of children already spawned at this
parent, so duplicates are not proposed.

A child is created in state open, handed to the
agent loop for execution (section 3.6), and transitions
to done when all axes are populated or to failed if the
agent loop raises.

Coverage steering. The expansion-target selector
is inherently a cross-branch scheduler — it sees every
branch’s score, metrics, and summary — but score
alone said nothing about the run’s declared claims, and
in one real run a ten-node tree produced ten variations
of the same headline experiment while the declared
mechanism claims received no dedicated experiment.
The goal text handed to select_best_to_expand is
therefore augmented with a run-level claim-coverage
block derived from the metric contract: which de-
clared claims already have supporting measurements
somewhere in the run and which remain uncovered,
so that “covers a still-uncovered claim” can inform
which node to expand. The measurement names a
claim requires are its contract-evidence names. Cov-
erage is computed conservatively on two counts: a
claim is covered only when a majority of its required
names have been emitted — deliberately stricter than
the final gate’s any-name rule, since for steering one
accidentally shared generic name would suppress the
dedicated experiment forever, whereas erring uncov-
ered merely risks a redundant measurement — and
only nodes the evaluator credited with real data con-
tribute, aligned with the gate, so a faulty branch’s
mere measurement names cannot tell siblings “already
covered.” The same status, recomputed per node, also
reaches each executing agent (section 3.6); the com-
panion hints that chain computed evidence along a
single lineage are the subject of section 3.8.

3.5 Pruning and termination

should_prune implements the pruning predicate II
(eq. (1)): total-node cap, depth cap (the max_depth
config field), and the sterile flag. The frontier re-
tire predicate p (eq. (3)) is applied after each node
completes; it does not delete the node — its history
stays on 7 — but the frontier pool shrinks so the
search spreads rather than mining the same parent
indefinitely.
The loop terminates when any of:

¢ the global max_total_nodes cap is hit;

o cvery frontier node fails II (depth cap, sterile,
or budget exhausted) and the pending pool is
empty;

 the per-call step / cost budgets enforced by the
cost tracker run out;

‘ memory context phase-filtered ’

toolset

O MAX_REACT_STEPS = 80, MIN_TOOL_CALLS = 2

Figure 10: The ReAct loop. Solid edges are the main
cycle; the dashed back edge represents an early-exit when
the observation already closes the open question.

o the stagnation detector detect_stagnation
observes  that the running max of
_scientific_score has not improved over a
sliding window;

e a LineageDecision from the lineage-decision
module explicitly halts the branch (see sec-
tion B.4).

Which of these fires most often is an empirical
question that section 5 is meant to answer once a
frozen checkpoint is in place; the present report does
not claim a distribution.

3.6 ReAct driver

Each node’s expansion runs a ReAct agent loop [1] in
the AgentLoop class (fig. 10): the model reasons over
its accumulated context, issues tool calls, observes the
structured results, and repeats. The maximum step
count is MAX_REACT_STEPS = 80; it can be overrid-
den per-instance via the max_react_steps keyword.
A separate guard MIN_TOOL_CALLS = 2 prevents triv-
ially short trajectories. The agent’s system prompt is
reproduced verbatim as section B.6.

The set of tools available to the agent is filtered
per phase by the tool manager; for example, the ex-
ploration phase masks the paper-writing tools so that
BFTS expansion cannot short-circuit into a draft. A
small set of MCP tools is reserved for ari-core itself
(memory CoW operations) and is hidden from the
LLM, ensuring that the model cannot set an arbitrary
node id and bypass the memory skill’s copy-on-write
check.

Obligations at node start

A node does not begin from a blank prompt. Be-
fore the first model call, the loop injects deterministic
context: the working context of section 3.10 — the
experiment’s fixed core plus its ancestors’ conclusions
— and, once the run’s metric contract exists, a con-
tract obligation message stating, in domain-neutral



terms, what the node must do for an eventual claim
to be scientifically valid rather than merely plausible:
verify correctness against an independent reference on
the problem sizes the headline numbers use, record-
ing the residual as a measurement; measure — never
hardcode — any ceiling used as a normalisation de-
nominator; tag the provenance of each ceiling and
correctness check so the gate can confirm they were
run; declare how the headline metric is recomputed
from its raw operands; and emit, under the ezact
declared names, the measurements that make each
declared claim evaluable — a negative outcome is
acceptable, an unevidenced claim is not. The text
carries no domain knowledge; the agent fulfils each
duty as its domain calls for (a microbenchmark for
a throughput ceiling, a baseline run for an accuracy
ceiling, an analytic check for a numerical method).

Three run-level annexes ride the same message: the
node’s claim-coverage status (section 3.4), which asks
it to prioritise one or two still-uncovered claims it can
feasibly measure; the inherited-data note of section 3.8;
and the platform note of section 3.9. These run-level
invariants are pinned: the sliding context window
always retains them — together with the survey, idea-
generation, and metric-spec tool results — while older
turns fall away. At the root, where the contract does
not yet exist at context-build time, the obligation
is injected mid-loop by the handler of the contract-
minting tool call, so no node runs blind to the declared
claims and none receives the obligation twice.

Emission feedback

Measurements leave a node through a single struc-
tured emission tool (emit_results), which writes the
node’s results file, validates it against the metric con-
tract, and returns contract warnings naming any re-
quired evidence still missing. Early runs exposed a
failure shape at exactly this point: the warnings ar-
rived inside a tool result, the harness force-finished
the node right after its first completed job, and the
unmet obligations were left with no steps in which to
act — one observed node ended with 66 of its 80 steps
unused. The loop therefore turns point-of-emission
feedback into an actionable turn: when an emission
carries contract warnings, it injects a continuation
nudge — the missing measurements, the steps remain-
ing, and the instruction to run them now and re-emit
(a re-emission overwrites) or to conclude only if they
are infeasible in this node — and places the node in
a contract hold that suppresses the force-finish guard
described next. The hold expires ten steps before the
step cap, preserving the anti-doom-loop backstop, and
a warning-free emission clears it.

Force-finish guards

The loop guards both ends of a trajectory. Against
premature success claims, a node may not finish be-
fore MIN_TOOL_CALLS tool calls, and — whenever its
toolset contains an execution tool — not before it has
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executed something and read the output. Against the
repetitive-loop failure mode documented for ReAct
agents (the original study attributes a large share of
reasoning failures to re-issued, near-identical actions
[1]), the loop force-finishes: once the node has a com-
pleted job whose output was read, at least five steps
have elapsed, and no contract hold is active — or
in the final three steps before the cap once the mini-
mum guards are met — the tool-call requirement is
dropped, so the model’s next output must be its final
structured report. Repetition is also damped at the
tool level (the idea-generation tool is suppressed after
its first successful call), and injected user messages are
deferred to message-block boundaries so the replayed
conversation never splits a tool call from its responses.

3.7 Lineage and reproducibility

A lineage is the chain of ancestors of the best
node, written into the checkpoint as the lineage
key in tree.json. The LineageState dataclass cap-
tures the running statistics that BF'TS uses to de-
cide whether to continue, and the cross-checkpoint
walker walk_ancestor_ckpts provides parent point-
ers across runs. Idea pools are inherited via
get_idea_pool_for_ckpt, and a ranked root-idea se-
lection is recorded by the RootChoice dataclass so the
choice is auditable post hoc (prompt: section B.5).

Reproducibility hinges on three invariants. (i) Every
randomised operation seeds itself from the node identi-
fier. (ii) Every tool call records its arguments and out-
puts into the node’s working tree, never the parent’s
— this is enforced by the MCP layer’s cow_node_id
check. (iii) The cost ledger attaches a per-node dollar
amount at CostTracker.init, so the budget check is
deterministic given the same prompts.

Offline by default. Reproducibility also dictates
what the search loop is allowed to read. By default
a node’s agent loop runs offline: the web-access skill
is phase-gated to the paper-writing and replication
stages, so a node cannot consult time-varying live
search results during the search itself, and the per-
node trajectory therefore does not depend on the state
of the web on the day it ran. Literature lookup still
happens, but earlier and out of band — a bounded
survey performed at idea time, before the search be-
gins (section 3.11). A run that genuinely needs live
information can opt in (bfts.allow_web) to expose
web access to the node agent during exploration; when
it does, the run writes a non-reproducible-trajectory
marker into its checkpoint, so a later reproduction
is never silently treated as exact. The determinism
contract stays honest either way: the default run is
byte-reproducible, and a run that trades reproducibil-
ity for live information records that trade in its own
provenance.



3.8 Lineage chaining for computed evi-
dence

Not every claim a run sets out to support is mea-
sured fresh. Some evidence is computed from measure-
ments that already exist — a parameter fit over earlier
probes, a held-out validation of that fit, a model-based
selection among configurations. Such claims turned
out to be structurally unreachable by independent tree
nodes: in a real run, children directed at fitting or
validation but expanded from a parent that carried no
measurements regressed to re-running single probes,
because “compute from the data you already have”
was never a visible option — the child had no data,
and nothing told the selector which node did.

The mechanism that closes this gap uses only the
parent—-child working-directory inheritance the tree
already has (a child executes inside a copy of its par-
ent’s working tree; section 4.2 relies on the same fact),
as one hint per side of the expansion. On the par-
ent side, the claim-coverage block appended to the
expansion-selection goal (section 3.4) gains a lineage
hint that names the node whose working tree holds
the most contract-evidence names, so a fit-or-validate
child is preferentially expanded from the node that
already holds its inputs. On the child side, a child
whose inherited directory contains lineage measure-
ment files is told, at start (the inherited-data note of
section 3.6), which files are present and which exact
contract names they contain, and is instructed to com-
pute the derived evidence from those files rather than
re-run the underlying experiments.

Only names cross node boundaries: file names and
measurement names, never values and never a sib-
ling’s conclusions. The hints are run-level coordina-
tion metadata of the same kind as the contract itself,
so the branch isolation of section 3.10 is preserved —
a faulty branch’s numbers still cannot leak into a sib-
ling’s reasoning — while the computed-evidence chain
(fit, then validate, then select) can execute along a
single lineage instead of collapsing back into repeated
probes.

3.9 Platform probe

A research plan can be wrong about its platform be-
fore it is ever wrong about its science. In one real
run the declared claims required hardware-counter
profiles, and the assumed profiler was verifiably ab-
sent from the compute partition the experiments ran
on: those claims were permanently unsatisfiable, and
the final gate — correctly — blocked the paper for
evidence no node could ever produce. Platform feasi-
bility must therefore be measured, not assumed — and
measured once, before anything downstream commits
to a measurement vocabulary.

When the run is configured with a batch parti-
tion, run start issues a one-shot platform probe: a
short scheduler job, executed on the compute parti-
tion itself, that checks by name the availability of a
small configurable list of measurement tools (profilers,
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hardware-counter utilities, and similar) and records
the machine architecture. The result is cached as a
checkpoint artefact (platform_capabilities.json)
and not re-probed within the run. The probe is best-
effort by design: no partition configured, a missing
scheduler, or a queue wait beyond its timeout all de-
grade to a recorded skip that writes nothing — a
probe failure leaves every consumer unconstrained
and changes nothing downstream.

The probed facts are then relayed — as data, never
as built-in hardware knowledge — at the three layers
where a platform-blind plan would otherwise arise. At
idea time they are folded into the research topic, so the
ideation stage (section 3.11) plans only measurements
the platform can take: feasibility is fixed at the source
rather than patched downstream. At contract time
the claims extractor that derives the metric contract
from the selected idea’s plan receives them as a verified
capability note, so the contract never declares evidence
that depends on absent tooling — doubly important
because the contract is minted once and then frozen
(section 4.3). At node time the pinned obligation
message (section 3.6) carries a platform note listing
the verifiably absent tools, so the executing agent
does not spend its ReAct steps discovering missing
commands the hard way. Knowledge of which tools are
worth probing lives in the HPC skill’s configurable list;
the core orchestrator and the gate stay domain-free
and merely relay what was measured.

3.10 Research memory

Nodes do not run in isolation: each one inherits what
its ancestors established and, in turn, leaves a record
for its descendants and for the paper writer. ARI keeps
this record in a per-run research memory governed
by two requirements a free-form log does not meet.
First, branch isolation: a node may read only the
memory of its own ancestors, never that of a sibling or
an unrelated checkpoint, so two parallel leads cannot
contaminate each other — the same ancestor-scope
predicate that defines a lineage in section 3.7. Second,
groundability: because the memory ultimately feeds a
paper, an entry must be able to point at the evidence
behind a result rather than merely restate the result,
so a claim can be traced back to the artefact that
supports it.

Memory as an index over evidence

The single source of truth for what a node produced
is its structured self-report — the node_report. json
written when the node completes (section 4.2 details
its fields). A memory entry does not copy those fields.
It carries a short searchable text, a kind, a pointer
back to the originating node report, and content-hash
references to the specific artefacts — logs, source files,
output files — a result rests on. A memory entry is
thus an index into evidence, not the evidence itself:
the artefacts it cites can be re-hashed at any time to
confirm they still exist and still match, an integrity
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Figure 11: Verifiable research memory. A determinis-
tic consolidation of each node’s node_report. json — the
source of truth — populates a typed store that indexes
artefacts (logs, outputs, source) by content hash. Repro-
duction events are appended and folded down to a latest
status, and an admissibility predicate usable(u) (eq. (6))
gates which records reach the verified context. The same
store yields two readers: the working context injected at
the next node’s start (the inheritance path of exploration)
and the verified context that grounds the paper’s quantita-
tive claims (section 4.2). Ungrounded reflection may steer
exploration but never the paper body.

check that classifies every reference as verified, miss-
ing, or mismatched. The kind is drawn from a fixed
vocabulary — observation, experiment result, failure
case, procedure, reflection, artefact summary, paper
claim, and reproducibility event — so a reader can
ask for exactly the records it needs: the failures along
a branch, say, or only the results that are backed by
artefacts.

Consolidation at node end

When a node completes, a deterministic consolidation
step reads its node report and emits typed entries: an
experiment-result entry, with provenance references
to the artefacts it measured, for a node that produced
measurements; a failure-case entry for one that failed.
The step invokes no language model, so the same
node report always consolidates to the same entries
— consolidation is a pure function of recorded state,
and re-running a checkpoint reproduces the memory
it produced. It is a loop hook, not an agent action:
the search agent is never asked to “save to memory”,
and in practice the agent does not reach for the recall
tools on its own. The memory reads the loop depends
on are performed by the loop itself, deterministically
— which is what lets the memory carry provenance
without putting a non-deterministic retrieval on the
critical path (section 7.1).

Two readers: working and verified context

The store feeds two consumers (fig. 11), and the dis-
tinction between them is the heart of the design. At
the start of every node the loop injects a working
context: the experiment’s fixed core — goal, target
metric, hardware — together with the conclusions
its ancestors recorded. A child therefore begins from
what its lineage has already established, deterministi-
cally and scoped to its own branch, rather than from
an aggregate text dump. At paper time the pipeline
builds a verified context from the best node’s lineage:
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it folds each result’s reproducibility events down to
a latest status and ranks entries so that reproduced
results outrank merely-artefact-grounded ones, which
in turn outrank ungrounded reflection. An entry u is
admissible as a quantitative paper claim only when it
is artefact-grounded and not contradicted by a repro-
duction attempt:

usable(y1) = grounded(u) A (repro(u) # failed).
(6)
Ungrounded reflection can still steer the search
through the working context, but eq. (6) holds it out
of the paper body: the writer’s quantitative claims
rest only on admissible, reproduced-first entries. This
is the memory-side counterpart of the evidence assem-
bler (section 4.2); where the assembler decides which
artefact bytes the writer may read, the verified context

decides which results are allowed to become claims.

Reproducibility as an appended event

Because past entries are byte-stable — a node writes
only under its own identifier and existing entries are
never edited in place — a result’s reproducibility sta-
tus is not patched when the result is later re-run.
Instead the re-run appends a reproducibility-event en-
try, and any reader folds the events for a target down
to their latest state. A result that fails to reproduce is
thereby demoted out of the claim set of eq. (6) — and
can be reported honestly as a limitation — without
rewriting the history that recorded it as promising in
the first place.

3.11 Ideation: seeding the root

The tree’s root node does not begin with code; it
begins by deciding what to investigate. The root’s
agent runs the idea stage: a bounded literature survey
followed by multi-agent idea generation, converging on
a selected idea (idea.json in the checkpoint) whose
plan yields the run’s metric contract (section 4.3).
Because the survey happens here, at idea time, the
search itself can stay offline (section 3.7): the survey
retrieves live literature from Semantic Scholar — key-
word search enriched by a two-hop traversal of the
citation graph — and the deliberation then works over
the retrieved abstracts.

Ideation is deliberately multi-agent. Single-agent,
archive-conditioned brainstorming is known to col-
lapse onto a narrow idea distribution — the AI Sci-
entist reports that its idea generation “often results
in very similar ideas across different runs and even
models” [2] — whereas VirSci [7] simulates a scientist
team (collaborator selection, round-table discussion,
idea generation, novelty voting) and reports that the
multi-agent system improves on a single-agent exec-
utive by, on average, +13.8% in alignment with and
+44.1% in potential impact on contemporary research.

ARI wraps VirSci at two fidelities. The default
path re-implements VirSci’s discussion flow inside the
idea skill, using the vendored VirSci prompt tem-
plates directly where available, with retrieval re-based
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Figure 12: The paper-generation lifecycle as phase-
grouped columns: idea, experiment, write (steps 1-6).
The dashed enclosure marks the review/refine pair; its
back edge is the only non-monotonic transition in the life-
cycle (section 4.5).

on the live survey and model calls routed through
ARDI’s LLM layer; candidate ideas carry VirSci-style
self-assessments (novelty, feasibility, clarity) and are
ranked by a novelty-weighted sum. An opt-in VirSci-
live mode instead drives the vendored VirSci engine
itself, unmodified (fig. 18): a frozen Semantic-Scholar-
derived snapshot — a paper corpus with a SPECTER2
retrieval index and a freshness-ranked co-author graph
— is materialised under the checkpoint, VirSci’s own
select_coauthors forms a scientist team over that
graph, and its K-round generate_idea deliberation
produces the candidates. The multi-agent mechanism
ARI builds on is thus the published one, executed
against current literature rather than paraphrased;
freezing the snapshot keeps the deliberation substrate
reproducible, and the live path degrades on any fail-
ure to the re-implemented loop, so enabling it never
regresses a run.

Two run-level facts are folded into the deliberation
on both paths. The platform constraints verified by
the probe (section 3.9) are appended to the research
topic, so every prompt that consumes the topic plans
only measurements the platform can take; and on
a derivative run the ancestor checkpoints’ idea pool
(section 3.7) is injected read-only, so the team refines,
extends, or explicitly pivots from what the lineage
already proposed instead of re-deriving it. The ranked
selection among the candidates is recorded for post-
hoc audit (section 3.7), keeping the run’s starting
point as traceable as every later expansion.

4 Paper Generation Pipeline

4.1 Pipeline overview

Once exploration terminates, the surviving lineage is
handed to the paper-generation pipeline, the second
half of a run (fig. 12; fig. 3 places it in the run-level
stage DAG). A write phase compiles the lineage into
a draft, and a review phase scores that draft against
a rubric; the two are coupled by a refine loop (sec-
tion 4.5). The pipeline persists three outputs: the
ITEX draft, the per-leaf review with its rationale, and
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Figure 13: Evidence assembly. The deterministic as-
sembler walks the best node’s lineage and, grounded by
each node’s structured self-report (content hashes, suc-
cess self-assessment, literal build/run commands, captured
hardware), makes one role-specific selection that feeds
two consumers with byte-identical content: the writer’s
lineage evidence and the published artefact bundle. Each
contributing file is chosen by recorded metadata; on a path
collision the deepest occurrence wins, and a chain deletion
removes the file.

J\ exploration outputs

the rubric instance used to score the run (kept because
the rubric may be generated per paper rather than
fixed in advance).

The organising principle of the pipeline is that every
quantitative statement in the draft must be traceable
to something exploration actually produced. Two
mechanisms carry that principle. A deterministic evi-
dence assembler (section 4.2) fixes which artefacts the
writer may draw on, as a pure function of recorded
metadata. A claim—evidence contract (section 4.3)
fixes what the paper must say about them: the falsifi-
able claims declared at idea time, the measurement
names that count as evidence for each, and a deter-
ministic gate that re-derives every reported number
from the recorded results before the paper can ship.
The remaining sections — the rubric formalism (sec-
tion 4.4), the review/refine loop (section 4.5), and the
PaperBench replication path (sections 4.6 and 4.7) —
build on these two.

4.2 Evidence assembly

Between exploration and writing sits the evidence as-
sembler (fig. 13). It decides which of the lineage’s
per-node artefacts the writer may draw on and re-
shapes them into a single science-facing record. The
design keeps this seam auditable — which node a
claim traces to is a function of recorded metadata,
not of a language model’s judgement — so that the
contract of section 4.3 and the guardrails of section 4.8
have something concrete to enforce.

Selection is role-specific: one node may contribute
differently to three consumers, and a single predicate
family decides each. A node enters the synthesis set if
it carries real measurements (or the evaluator certified
its run a success); it enters the code set if it introduced
or modified a source file relative to its parent; and
it enters the marrative set if its step succeeded. A
node that merely explored a dead end is admitted to
none. Each criterion is a pure predicate over recorded
metadata, so the same inputs always select the same
contributing set.

Source files are gathered by overlaying, in depth
order, the files each contributing node touched along



the ancestor chain lin(n*) of the best node n*. Because
a child node executes inside a copy of its parent’s
working tree, one relative path may occur at several
depths; the deepest occurrence wins, and a deletion
along the chain removes the file — so the reconstructed
set matches the best node’s actual working tree. This
selection then feeds two consumers from the same
bytes: the writer’s lineage evidence and the published
artefact bundle, so the lineage code the paper describes
is the code that is released. Selection is chain-only
— a node off the best lineage is not published even
when its measurements are reported by the synthesis
set, and is logged for provenance — and, as a fidelity
aid for pseudocode, the writer is additionally shown
the raw source of the top-scoring nodes, which is not
itself the published set.

The assembler reads code, parameters, and measure-
ments directly from each node’s working tree rather
than from a summary. Where an experiment declared
a typed result, the record separates input parame-
ters (configuration knobs — problem size, thread
count, seeds) from measured outputs (throughput,
accuracy, latency) and from derived quantities (ef-
ficiencies, model-predicted ceilings). The separation is
not cosmetic: per-key extrema reported across config-
urations are reduced deterministically and only over
measured keys,

best(m) red c[m],

ceé m¢I’

= (7)
where red is a maximum or a minimum according to
the metric’s declared direction, £ is the set of con-
tributing configurations, and Z is the set of declared
input keys held out of every reduction. Holding the
inputs out is what stops a large input magnitude — a
problem size of several million nonzeros, say — from
being read as a headline result. The language model
is confined to the one task that genuinely needs it:
turning verbatim source and logs into prose and pseu-
docode and narrating methodology. It never supplies
the numbers.

Grounding all of this is a per-node struc-
tured self-report written when a node completes
(node_report. json in the checkpoint). It records,
by content hash, which files the node added or mod-
ified relative to its parent; the node’s own success
self-assessment together with the concerns the evalua-
tor flagged; the literal build and run commands; and
the hardware the measurement ran on. The hashes
make the source selection reproducible and let the
released bundle carry a reproduction script built from
the recorded commands; the captured hardware lets
the paper’s environment section be written from fact
rather than left as “not recorded”.

4.3 The claim—evidence contract

The pipeline’s centrepiece is the metric contract: a run-
level declaration of the falsifiable claims the eventual
paper must support, each naming the exact measure-
ment names that count as evidence for it (fig. 14).
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Algorithm 2 Evidence assembly (exploration —
writer input).

Input: lineage nodes N with per-node reports; metric-
direction map
Output: science record &: typed configurations, per-key
extrema, methodology narrative
1: n* <= argmax, c r(n) > ties: validated, then deeper
2: L «+ lin(n*) > root-to-best ancestor chain
3: C + {n € L : CONTRIBUTES(n) } > role predicate

(code)
4: F 0 > relative path — (node, depth)
5: for all n € L in depth order do
6: for all path p added/modified by n € C do
7: if p ¢ F Vv depth(n) > depth(F[p]) then
8: F[p] < (n,depth(n)) > deepest wins
9: end if
10: end for
11: for all path p deleted by n do
12: remove p from F' > deletion overlays it away
13: end for
14: end for
15: load the bytes of every p € F' verbatim, under a size
budget
16: for all measured key m ¢ Z do
17 best(m) « red. ¢[m] > eq. (7); deterministic
18: end for
19: NARRATE(F) > LLM: verbatim source/logs — prose,
pseudocode
20: return £

The claims are owned by the selected idea, so the
implementing agent cannot drop an inconvenient one;
the contract is persisted in the checkpoint at idea
time and threads through the entire run. During
exploration, nodes emit measurements under the con-
tract’s names; the same names steer expansion toward
still-uncovered claims and seed the lineage chaining of
section 3.8, so evidence that is computed from earlier
measurements can be produced along a single lineage.
During writing, the deterministic gate described below
matches claims to evidence by exact name. A positive
or a negative outcome both satisfy a claim; what the
contract makes mandatory is the evidence to judge it.

The design descends from Story2Proposal [8], which
converts a finished “research story” — a narrative
plus its experimental evidence — into a manuscript
by threading a persistent contract through a fixed
pipeline of architect, writer, refiner, and renderer
agents. Its shared contract registers the manuscript’s
visual artefacts under canonical labels, binds them to
section-level obligations, and carries document-wide
validation rules; evaluation agents for reasoning ver-
ification, data fidelity, and visual coherence observe
intermediate artefacts and update the contract during
generation, and the renderer closes with deterministic
structural validation. What that contract guarantees
is structural and visual integrity — unique labels, re-
solvable cross-references, narrative—visual alignment
— and its authors are explicit about the boundary: the
framework “enforces structural and visual obligations
rather than generating missing scientific evidence,”
and a manuscript can remain “structurally valid while
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Figure 14: ARI’s execution-grounded realisation of the
Story2Proposal claim—evidence contract [8]. (1) The run-
level metric contract declares falsifiable claims and the
exact measurement names that count as evidence; once
a claims-bearing contract is persisted it is reused ver-
batim. (2) Exploration nodes emit measurements under
those names; an advisory point-of-emission check flags still-
uncovered claims and offers suggestion-only name hints
for re-emission — nothing is auto-bound. (3) Manuscript
claims — numeric assertions and figure references — bind
to the recorded evidence by stable node, result, and figure
identifiers. (4) A deterministic claim—evidence gate (no lan-
guage model) re-derives each reported number from that
evidence within a tolerance; the data-fidelity axis blocks
in strict mode, while the reasoning and visual-coherence
axes are advisory.

containing less rigorous reasoning” [8].

ARI keeps the contract idea and the three evaluation
axes but re-grounds the contract in execution. The de-
clared object is not the manuscript’s visual structure;
it is the run’s evidentiary obligations, declared be-
fore any experiment runs and bound to measurements
that executed experiments actually emitted. Data
fidelity is correspondingly re-implemented: instead
of a language-model evaluation agent, a determinis-
tic gate re-derives every reported number from the
recorded evidence, and this axis blocks in strict mode
while reasoning and visual coherence remain advisory.
Story2Proposal validates how given evidence is writ-
ten up; ARI also controls how the evidence comes to
exist, which is what makes a blocking check sound.

Concretely, the writer emits an in-text anchor along-
side each reported number: a comment-line decla-
ration naming the claim the number supports, the
metric, the derivation formula, and the operand con-
figurations it was computed from. A deterministic
linker reconciles anchors against the assembled science
record, and the gate then recomputes each declared
number from the recorded measurements using the
named formula and compares it within a declared tol-
erance (a small relative tolerance by default). The dec-
laration is forward-only — no reverse search guesses
what a number might mean — so a wrong declara-
tion fails as a mismatch rather than being silently
repaired. Emission is also checked at the point of
production: when a node emits results, the presence
checks the final gate will later run are mirrored imme-
diately, while the node can still re-emit; the warnings
name still-uncovered claims and may carry conserva-
tive, suggestion-only lexical hints toward the required
names. Nothing is auto-bound, and the gate itself

15

never consults the hint logic.

Experience with real runs hardened four points of
this seam, each a structural rule rather than a prompt
fix:

e The contract is minted once. Once a claims-
bearing contract has been persisted, every later
call returns the persisted contract verbatim in-
stead of regenerating it; a re-derivation request
becomes a harmless re-read of the obligations.
A language model’s naming is not referentially
stable — asked twice, it names the same quantity
differently — and in a real run a mid-run regen-
eration silently renamed the evidence vocabulary,
hiding measurements that sibling nodes had al-
ready emitted from the exact-match gate: claims
reported as missing evidence had in fact been
measured under the earlier names.

o Parsing meets the writer where it is. The
gate’s numeric verification parses scientific nota-
tion in both its common forms (exponent suffixes
and m x 10* literals) as a single value, and nor-
malises math delimiters and spacing macros away
so that a number and its unit are adjacent when
a value—unit pair is extracted. Writer declara-
tion quirks that recur in practice — synonymous
formula names for the same derivation, operand
references written with a redundant labelling pre-
fix, metric names carrying WTEX escapes, one an-
chor identifier shared by several mentions (disam-
biguated per mention) — are normalised at parse
time rather than reported as mismatches. The
rationale is twofold: the gate’s verdicts should
measure the paper’s numbers, not its surface syn-
tax; and because anchor lines may not be edited
during refine, a declaration that dead-ends at
parse time could never be repaired downstream.

¢« Review findings reach the refiner whole.
Every warning raised by the semantic review —
a complementary language-model pass that flags
overclaims and unsupported causal language —
is forwarded to the refine step (section 4.5) as an
advisory revision entry, not a truncated subset; a
warning without a forwarded entry would never
reach the refiner, and its count could never de-
crease. The post-refine resolved count is a raw
delta between the two review passes, so a refine
that introduces new findings shows up as a neg-
ative delta — a regression — rather than being
clamped away.

+ Blocking stays reserved for objective false-
hoods. Gate findings come in two tiers. Policy-
gated findings — a reported number that fails
recomputation, an operand that cannot be re-
solved, a numeric assertion whose cited evidence
is absent — block the final check under the strict
policy and are reported without blocking other-
wise. Objective falsehoods — a violated universal
or declared invariant, a failed or missing declared



correctness check, a placeholder constant where
a measured ceiling is required, a metric that can-
not be recomputed from its own raw operands, a
declared claim with no supporting measurement
anywhere in the run — block the final check un-
der any policy, because each is deterministically
false or unsound. The subjective findings of the
semantic review are advisory by design, steering
the refiner without ever gating publication on a
matter of judgement.

4.4 Rubric formalism

We model the rubric R as a finite tree whose leaves
carry tuples (c¢;,w;,judge;). Each leaf ¢ has a cat-
egory descriptor ¢;, a non-negative weight w; with
>, w; =1, and a judge function judge; : P — [0,1]
that returns a graded score. The paper score is the
convex combination

score(P) = Zwijudgei(P). (8)

This tree-structured rubric is shared with PaperBench
[9], where binary leaf grades propagate up the tree as
weighted averages; ARI reuses the upstream package
through a vendored copy (section 4.6) so that its grade
and aggregation semantics track upstream verbatim.
Two judge families coexist: an LLM-backed judge for
qualitative leaves, and a deterministic judge for leaves
with a binary or numeric verifier (e.g. “is the cost
reported in absolute dollars?”). Both satisfy the same
evaluator interface, so the search engine (section 3)
and the paper pipeline reduce axes to a scalar through
one seam.

A rubric is generated in one of two modes. In agent-
benchmark mode the tree decomposes the paper by
scientific contribution and each leaf asks whether a
candidate submission’s executed output reproduces
the paper — the original PaperBench framing. In
paper-audit mode the tree’s top-level children are a
fixed set of reproducibility axes and each leaf grades
the descriptive completeness of the paper text itself
— a framing inversion aimed at HPC reproducibility
audits, where the question is not “can an agent re-
produce this paper?” but “does this paper describe
enough to be reproducible?”. Venue knowledge (which
axes, how they are phrased) is supplied by a per-venue
template rather than baked into the engine, so ARI
core stays domain-agnostic (P4) and a new venue is a
data change, not a code change.

Lifting the paper-audit score out of a degener-
ate regime — where an empty submission drives ev-
ery submission-oriented leaf to “no” — required re-
phrasing the leaf questions to interrogate the paper
rather than a (missing) submission, feeding the judge
the paper’s figures alongside its text so vision-capable
models can use them, and admitting optional artifact-
description and artifact-evaluation appendices as ex-
tra input. These adjustments live entirely in ARI’s
wrapper layer; the vendored judge is untouched, which
keeps scores comparable across upstream versions. We

deliberately do not synthesise a reproduction log from
the paper’s own reported numbers: doing so would
short-circuit the executed-submission stage and in-
flate the score in a way not comparable to leaderboard
runs.

4.5 Review/refine loop

The refine cycle iteratively rewrites P; to Py under
the review feedback J(P;):

Pt+1 = Reﬁne(Pt, J(Pt)) (9)

The cycle stops when the reviewer accepts the draft —
modelled as the convergence criterion score(Pyy1) —
score(P;) < € — or when a small per-section revision
cap is reached. Which branch fires more often is an
empirical question section 5 is meant to answer at
panel scale; we make no quantitative claim here.

The feedback J(P;) is a merged revision stream
with its sources kept distinct: the independent
venue review (the rubric instance of section 4.4), the
evidence-grounded semantic review forwarded whole
(section 4.3), and mechanical revision entries derived
from gate findings. The merge is structural — no lan-
guage model synthesises the streams — so the refiner
sees each finding in its original terms, and the inde-
pendence of the venue review is preserved alongside
the evidence-grounded checks.

The refine step is intentionally non-monotonic per
axis: fixing a clarity issue may slightly degrade a
numeric axis. This is the source of the back edge
in fig. 12, and it is why the convergence criterion is
defined on the aggregate score rather than per-axis
— together with a per-axis floor (section 4.8) that
prevents the aggregate from hiding a collapse on any
single axis.

4.6 PaperBench integration

The replication path is not a re-implementation of
PaperBench [9]: the upstream package is vendored
unchanged so that ARI tracks its task and rubric
semantics verbatim, and ARI contributes only a thin
wrapper around it. The wrapper exposes the protocol-
faithful loop as three composable stages with a shared
vocabulary (fig. 15):

1. rollout — a replication agent works from the
paper towards a submission (code, and optionally
a reproduction script);

2. reproduce — the submission is executed in an
isolated container, on the local machine or dis-
patched to a cluster;

3. grade — the vendored judge scores the submission
against the rubric tree.

Two design choices keep this faithful to the bench-
mark. First, grading is left to the vendored judge;
ART’s adapters only reshape its output and aggregate
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Figure 15: The PaperBench replication path as three composable stages. The agent rollout turns the paper and its
rubric into a submission (code and a reproduction script); reproduce executes that submission in an isolated sandbox,
capturing the reproduction log and its outputs; grade scores the submission against the weighted rubric tree, where the
vendored judge assigns each leaf a grade g € {0,1} and the paper score is the weight-aggregated roll-up s = ZZ Wigi

(eq. (8)).

repeated runs into a single score, so upgrading Pa-
perBench is a vendor swap with no change to how
leaf grades are combined — the same envelope feeds
eq. (8), with judge; € {0, 1} for binary leaves. Second,
the wrapper fails loud: when a benchmark-fair run
cannot be served (no container runtime, no scheduler,
no GPU resource registration) it raises rather than
silently degrading to a weaker host, because a silent
downgrade would make the resulting score incompa-
rable to a leaderboard entry. Legacy silent-fallback
behaviour is available only behind an explicit opt-in.

A second concern is keeping the replication agent
honest about what the host actually provides. Left
to the upstream prompt, an agent tends to scaffold a
reproduction script that calls binaries the host lacks,
and to default to Python regardless of the paper’s real
language. ARI counters both by priming the agent
to probe the environment before it scaffolds, and by
injecting a per-host notes block — generated from
a live probe of the available toolchain, GPUs, and
network reachability — so that what the agent reads
matches what the host can do.

4.7 Domain breadth:
profile contract

the execution-

PaperBench upstream assumes a single container with
one GPU. To cover papers whose methodology is fun-
damentally parallel — multi-rank MPI kernels, multi-
node training, cluster-specific module environments
— ARI extends the rubric with an optional ezecution
profile (fig. 16). The profile is domain-agnostic: it
names a parallel-execution shape (single-CPU, single-
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rubric.json '
| execution_profile |

agent prompt cluster dispatch

user message cluster dispatcher

il 2 N et 2 N

profile JSON

[ node conv. [ shared-FS
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compute-node
reproduce.sh

Figure 16: The execution-profile contract threads from a
single rubric artefact into two consumers: the replication
agent’s prompt (left) and the cluster dispatcher (right).
Runtime probes adapt the dispatched resource request
to the local scheduler, so one rubric runs faithfully on
heterogeneous clusters without being modified.

or multi-GPU, MPI, MPI+GPU) together with the
paper’s scale envelope and any scheduler hints, rather
than anything about the paper’s scientific field. When
a paper is single-machine the profile is omitted and
the pipeline degenerates to the original single-node
invocation: the contract is additive, not breaking.
The profile feeds two consumers (fig. 16). It
is appended to the agent’s prompt as a com-
pact “compute-node execution conventions” block —
shared-filesystem discipline, a preference for the sched-
uler’s launcher over a bare MPI launcher, environment
activation, and wall-clock wrapping — and it param-
eterises the cluster dispatch (node, GPU, memory,
and placement requests). Because clusters disagree
on which scheduler flags they accept, the dispatcher
probes the local scheduler at run time and drops flags
it does not support, so the same rubric dispatches faith-



fully on a multi-GPU cluster, on a sandbox partition
without GPU registration, or on a single workstation.
A regression guard enforces the inverse: ARI running
inside an unrelated cluster allocation must never leak
cluster- or MPI-specific prose into the prompt for a
non-HPC paper. Only this wrapper layer changes;
the vendored benchmark and ARI core are untouched
across the extension.

4.8 Failure modes and guardrails

Four failure modes are common enough to be named.
None is hypothetical: the closest published predeces-
sor documents generated drafts that misreport the
experimental hardware and hallucinate entire result
tables despite prompt-level instructions to use only
real results [2]. ARI’s position is that each failure
mode needs a structural — not merely advisory —
mitigation:

e LLM-only support: the paper asserts a claim
that no node in the lineage substantiates. The
mitigation constrains the writer to a pre-selected
set of lineage artefacts, so every numerical or
causal claim is traceable to a node that produced
it; the draft cannot cite evidence that was not
generated. The companion constraint is on the
memory side: the verified context (section 3.10)
admits a result as a quantitative claim only when
it is artefact-grounded and has not failed a repro-
duction attempt (eq. (6)), so a reproduced result
is preferred and an unsupported reflection cannot
become a headline number.

o Citation hallucination: the paper cites a non-
existent work. The mitigation is structural — the
writer may not invent citation keys, and every
bibliography entry is verified against an external
index before it is admitted (section 6).

¢ Refine drift: the aggregate score climbs while
the paper loses coherence. The mitigation is a
per-axis floor: if any axis falls below a threshold
the refine is aborted, so a gain on one axis cannot
mask a collapse on another.

e Number drift: a reported quantity does not
match the recorded result it summarises. Be-
cause every numeric claim names the node and
measurement it rests on (section 4.3), the deter-
ministic claim—evidence gate re-derives each from
the recorded results and compares it within a
tolerance (fig. 14); a value that fails to match
the recomputed result is flagged, and the two-tier
blocking policy of section 4.3 decides whether the
finding rejects the draft at the final check or is
reported for repair.

The first guard also bounds context: the writer is
given the selected lineage artefacts and the top-scoring
nodes’ source, under a size budget, so the draft stays
within the model’s context window even for long runs.
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5 Preliminary Observations

This chapter reports what the running system es-
tablishes at v0.9.0. The evidence is of three kinds:
an end-to-end generation run whose released paper
passed every verification gate (section 5.1); proper-
ties that hold by construction and are confirmed in
operation (section 5.2); and an earlier reproduction
exercise carried out on the then-current v0.8.0 pipeline
(section 5.3). All of it is preliminary: the end-to-end
observations are single runs rather than a controlled
benchmark, and the panel-scale study they call for
is deferred (section 5.4). Quantitative figures else-
where in this report are illustrative, generated from
fixed-seed sample data so that the document build is
reproducible.

5.1 Case study: a gate-verified sample
paper

One end-to-end result is demonstrated and inspectable:
the released sample paper, an eight-page study pro-
duced autonomously by a real run and reproduced
in full in section C. It studies compressed sparse row
(CSR) sparse-dense matrix multiplication (SpMM),
selecting a store policy across right-hand-side (RHS)
widths under the guidance of a performance model
(the paper’s “loopline” model) fitted from the run’s
own measurements. We trace this run end to end
(fig. 17) because it is an existence proof for the verifi-
cation machinery this report describes.

Claim structure. The run’s metric contract —
minted once at idea time and returned verbatim for
the rest of the run (section 4.3) — declared twelve
falsifiable claims. Nine are independent probes that
a single node measures directly: correctness against
a dense reference, the store-policy comparison, an
irregular-gather and a locality-destruction probe, a
page-footprint (translation lookaside buffer, TLB)
stress probe, a compute-rate probe, and bandwidth mi-
crobenchmarks. The remaining three form a computed-
evidence chain — fit the performance model’s param-
eters, cross-validate the fit on held-out probe mea-
surements, then select a configuration from the fitted
model — where each claim consumes the output of
the previous one rather than measuring something
fresh.

Lineage closure. That chain is the case this run
exists to demonstrate. A computed claim cannot be
evidenced by a node that has no inputs, and three
earlier runs confirmed the failure mode: nodes di-
rected to fit the model from sibling probes re-ran a
single probe instead and the chain claims stayed un-
covered. Here the chain closed because a child node
inherited its parent probe node’s working directory
and computed the fit, the cross-validation, and the
selection from the inherited measurements — lineage
chaining (section 3.8) made “compute from the data
you already hold” the locally available move. The



Reported as Correctness: max absolute FP32 er-
grounded ror 6.79 x 1078 versus an independent
dense reference; all twelve declared
claims carry emitted evidence; the
computed-evidence chain executed.
Explicitly Store-policy crossover values, double-
hedged precision error, measured bandwidth

ceilings, and the performance model’s
numerical predictions — stated as
methodology and marked not artefact-
grounded in this revision.

Table 1: The released sample paper asserts only gate-
grounded numbers and hedges the rest in its own text —
the deterministic gate and the review—refine loop scoping
the paper to what the run can support.

QO Declared claims J\ Lineage closure

© Claim—evidence gate
12/12 grounded
0 errors
\

12 falsifiable claims
9 probes + 3
computed chain

probe node
emits mea-
surements

ork dir

child node
fits, vali-
dates, selects

closes claims 10-12

Figure 17: The case-study run as a worked example of
the claim—evidence contract. Twelve declared claims split
into nine independent probes and a three-claim computed
chain; the chain is closed by lineage — a child node inherits
its parent probe node’s working directory and computes
the fit, cross-validation, and selection from the inherited
measurements — after which the deterministic gate finds
every claim grounded and the paper is finalised.

final claim—evidence gate then found all twelve claims
grounded and reported zero errors, so the paper was
finalised.

What the gate verified, and what the paper
hedged. The result’s value is the verified property,
not any headline number: every quantitative claim the
released paper asserts is bound to a recorded artefact
and re-derived by the deterministic gate, and the paper
hedges explicitly wherever a statement would outrun
its artefact grounding (table 1). The paper restricts its
strong quantitative claims to the correctness metric —
a maximum absolute single-precision (FP32) error of
6.79 x 107 against an independent dense reference —
and presents the store-policy crossover, the bandwidth
ceilings, and the model’s numerical predictions as
methodology rather than grounded outcomes. This
honest scoping is the gate’s effect, reinforced by the
semantic review: that review flagged five overclaims
in the draft and the refine pass resolved all five, with
the resolved count recorded as a raw before/after
delta (section 4.3) so that a refine introducing new
overclaims would surface as a regression.

We read this result narrowly. The property is worth
stating because earlier autonomous pipelines lack it:
in the closest published predecessor, hallucination
control is prompt-level, the automated review of a
finished draft is advisory rather than blocking, gener-
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ated papers were observed to hallucinate experimental
details, and the authors list automatic verification of
reported results as future work [2]. A single verified
run demonstrates that the contract, lineage chaining,
gate, and review-refine loop compose end to end; it
does not establish a distribution, which is exactly the
controlled study deferred below.

5.2 Properties holding by construction

Three further properties hold by construction and
are confirmed in operation. Cost accounting is exact:
a dollar cost is attached to every model invocation
and accumulated, per run, into the checkpoint’s re-
sults record. Exploration termination is not budget-
only: the stagnation detector (section 3.5) provides
a content-based exit and has been observed to fire
before the step and cost budgets (Tmax / Cmax) are
exhausted. And the execution-profile pathway behaves
as specified (section 4.7): rubric generation emits a
multi-rank Message Passing Interface (MPI) execution
profile, with the paper’s reported scale envelope, for a
high-performance-computing (HPC) paper and omits
it for a single-machine paper, while a multi-flag cluster
dispatch is accepted by the local scheduler once the
runtime probes drop the flags it does not support.

5.3 An earlier reproduction exercise
(v0.8.0)

The system’s first operational end-to-end exercise pre-
dates v0.9.0: the then-current v0.8.0 pipeline was
run against a published lossy-compression target, a
GPU error-bounded scientific compressor, through
the reproduction path of section 4.6. The degree of
reproduction achieved on this single target was par-
tial but substantive. The agent fetched a real slice
of the paper’s cited simulation dataset rather than
substituting synthetic data; compiled native CUDA
interpolation kernels and ran them on the GPU; im-
plemented Lorenzo and multi-level interpolation pre-
dictors with per-level autotuning; and swept a range
of error bounds, recovering reconstruction qualities
from roughly 50 to 90 dB peak signal-to-noise ratio
(PSNR) with the corresponding compression ratios.
Against the fine-grained rubric the run cleared on
the order of a tenth of the weighted leaves, for two
reasons rooted in the agent’s behaviour rather than
the pipeline’s: the graded metric came from a CPU
predictor — the GPU kernels were built and executed,
but the agent omitted their predicted quality from its
reported results — and the agent terminated voluntar-
ily after a small fraction of its time budget, leaving the
remaining datasets and the proprietary lossless stage
unattempted. Both behaviours match failure modes
documented for replication agents at large, where
most models end runs early claiming completion and
score far higher on writing code than on executing
it and matching the paper’s results [9]. The exercise
predates the verification machinery of section 5.1 and
is reported unchanged, as the historical baseline.



5.4 Limitations

The evaluation remains preliminary. Neither result
above is a controlled benchmark: the generation run is
a single trajectory, and the reproduction exercise cov-
ers a single target paper. A controlled evaluation —
median run cost, per-seed exploration curves, and per-
category rubric distributions over a frozen checkpoint,
together with full-rollout replication scores across a
panel of contrasting target papers — is left to future
work. The same study should settle the empirical
questions this report leaves open, such as which termi-
nation cause (section 3.5) fires most often in practice.

6 Related Work

We position ARI against four threads of prior art.

6.1 Tree search for code

AIDE [5] frames machine-learning engineering as code
optimisation — a solution is a script scored by a state-
less objective — and casts trial-and-error as search
over a tree of scripts joined by draft, debug, and im-
prove edges. On MLE-bench [6], 75 offline Kaggle
competitions graded against real medal thresholds,
this scaffold dominates: the same model earns medals
in 8.7% of competitions under AIDE against 0.8% and
4.4% under two general-purpose scaffolds, so scaffold
design outweighs raw model capability. ARI inherits
the solution-tree skeleton but replaces AIDE’s hard-
coded greedy policy — flagged by its own authors as a
local-optima risk — with an LLM-driven selector (sec-
tion 3.3) that weighs has_real_data, full metrics,
depth, and a soft diversity_bonus jointly, and adds
the cross-run lineage of section 3.7. And where both
works receive their objective with the task — real re-
search, MLE-bench’s authors concede, “may not even
have a clear problem statement” — ARI mints its
own: the metric contract (section 4.3) declares before
search what counts as evidence.

AlphaCode [10] is the canonical generate-and-filter
result: up to millions of sampled programs per prob-
lem, filtered on the task’s example tests and clustered
to at most ten submissions, reaching an average rank-
ing in the top 54.3% of participants over ten simulated
Codeforces contests. The recipe presupposes a cheap,
task-supplied verifier; an ARI candidate is an executed
experiment on cluster resources with no given verifier,
so breadth gives way to best-first steering of a small
frontier, and the cheap filter to deterministic checks
on the run’s own evidence.

6.2 Autonomous research agents

The AI Scientist family [2, 3] closes a similar loop end-
to-end (idea — experiment — paper) at a reported
cost below $15 per paper, with an automated reviewer
of near-human balanced accuracy on real conference
submissions. But the reviewer is advisory — it ranks
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Figure 18: VirSci-style idea generation as ARI drives it.
select_coauthors forms a heterogeneous scientist team
from a frozen Semantic Scholar snapshot (corpus with
SPECTER2 retrieval index, freshness-ranked co-author
graph); the team runs a K-round deliberation grounded by
retrieval against the snapshot, and a run-start capability
probe folds the platform’s measured constraints into the
deliberation topic, so the converged idea. json promises
only measurements the platform can take.

finished PDFs, and hallucination control is prompt-
level — and the authors, cataloguing hallucinated
hardware, fabricated ablation tables, and a negative
result narrated as an improvement, name automatic
verification of results as future work. ARI is the con-
trapositive: experiments branch under BFTS instead
of one linear trajectory per idea, the metric is a run-
level artefact frozen at first mint (section 4.3), and
verification blocks — a deterministic claim—evidence
gate, not a reviewer score, decides what may be pub-
lished (section 4.8).

Agent Laboratory [4] treats the agent as a collabora-
tor rather than a driver: it requires a human-provided
research idea, mutates a flat two-program pool under
an LLM reward model scoring plan adherence, and
gates papers on simulated reviewers. Its most instruc-
tive result is negative: those reviewers overestimate
human reviewers by 2.3 points on a ten-point scale —
the clearest quantification of why holistic LLM-judge
gating is insufficient. ARI’s semantic review there-
fore steers but never blocks, blocking is reserved for
the deterministic gate, and every node persists in a
checkpoint-scoped tree rather than a transient pool.

VirSci [7] covers the stage these systems treat most
thinly: a scientist team grounded in a digital twin
of a research community, whose multi-agent delibera-
tion improves on a single-agent baseline by 13.8% and
44.1% in alignment with and potential impact on con-
temporary research. It stops at an abstract scored by
embedding-proximity novelty proxies, and its authors
call for stricter downstream validation. ARI takes
both halves of that division of labour: it drives VirSci’s
original deliberation engine directly and unmodified
(fig. 18) — freshness-based select_coauthors team
formation and the multi-agent generate_idea loop —
over a live Semantic Scholar snapshot, so the mecha-
nism it builds on is the published one executed against
current literature; and it supplies the deferred valida-
tion downstream, where executed evidence under the
claim—evidence gate replaces proxy novelty scores.



6.3 Paper evaluation

PaperBench [9] pioneered the rubric-as-tree formal-
ism: each of its 20 target papers carries an author-
co-developed rubric — 8,316 gradable leaves in to-
tal — whose leaf grades are pass/fail and aggregate
by weighted average, with a clean-start reproduction
phase so hard-coded results cannot masquerade as
replication. ARI vendors the benchmark unchanged
(section 4.6), adopts the same per-leaf grade and ag-
gregate weight (eq. (8)), and adds a per-axis floor used
as a refine guard (section 4.8). Its execution gap —
the strongest agent scores 43.3% on code development
but 4.5% on execution and zero on matching results —
motivates moving verification inside generation rather
than grading after the fact; and its hand-built rubrics
(weeks per paper, with the original authors) leave
automated rubric construction as future work, the
branch ARI takes: rubrics are generated per paper
(section 4.4), so handcrafted-rubric reproduction and
leaderboard-comparable scores are out of scope by
design.

Story2Proposal [8] governs structured manuscript
generation through a persistent shared contract — sec-
tion structure, a registry of visual artifacts, document-
wide validation rules — with writer, refiner, and ren-
derer agents under a generate—evaluate—adapt loop
scored on reasoning verification, data fidelity, and
visual coherence. The gain holds across four LLM
backbones, but the evidence is taken as given, and its
failure-mode analysis concedes a manuscript can re-
main “structurally valid while containing less rigorous
reasoning”: the contract binds structure, not eviden-
tiary validity. ARI carries the principle and its axes
into an execution-grounded pipeline (section 4.2): the
contract extends the experiment record with claims
and numeric assertions referencing stable node, result,
and figure identifiers; data fidelity becomes the deter-
ministic gate that re-derives each reported number
from recorded results; reasoning and visual coherence
become a non-blocking evidence-grounded review be-
side the independent manuscript review. Executing
the experiments itself, ARI extends the manuscript-
level contract to execution-grounded provenance.

6.4 Foundations

The per-node agent loop (section 3.6) follows the
Reason-and-Act (ReAct) pattern [1], whose precise
finding is a trade: interleaving thoughts with grounded
actions cuts hallucination sharply while raising the
reasoning-error rate. The refine cycle descends from
Self-Refine [11] and Reflexion [12], each with a caveat
ARI takes seriously: Self-Refine’s gains vanish where
the model cannot detect its own errors, and Reflexion’s
ablations show grounded evaluation — not memory
alone — drives its improvement. ARI therefore never
lets a model grade itself on matters of fact: refinement
is steered by rubric scores and gate verdicts computed
outside the writer, and a result becomes a quantitative
claim only when artefact-grounded (section 3.10). The
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scratchpad in Think descends from chain-of-thought
prompting [13], whose gains are reported as emergent
with model scale — its authors never claim the model
reasons. None of these proposes state beyond a single
trajectory; the checkpoint-scoped state that makes a
run reproducible is ARI’s contribution.

An earlier draft cited a further research-agent bench-
mark; the reference was removed when no candidate
source passed the bibliography verification rule of
section 4.8, so coverage here is restricted to entries
verified against the Semantic Scholar index.

7 Discussion and Limitations

7.1 Determinism vs novelty

P2, the determinism principle, is the binding con-
straint of the system. It constrains not whether the
research memory (section 3.10) may use an embed-
ding model but where the resulting non-determinism
may act: the memory makes no generative language-
model calls, and its embedding-ranked archival search
— dependent on a remote service, hence not byte-
reproducible — stays off the reproducible path as an
optional recall aid the loop never pulls, unable by
itself to ground a paper claim. The memory reads the
loop does depend on — the working context injected
at each node, the verified context that grounds the
paper — are deterministic, ancestor-scoped folds of
per-node reports. Every reproducibility win closes
such a door to non-determinism; we accept the cost
because the checkpoint, not the run, is the contract
with downstream users.

7.2 Instruction-following at structural
seams

The recurring lesson of v0.9.0 is that instruction-
following degrades at structural seams — an index to
parse, a name to reuse, a number to declare — and
that the durable remedy is parser-side absorption, not
prompting. An unparseable selection index falls back
to a deterministic ranking (section 3.3); a model asked
twice names the same quantity differently, so the met-
ric contract is minted once and replayed verbatim;
the writer’s recurring numeric-declaration quirks are
normalised at parse time (section 4.3). The catalogue
of absorbed quirks is reactive, grown from real runs,
so an unanticipated variant first surfaces as a gate
mismatch — conservatively so: it is flagged, an unre-
solved mismatch blocks the final check, and nothing
is silently accepted.

The same discipline fixes what may block. The
gate certifies that every quantitative claim matches a
recorded artefact, while the semantic review’s subjec-
tive findings steer the refiner (section 4.5) but never
gate publication — unlike the wholly post-hoc review
of [2] — because a subjective verdict on the blocking
path would be an unauditable veto. A verified paper
can therefore still be a dull one.



7.3 Scaling limits

The single-machine assumption underlying the BFTS
run-loop is the biggest scaling constraint: a single
ThreadPoolExecutor (section 3.2) is the sole worker
pool, capped at four workers. Multi-host expansion
would require extending the explicit-lineage discipline
(P4; section 2.5) to merges, not just ancestor walks —
the same gap that bounds computed evidence, whose
chains (section 3.8) are scheduled today by name hints
along a single lineage rather than by an explicit sched-
uler over the evidence dependency graph. A separate
constraint is the LLM grader, empirically a dominant
cost item alongside the explorer; caching its output
by (paper-hash, rubric-hash) would help and has not
yet shipped.

7.4 Outlook

The widest gap is evaluation breadth: section 5 rests
on one reproduction exercise (run on the then-current
v0.8.0 pipeline) and one verified generated paper —
evidence that the machinery composes, not a distribu-
tion. Future work is threefold: a controlled study over
a frozen checkpoint and a panel of contrasting target
papers, in the protocol spirit of [6, 9]; variance-aware
aggregation over repeated rollouts and grader passes
in place of single-scalar roll-ups, the judges themselves
being noisy; and broader domains — widening the
evidence kinds the contract can name beyond scalar
measurements, as the execution-profile contract (sec-
tion 4.7) widened the computations ARI can host,
toward fields whose primary evidence is not a single
metric.
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A Notation Table

This appendix collects every symbol used in the body of the report, with its meaning.

Symbol Meaning

N set of nodes in the search tree

T search tree (N, F)

neN individual node

ch(n) children of n

pa(n) parent of n

depth(n) depth of n

s(n) node state € {open, eval, done, failed }
r(n) scalar reward of n (its _scientific_score € [0,1])
e(n) per-axis evaluation vector

10) axis — scalar aggregator

div(n) diversity bonus (eq. (4))

fb(n) deterministic fallback ranking (eq. (5))
Tinax; Cmax  step / cost budgets

R rubric tree

C; rubric leaf i’s category

w; rubric leaf i’s weight

judge; rubric leaf i’s judge

P paper draft

score(P) paper aggregate score (eq. (8))
Refine refine operator (eq. (9))

ckpt checkpoint directory

lin(n) lineage chain ending at n

B Runtime LLM Prompts

This appendix lists the LLM prompts that ARI uses at runtime, reproduced verbatim from ari-
core/ari/prompts/ at v0.9.0. Each listing is byte-for-byte identical to the source on disk. Because the
exact bytes are what reach the model, the prompts are reproduced as-is in every language version of this report
and are not translated.

Orchestrator

B.1 BFTS expansion

You are expanding a BFTS research tree node.

{goal_line}Parent node id={parent_id_short}, depth={parent_depth}, status={parent_status}
{depth_note}{budget_note}Parent metrics: {parent_metrics_json}

Parent summary: {parent_summary}

{sci_note}{idea_block}{parent_report_block}

{siblings_block}{ancestors_block}{existing block}{diversity_block}Propose exactly ONE child research direction
that is the most scientifically valuable next step. For the "label" field, strongly prefer one of the canonical
labels [draft, improve, debug, ablation, validation]; only invent a custom label (e.g. "replication",
"generalization") when none of the five fits meaningfully - the custom string will be preserved as raw_label.
Base your choice on the experimental context above, not on a fixed template.

Label selection guidance:

- 'debug': parent FAILED or has no real data - diagnose and fix it.

- 'improve': parent succeeded and you want to push its metrics higher by tuning parameters, flags, or
algorithms.

- 'ablation': isolate which component drives the parent's gains by removing or varying ONE component. State
explicitly what is removed/varied and what delta vs. the parent metrics you expect.

- 'validation': rigorously verify the parent's claims (different seeds, edge cases, stress tests,
expected-degradation checks).

- 'draft': start a fresh implementation from scratch to introduce a fundamentally NEW perspective (use this
instead of inventing a new label like 'replication' or 'generalizatiomn').

Reply ONLY with a JSON array containing exactly one element: [{{"label": "<one of:
draft|improve|debuglablation|validation>", "direction": "..."}}]
Example: [{{"label": "validation", "direction": "<one-sentence plan>"1}}]
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B.2 BFTS expansion-time selection

You are selecting which completed research node to expand next in a BFTS tree.
Experiment goal: {experiment_goall}

Completed nodes awaiting expansion:
{candidates}

Select the single most promising node to expand. Prefer nodes with high scientific_score, strong metrics, and
unexplored directions. Avoid nodes that have already been retried many times or are at excessive depth.
Reply with ONLY the index number (0O-based) .

B.3 BFTS selection

You are selecting the most promising node to explore next in a research tree.
Experiment goal: {experiment_goal}

Relevant past memories:
{memory_context}

Candidates:
{candidates}

Selection criteria:

- Nodes with has_real_data=True and strong metrics are high-value

- Consider all metrics holistically (multi-objective)

- Deeper nodes with excellent results are worth continuing

- A small diversity_bonus is awarded to underrepresented exploration types; treat it as a soft tiebreaker, not
a primary signal

Reply with ONLY the index number (O-based) of the best node.

B.4 Lineage continuation decision

You are a research orchestrator. Given the current state of an exploratory research run, decide the next
lineage-level action. Possible actions:

continue - current idea is still productive; keep exploring
switch_to_idea - current idea has stagnated; switch to an alternative
fanout - current idea succeeded; explore an alternative in parallel
terminate - research thread is exhausted; stop

Choose the LEAST disruptive action that fits the evidence. Prefer continue unless there is a concrete reason to
escalate. When choosing switch_to_idea or fanout, set target_idea_index to a value that appears in the
alternatives pool. When choosing switch_to_idea, set disable_generate_ideas=true (the child should run with the
chosen idea pinned, not regenerate). For fanout you may set it false so the child can also explore additional
novel directions.

Reply ONLY with JSON:
{"action":str,"target_idea_index":int|null,"disable_generate_ideas":bool,"rationale":str}. No markdown.

B.5 Root idea selector

You are a research orchestrator picking the ROOT idea for a run from a VirSci-generated pool. VirSci has
already scored each idea by novelty/feasibility/clarity, but you have additional context (venue rubric,
ancestor research thread, run notes). Your job is to pick the idea most likely to produce a strong submission
for this venue, considering all signals.

Rules:
- chosen_index MUST be an integer that exists in the pool.
- Default to VirSci's choice (index 0) UNLESS another idea is clearly stronger given the additional
context.

- One sentence rationale describing your reasoning.
Reply ONLY in JSON: {"chosen_index": int, "rationale": str}. No markdown.

Agent loop
B.6 ReAct agent system prompt

You are a research agent. You MUST use tools to execute experiments. Do NOT write plans or text descriptions -
call a tool immediately.

AVAILABLE TOOLS:

24



{tool_desc}

RULES:

- Your FIRST action must be a tool call. Never output a text plan.

- If "make_metric_spec” tool is available and this is a new experiment (not a continuation), call it early to
self-determine evaluation criteria.

- NEVER fabricate numeric values - only report values from actual tool outputs

- AFTER your final measurement run, when “emit_results” is available, call it once to record a typed split
between INPUT parameters (matrix size, thread count, seeds - knobs you ran on) and MEASUREMENTS (throughput,
accuracy, latency - what you measured). This lets downstream stages distinguish "what we ran on" from "what we
measured" so a best-of reduction never picks an input size as the result. Do NOT include input parameters in
"measurements” and do NOT include measured outputs in “params’.

- When all experiments are done, return JSON: {{"status": "success", "metrics": {{...}}, "summary": "..."}}

- Do NOT call gap_analysis or generate_hypothesis

- Ensure your experiment is reproducible: capture whatever information would be needed for an independent
researcher to reproduce your results and verify your findings{memory_rules}{extra}

Evaluator

B.7 Peer-review evaluator

You are a research data extractor AND a scientific peer reviewer.
Analyze the experiment artifacts and return a JSON with:
has_real_data: bool (true only if numeric measurements appear in artifacts)
params: dict of INPUT/configuration values (NOT measurements). Examples: matrix size, thread count, seed.
measurements: dict of MEASURED quantities (the experiment's output). Examples: GFLOP_per_s, accuracy,
latency.
metrics: dict - flat union of params and measurements (back-compat).
reason: str (one sentence describing what was measured)
{axes_block}
comparison_found: bool (true if results involve comparison with existing approaches)

When scoring claim_implementation_alignment, look for concrete preconditions or contracts the plan / model
states (e.g. 'eliminates RFO traffic', 'preserves equivariance', 'requires sorted input') and cross-reference
them against the artifacts. Score low when the implementation contradicts a stated assumption, even if the
kernel runs without errors.

Return ONLY valid JSON, no markdown fences.

B.8 Metric extraction

You are a research data extractor AND a scientific peer reviewer.
Analyze the experiment artifacts and return a JSON with:
has_real_data: bool (true only if numeric measurements appear in artifacts)
params: dict of INPUT/configuration values the experiment ran on. These are knobs, not outcomes. Examples:
matrix dimensions (M, K, nnz), thread count, batch size, ISA flags, seeds. They are NOT candidates for a
best-of reduction.
measurements: dict of MEASURED quantities - what a peer reviewer would treat as the experiment's result.
Examples: GFLOP_per_s, GB_per_s, latency_s, accuracy. ARE candidates for best-of.
metrics: dict - for back-compat, the union of params and measurements as a single flat dict (e.g.
{{"GFLOP_per_s": 754.8, "M": 120000}}). Downstream consumers may read either the typed split above or this
flat view. NEVER include the same key in both views with different values.
reason: str (one sentence describing what was measured)
axis_scores: dict with EXACTLY these five keys, each a float in 0.0-1.0:
- measurement_validity: are numeric measurements present and methodologically sound?
- comparative_rigor: are results compared against baselines or prior work?
- novelty: does the work advance beyond existing approaches?
- reproducibility: is there enough detail for someone else to reproduce the result?
- clarity_of_contribution: is the scientific claim stated clearly and specifically?
Score 0.0 on an axis when that dimension is absent or fatally weak. Score toward 1.0 as the dimension
approaches publishable quality. These axes are combined via weighted harmonic mean, so a low score on
ANY axis drags the overall score down - differentiate axes deliberately.
axis_rationales: dict with the same five keys; each value is one sentence explaining the score for that
axis.
comparison_found: bool (true if results involve comparison with existing approaches)
Return ONLY valid JSON, no markdown fences.
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Pipeline
B.9 Keyword librarian

You are a research librarian. Given experiment summaries, produce a SHORT broad academic search query (3-6
words) for Semantic Scholar. Use GENERAL terms (e.g. 'algorithm optimization', not 'custom 4-stage pipelined
batch-norm fused kernel'). Avoid domain-specific jargon, acronyms, or overly narrow terms. Return ONLY the
query string, no explanation.

Wizard (Viz)
B.10 Wizard goal chat

You are an assistant helping a researcher set up an ARI experiment. ARI automatically writes, runs, benchmarks
code, then produces a paper. Ask focused questions ONE AT A TIME to understand: (1) what to optimize or
investigate, (2) how to measure success (metric name and direction), (3) platform/hardware constraints, (4) any
baseline to compare against. Be concise. After 3-5 exchanges and sufficient info, output EXACTLY: ---READY---
followed by a complete experiment.md with sections: ## Research Goal, ## Evaluation Metric, ## Constraints. Do
NOT output the MD before getting at least 2 user responses.

B.11 Wizard config generator

You are helping a researcher set up an automated experiment. Convert the following research goal into a concise
experiment.md file with a ## Research Goal section. Keep it to 3-5 sentences maximum. Do not add code or
technical details. Research goal: {goal}

C The Generated Sample Paper

This appendix reproduces, in full and unedited, the eight-page paper that the system generated autonomously in
the case-study run of section 5.1. It is included as an artefact: every claim it asserts passed the deterministic
claim—evidence gate, and the text hedges explicitly wherever a statement would outrun its recorded evidence.
Hardware is described at the instruction-set level only; the single product name that appears does so inside a
cited paper’s title, not as a description of the run environment.
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CSR Sparse-Dense Matrix Multiplication on CPUs
with RHS-Width Robustness and a Loopline-Guided
Performance Model

Autonomous Research Infrastructure

June 12, 2026

Abstract

Sparse-dense matrix multiplication (SpMM) in CSR format is a core kernel in scientific com-
puting and modern sparse learning pipelines, yet its performance on CPUs is highly sensitive to
the width & of the dense right-hand side (RHS) matrix. We present a CSR SpMM implementa-
tion with a cache-aware kernel structure and a store-policy selector intended to switch between
regular temporal stores and non-temporal stores as k varies. We validate correctness against an
independent dense FP32 reference, achieving a maximum absolute error of 6.78958 x 1076,

1 Introduction

Sparse-dense matrix multiplication (SpMM), C' < AB with sparse A and dense B, is widely used
in simulation codes, signal processing, and learning workloads. In CSR SpMM, the irregular ac-
cess pattern induced by the sparse structure interacts with cache hierarchies and store buffers; a
particularly important practical issue is that performance can change drastically when the RHS
width k changes (e.g., small k& behaves like SpMV, while larger k exposes more reuse in B). This
sensitivity complicates performance portability and makes it difficult to choose optimizations such
as non-temporal stores and blocking strategies.

This paper targets a CPU implementation of CSR SpMM with a cache-aware kernel struc-
ture and a store-policy selector intended to adapt to varying k, and it outlines a measurement
methodology intended to support future performance modeling (e.g., identifying bandwidth- vs.
compute-limited regimes). Our work is motivated by the broader importance of sparse matrix ker-
nels Dorrance et al. [2014], Alappat et al. [2020] and by recent interest in high-performance SpMM
on modern Arm CPUs Lei et al. [2025].

Contributions.

e We implement a CSR SpMM kernel and a store-policy selector intended to choose between
regular temporal stores and non-temporal stores as a function of k (Figure 1 illustrates the
design goal).

e We provide a reproducible measurement methodology that includes correctness validation
against an independent dense FP32 reference, plus optional microbenchmarks (bandwidth
probes and a compute-inflation probe) intended to support future performance modeling.

e We provide an experimental setup for collecting artifacts on aarch64 and x86_64 to support
future characterization and model validation Alappat et al. [2020], Dufek et al. [2021].
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2 Related Work

Sparse matrix kernels have a long history of architecture-aware optimization, where performance is
often limited by memory bandwidth and irregular access rather than peak FLOPs. Foundational
studies of sparse kernels emphasize scalable implementations and the role of memory systems Dor-
rance et al. [2014]. On recent aarch64 HPC systems, performance modeling for streaming kernels
and sparse operations highlights the importance of measuring attainable bandwidth ceilings and
accounting for architectural details beyond nominal peak values Alappat et al. [2020]. Broader
analyses of sparse kernel behavior across methods and datasets also reinforce that irregular access
patterns can dominate runtime and complicate prediction Dhandhania et al. [2021].

For sparse matrix-matrix multiplication, modern work explores format choices and heterogeneity-
aware strategies Cheng et al. [2023], Namjoo et al. [2026]. While much of this literature focuses on
SpGEMM or GPU/heterogeneous settings, the underlying challenge of selecting appropriate ker-
nels and data layouts remains central on CPUs, particularly as k& changes. Recent work on Arm
architectures argues that careful microarchitectural tuning is required for high SpMM performance
Lei et al. [2025]. Our work complements these efforts by focusing on implementing mechanisms
intended to improve k-robustness in CSR SpMM (notably a store-policy selector), and by provid-
ing a lightweight measurement methodology intended to support future model development and
validation.

3 Methodology

We compute C' € RM*% from a CSR matrix A € RM*K and a dense RHS B € RE*k:

rowptr[i+1]—1

Ci,: — Z Val[p} ' Bcol[p],:' (1)

p=rouptr]i]

The implementation is parallelized over CSR rows using OpenMP with a fixed thread count.

3.1 CSR SpMM kernel

The baseline kernel follows the standard CSR SpMM structure: for each row i, iterate over the
nonzeros, gather the corresponding RHS row of B, and perform a scaled vector add into C;.. The
critical design choice for k-robustness is how the kernel initializes and stores C, because C' is dense
and potentially large; depending on k, write-allocate and cache pollution can dominate.

We consider two store policies:

e Regular temporal stores: standard writes to C, benefiting from cache when reuse exists.

e Non-temporal stores: streaming stores to reduce cache pollution and avoid write-allocate
traffic for large k.

A selector chooses the policy based on an empirical tuning procedure over k (Section 3.4); in this
revision we describe the mechanism, but do not claim artifact-grounded crossover values.
3.2 Correctness validation

Correctness is validated by comparing the CSR SpMM output against an independent dense ref-
erence implementation (dense A constructed from CSR) in FP32. FP64 validation is an optional
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check when enabled, but FP64 error results are not reported as artifact-grounded outcomes in this
revision. The reported metric is the maximum absolute elementwise error:

Cl(gpmm) _ C.(I..ef) '
ij

€max = H}?X ij
)

3.3 Microbenchmarks and ceilings

To parameterize the performance model, we measure:

¢ DRAM memcpy bandwidth and related in-code memory ceilings (used as bandwidth
ceilings).

o STREAM triad bandwidth as an additional indicator of sustainable bandwidth.

e Compute inflation probe: an artificial increase in arithmetic intensity by adding a fixed
number of fused multiply-add operations (FMAs) per element of B. This yields an estimate
of an effective compute rate fog (FLOP/s) that can be used as a compute ceiling.

This style of combining attainable bandwidth measurements with compute ceilings follows the spirit
of roofline/loopline modeling Alappat et al. [2020], Dufek et al. [2021].

3.4 Store-policy selector

For a fixed sparse matrix A and varying k, we benchmark both store policies and identify an
empirical crossover k at which non-temporal stores become faster than regular stores. The selector
then chooses:

regular k<k

policy(k) = {

non-temporal k >k

Figure 1 visualizes the speedup trend and the crossover behavior.

3.5 Reproducible pseudocode

The following pseudocode mirrors the benchmark structure used in the experiment artifacts (CSR
SpMM benchmark plus probes). It is written to preserve the ordering of steps: data generation,
correctness check, microbenchmarks, store-policy sweep over k, and compute inflation.
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Algorithm 1 CSR SpMM benchmark with store-policy sweep and compute inflation probe

1: Inputs: thread count 7'; CSR dimensions (M, K); nnz per row or nnz; RHS widths k €
{8,16, 32,64, 128}; warmup w; iterations r; seeds

: Set OMP_NUM_THREADS «+ T

Generate CSR matrix A with fixed nnz_per_row: for each row i, sample nnz_per_row column

indices and values using the given seed; build rowptr, col, val

Generate dense RHS B € RE** with pseudo-random values (seeded)

Allocate C' € RMxk

Correctness check:

Build dense reference Agense from CSR (or compute reference directly) and compute Cief —

AdenseB

8: Compute €pax ¢ max |C — Cyef| for FP32; optionally repeat in FP64 when enabled (FP64 error
is not reported as a grounded result in this revision)

9: Bandwidth microbenchmarks:

10: Measure DRAM memcpy bandwidth and (optionally) memset bandwidth on arrays sized to
exceed cache

11: Measure STREAM triad bandwidth

12: Store-policy timing sweep:

13: for each k in {8,16,32,64,128} do

14: Regenerate/resize B and C for this k

15: Time CSR SpMM with regular temporal stores: run w warmup iterations, then average
over r iterations

16: Time CSR SpMM with non-temporal stores: run w warmup iterations, then average over
r iterations

17: end for

18: Determine empirical crossover k where non-temporal becomes faster; record speedup curve

19: Compute inflation probe:

20: Choose list of added FMAs per B element (e.g., [0,2,4, 8] or [0,4, 8,16])

21: for each a in added-FMA list do

22: Run CSR SpMM kernel variant that adds o« FMAs per B element inside the innermost
accumulation loop

23: Record runtime ¢(«)

24: end for

25: Fit effective compute rate fog from the slope of ¢(a) vs. added work

W N

4 Experiments and Results

4.1 Setup

Experiments were run on two CPU environments reflected in the recorded artifacts: (i) an aarch64
(SVE) HPC system and (ii) an x86_64 system used for ablation measurements. The main benchmark
uses OpenMP with a fixed thread count.

Main benchmark configuration (headline). For the headline CSR SpMM measurement, we
use:

e Threads: T = 48.
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e Sparse matrix: M = N = 2048, K = 64, nnz_per_row= 32, CSR format.
e RHS: dense, with RHS width k& = 64 in this configuration.

e Data type: FP32 for performance measurement; correctness checked against a dense reference
in FP32 (FP64 checking is optional and not reported as a grounded result in this revision).

Validation configuration (model/probe suite). A separate validation suite averages results
across seeds {1, 2,3} and includes: DRAM bandwidth microbenchmarks, a store-policy sweep over
k € {8,16,32,64,128}, and a compute-inflation probe with & = 8 added FMAs per B element.
In this revision, these components are described as methodology and are not used to support
quantitative performance/model claims.

Ablation configuration (x86_64). To contrast compute inflation behavior across architectures,
we run a compute-inflation probe on an x86_.64 CPU with T = 48 and added-FMA list [0, 2,4, §]
(as recorded).

4.2 Results

We report only artifact-backed quantitative results. In this revision, we restrict quantitative claims
to the correctness validation metric.

Correctness. We validate correctness against an independent dense FP32 reference and observe
a maximum absolute error of 6.78958 x 1076,

Headline SpMM throughput and FLOP rate. We omit throughput and FLOP-rate claims
here because they are not part of the grounded claim set for this revision.

Validation-suite end-to-end performance. We omit end-to-end performance and timing claims
here because they are not part of the grounded claim set for this revision.

Store-policy crossover with increasing RHS width. Figure 1 illustrates the intended design
goal: non-temporal stores may underperform at small k£ but become beneficial as k increases. This
is a hypothesis motivated by bandwidth/loopline intuition Alappat et al. [2020], not an artifact-
grounded result in this revision. In this revision we treat the crossover k as a tunable/empirical
parameter rather than a demonstrated, artifact-grounded result.
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CSR SpMM store-policy timing vs RHS width (OMP_NUM_THREADS=48, aarch64-node)
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Figure 1: Illustrative speedup trend for non-temporal stores versus regular stores as RHS width
k increases (48 threads). This figure is presented as an expected/target behavior motivating the
store-policy selector; the specific numerical crossover and speedup values should not be interpreted
as artifact-grounded results in this revision.

Bandwidth ceilings and their role. We omit quantitative bandwidth-ceiling claims and their
use in modeling in this revision because they are not part of the grounded claim set.

CSR SpMM throughput vs measured bandwidth ceilings (aarch64-node, OMP_NUZM HREADS=48; cfg4)
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Figure 2: Measured DRAM memcpy bandwidth (GB/s) across configurations. In this revision,
the figure is included as a microbenchmark artifact and is not used to substantiate quantitative
bandwidth-ceiling or model-prediction claims.

Compute inflation and effective compute ceiling. Figure 3 illustrates the compute-inflation
probe conceptually. We omit fitted compute-ceiling values and related quantitative claims in this
revision because they are not part of the grounded claim set.
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Compute—inflaﬁon probe: runtime vs added FMAs per B element
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Figure 3: Runtime versus added FMAs per B element for compute-inflation probes on two platforms,
each using 48 threads.

5 Conclusion

We presented a CSR SpMM implementation for CPUs with a store-policy selector and an accom-
panying measurement methodology. In this revision, the supported outcome is correctness: we
validate against an independent dense FP32 reference and observe a maximum absolute error of
6.78958 x 1076, Claims about performance robustness across k, store-policy crossover behavior, and
the predictive validity of the performance model are design goals and require additional artifact-
grounded evaluation.

Limitations include the narrow benchmark scope (single main configuration and limited ma-
trix diversity) and the fact that robustness/model validity are not established beyond the eval-
uated setup. Future work will extend evaluation to a broader matrix suite and report artifact-
grounded performance/model results, including any store-policy crossover behavior, across archi-
tectures Namjoo et al. [2026].
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