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Abstract

Powered by advances in LLMs and au-
tonomous agents, deep research has become
one of the most widely adopted agentic prod-
ucts. However, most deep research systems
write general-purpose reports, which are in-
adequate for financial deep research. Finan-
cial research demands specialized knowledge
to analyze historical patterns and forecast up-
coming events. Automating financial deep re-
search therefore requires both a layered har-
ness to drive the research agent and a verifiable,
point-in-time benchmark that prevents leakage
of future information. We present FINANCE-
HARNESS, a harness that runs finance-oriented
tools and practitioner-guided workflows, au-
tomating financial deep research end to end:
environment and data construction, the agent
execution loop, and reward modeling. We fur-
ther propose FINANCEGYM, comprising thesis-
driven research questions and rubrics that com-
bine pre-cutoff and post-cutoff criteria. Pro-
fessional expert validation yields an 82% pass
rate. With the same open-weight backbone, FI-
NANCEHARNESS improves the overall rubric
score from 25.3% to 32.4%, demonstrating
the effectiveness of our specialized harness de-
sign. However, even pairing FINANCEHAR-
NESS with the most cutting edge LLM (e.g.
Opus-5), the FINANCEGYM score is below
45%, showing that it is a challenging bench-
mark for financial deep research. FINANCE-
GYM1 and FINANCEHARNESS2 code are pub-
licaly available.

1 Introduction

Deep research is now among the most widely
adopted agentic products in the industry (Ope-
nAI, 2025; Perplexity, 2025; Team et al., 2025b;
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dent Researcher at Google Cloud AI Research. Corre-
sponding author(s): {yijia.xiao,weiwang}@cs.ucla.edu,
{rujunh,chenyulee}@google.com.

1https://financegym.github.io/
2https://github.com/Yijia-Xiao/FinanceHarness

Google, 2026). Equipped with leading LLMs and
a carefully designed agent harness, deep research
conducts comprehensive searches that can answer
challenging multi-hop reasoning questions and syn-
thesize insightful long-form reports from multiple
sources and topics (Han et al., 2025; Team et al.,
2025b,a, 2026).

Despite the impressive progress, a general deep
research harness falls short for highly specialized
domains (Wu et al., 2023; Xie et al., 2024, 2023).
In this work, we target financial deep research,
which requires capabilities such as evidence gath-
ering, cross-source validation, and report synthesis
that go beyond a generic deep research skillset. It
further requires the system to grasp the relation-
ships among financial entities and events, and an-
ticipate their evolution over time (Ding et al., 2015;
Xu and Cohen, 2018). For example, an equity ana-
lyst investigating a semiconductor company needs
to examine historical earnings reports, analyze cur-
rent competitor dynamics, and predict future de-
mand and macroeconomic conditions to derive a
reasonable rating for the stock. A general deep re-
search system without financial tools and expertise
to analyze earnings reports and economic events
may fail to identify specific information for such
complex analysis.

Moreover, despite the abundance of recent deep
research benchmarks (Coelho et al., 2025; Du et al.,
2025; Li et al., 2026a; Sharma et al., 2025; Wang
et al., 2025), none of them provide scalable evalu-
ation data for financial research. Existing deep re-
search benchmarks focus mostly on testing past or
current conditions. Professional financial research
reports typically need to reason about future events
(post-cutoff reasoning), which requires point-in-
time (PIT) evaluation to avoid leakage of future
information. On the other hand, existing financial
NLP benchmarks target isolated capabilities (sen-
timent, entity recognition, filing QA) (Shah et al.,
2022; Islam et al., 2023; Yang et al., 2023), which
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are insufficient to measure the quality of compre-
hensive, temporally constrained financial reports.

We address these gaps with a financial deep re-
search suite built on a PIT search sandbox. We
construct a large-scale web corpus with real publi-
cation dates from the public web, and build a dense
retrieval system with cutoff-date access control.
This ensures a financial deep research agent can
locate finance-related knowledge effectively, while
information published beyond each question’s cut-
off date is excluded from the research reports.

Leveraging this sandbox, we construct FINANC-
EGYM, a large-scale, expert-validated financial
deep research benchmark. We build an entity graph
from the corpus and sample financial situations
from this graph to ground each research question
and its rubric. Drawing on input from financial
practitioners, we generate an investment thesis and
paired pre-cutoff and post-cutoff rubrics for every
question. A multi-stage filtering pipeline then re-
moves low-quality records, and expert annotators
validate the rest to form the final benchmark.

Building on this new environment, we propose
FINANCEHARNESS, an expert-knowledge-guided
agent harness for financial deep research (Sec-
tion 4). Following the common definition in the
community, FINANCEHARNESS implements a har-
ness as layered services of LLM-facing tools, APIs,
execution workflows, and evaluation rubrics (Lee
et al., 2026; Ning et al., 2026). It runs agents
against the PIT sandbox and scores them with the
FINANCEGYM rubrics, so that evaluation and in-
environment optimization share one contract.

We summarize our contributions. (1) We build
a point-in-time financial search sandbox to serve
as the foundation for FINANCEGYM: an expert-
validated financial deep research benchmark of 400
high-quality research questions and rubrics that sep-
arate pre-cutoff evidence retrieval from post-cutoff
reasoning. (2) We propose FINANCEHARNESS, an
expert-knowledge-guided harness that automates
environment and data construction, agent execu-
tion, and reward modeling for financial deep re-
search under a strict point-in-time contract. (3)
We benchmark a wide range of leading LLMs and
agents and show that FINANCEGYM is challenging,
with every system scoring below 45%, making it a
useful target for advancing financial deep research.

2 Related Work

Financial benchmarks. Financial NLP bench-
marks have traditionally targeted isolated skills
such as sentiment analysis, named entity recogni-
tion (Shah et al., 2022), factual question answering
over SEC filings (Islam et al., 2023), or broad eval-
uation of finance-specialized LLMs (Yang et al.,
2023). These tasks are valuable, but they do not
capture analyst-style financial deep research: long-
form reports that connect entities, sectors, events,
and time. FINANCEGYM instead builds questions
from a finance entity graph and evaluates reports
with a two-tier rubric that separates pre-cutoff-date
evidence retrieval from post-cutoff-date outcome
anticipation.

Research agents. Modern research agents build
on retrieval-augmented generation (Lewis et al.,
2020) and ReAct-style tool use (Yao et al., 2022),
but differ in where the research policy lives. Scaf-
folded agents encode orchestration in code, in-
cluding Test-Time Diffusion for Deep Research
(TTD-DR) (Han et al., 2025), GPT-Researcher,3

STORM (Shao et al., 2024), and subagent-based
frameworks. Specialized deep-research models
instead train the backbone on agentic-search tra-
jectories with a fixed tool stack, as in Tongyi-
DeepResearch-30B-A3B (Tongyi-DR) (Team et al.,
2025b) and MiroThinker-1.7-mini (Team et al.,
2025a, 2026). Our evaluation includes trained mod-
els, a fixed ReAct search wrapper with multiple
backbones, and engineered harnesses on the same
PIT corpus retriever, which lets us separate back-
bone capability, scaffold contribution, and tool-
distribution shift.

Deep-research evaluation. Recent deep-
research benchmarks emphasize long-
form, citation-grounded answers and richer
rubrics (Coelho et al., 2025; Du et al., 2025; Li
et al., 2026a; Sharma et al., 2025; Wang et al.,
2025), but most rely on live-web retrieval or a
single global snapshot rather than a per-question
publication-date cutoff. LLM-as-judge methods
offer scalable evaluation (Zheng et al., 2023),
yet finance requires criterion-level attribution:
a report may retrieve the right historical facts
while failing to anticipate the later outcome, or
reason plausibly while omitting source-grounded
evidence. We therefore use evidence-aware rubric

3https://github.com/assafelovic/
gpt-researcher
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judging with explicit hindsight and foresight
criteria; Appendix A.2 gives a compact positioning
table against representative benchmarks.

3 FINANCEGYM Construction

As mentioned in Section 1, our benchmark infras-
tructure consists of a point-in-time (PIT) financial
search sandbox and FINANCEGYM, the benchmark
constructed on top of it (Figure 1). In this section,
we first describe the corpus, retrieval, and tempo-
ral access contract that define the search sandbox
(§3.1). We then describe how FINANCEGYM is
generated from a finance entity graph, filtered, bal-
anced, and expert-annotated (§3.2). Finally, we
define the scoring contract used by the benchmark
and by downstream harness training (§3.3).

3.1 Point-in-Time Financial Search Sandbox

Source corpus. We built the search sandbox from
a large-scale web corpus that we collected from
thousands of public web domains. We built the cor-
pus so that all articles carry reliably extracted publi-
cation dates: each article’s date was extracted with
htmldate (Barbaresi, 2020), allowing the environ-
ment to enforce PIT access. We extracted clean text
with trafilatura (Barbaresi, 2021) with normal-
ized metadata. The resulting corpus contains 100+
million articles, deliberately preserving the noise
and breadth of web-scale financial search rather
than reducing the task to a curated filing set. The
corpus serves only as the internal testbed for build-
ing and evaluating the harness. Users can input any
public corpus in our pipeline to produce research
questions and rubrics. The released benchmark
consists of standalone research questions that are
decoupled from the underlying corpus (§3.2).

Embedding and storage. Articles are embedded
with Qwen3-Embedding-4B (Zhang et al., 2025),
producing normalized dense vectors for retrieval.
Full texts are stored separately from the vector in-
dex so agents can retrieve candidate documents
and then fetch source text for citation-grounded
synthesis.

Search server. We build a FAISS (Douze et al.,
2025) IVF-SQ8 index over the normalized embed-
dings and serve it through a lightweight API. This
API defines the environment contract used through-
out the paper: agents can search and read historical
documents, but they cannot access articles pub-
lished after the assigned cutoff date.

3.2 FINANCEGYM: Situation-Driven
Benchmark Construction

Finance graph construction. We construct a fi-
nance entity graph from the corpus by first filter-
ing to finance-relevant sources and then extracting
entity-relation triples with Gemini-3.5-Flash (Team
et al., 2023) under structured JSON output. Each
edge stores a head entity, relation, tail entity, local
context, source URL, and publication date. The
extractor produces 5.74M raw edges; after filtering
generic or malformed nodes, the working graph
contains 4.37M edges. These edges span 1.11M
unique entities from 1.20M source articles and
serve as the basis for benchmark generation.

Situation mining. Rather than clustering the
graph into broad themes, we mine situations that
match how financial analysts discover research
questions. The miner has three complementary
modes: cross-category linkages between entities
and event types, temporal narrative arcs around
high-degree entities, and polar divergences such
as upgrades versus downgrades or earnings beats
versus misses. These modes instantiate the fine-
grained situation types reported in the harness ab-
lation (Appendix C): a multihop-path type from
linkages, a temporal-narrative type, and several
divergence (tension) types. An entity budget lim-
its repeated sampling of the same primary name,
preventing mega-cap firms from dominating the
benchmark.

Publication-date cutoff selection and uncon-
strained generation. Each candidate situation
is paired with a cutoff date. For each candidate day
d, let v(d) be its event volume, e(d) entity diver-
sity, and r(d) relation entropy, and let z(·) denote
a z-score across candidate days. Cutoff dates are
then selected by a volume, entity-diversity, and
relation-entropy objective:

score(d) = z
(
v(d)

) (
1 + e(d)

) (
1 + r(d)

10

)
. (1)

The volume term favors eventful days; the diversity
and entropy terms penalize batch artifacts domi-
nated by a single entity or one relation type.

Given a (situation, cutoff-date) pair, an LLM
generates the benchmark record without category
priming: the prompt does not provide a topic, sec-
tor, or reasoning taxonomy. The output contains
an analyst-style question, a reference investment
thesis, and a two-tier rubric. Pre-cutoff criteria test
facts findable before the cutoff date; post-cutoff
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Figure 1: End-to-end benchmark construction. Web articles flow through a domain filter and FAISS + PIT
embedding store into a semantic graph, where motif mining yields the finance entity graph and downstream
situations; publication-date cutoff selection then drives unconstrained question generation, followed by curation,
balancing, expert annotation, and final evaluation.

criteria test outcomes verifiable only after the cut-
off date. This split is central to FINANCEGYM: it
separates evidence retrieval from forward-looking
synthesis while keeping both sides auditable.

Bottom-up taxonomy. After questions are gen-
erated, we assign taxonomy labels. LLMs classify
batches of generated questions into natural cate-
gories, and the raw labels are consolidated into
three axes: topic, sector, and reasoning type. This
bottom-up taxonomy avoids imposing a prompt-
time template on question generation while still
allowing the final benchmark to be balanced and
reported by interpretable groups.

Quality filtering and balancing. Generated
questions pass through a sequence of LLM quality
gates before selection for expert review. The filters
test feasibility, institutional relevance, coherence,
groundedness against evidence, and final balance
across topic, sector, reasoning type, and cutoff date.
This yields a data-determined 2,078-question pub-
lication pool from 29,669 unconstrained genera-

tions. For benchmarking, an integer linear program
(ILP) selects a 500-question subset that maximizes
quality subject to balance constraints across the
taxonomy axes and monthly cutoff-date buckets.

Expert annotation. The balanced 500-question
subset receives a final expert-annotation pass
through an external professional data vendor, fol-
lowed by LLM-assisted curation using the annota-
tion labels. Annotators score question feasibility
and clarity and mark each rubric item as feasible or
infeasible with a short justification. Curation then
keeps records with sufficiently clear questions and
enough feasible rubrics to grade an agent report:
411 of the 500 annotated questions meet this bar,
an 82% professional-annotation pass rate. Each
sample requires approximately 1.2 hours of ex-
pert work, reflecting the difficulty of validating
analyst-style questions and rubric items under a
publication-date cutoff. We further balance this
pool to the released FINANCEGYM benchmark of
400 expert-annotated questions with 2,464 anno-
tated rubric items, balanced across 9 topics, 11
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sectors (merged into 9 leaves), 6 reasoning types,
and 12 monthly cutoff-date buckets (Figures 3, 4,
and 5).

Release policy. As a final release gate, human ex-
perts review every released question along two axes.
For quality, they confirm the question is well posed
and answerable from public information, with a
clear analytical target. For privacy and provenance,
they confirm the question only queries informa-
tion. In other words, it refers to publicly observ-
able market events and asks the agent to research
them, rather than embedding, quoting, or leaking
content from the underlying corpus, which ensures
that each question contains neither personal data
nor copyrighted text. Questions that fail any check
are removed.

After annotations, we do not publicly release the
underlying corpus. We release the research ques-
tions and the report submission code. The grading
runs through our leaderboard with private rubrics
to preserve the integrity of our scoring criteria.

3.3 Evaluation Contract
Rubric-based scoring. An LLM judge evalu-
ates each agent report against the question-specific
rubric. For each criterion, the judge assigns a score
on a 5-tier (0–4) scale with explicit anchors: 0 (not
addressed), 1 (mentioned), 2 (partial), 3 (substan-
tive), and 4 (fully grounded). The judge sees the
question, thesis, cutoff date, target rubrics, and the
agent’s report with cited URLs. Because the rubrics
are professionally validated and evidence-linked,
the LLM judge is used as a consistent rubric applier
rather than as a source of new evaluation criteria.

The primary metric is the outcome score: the
average over questions of the fraction of rubric
points each report earns,

Outcome =
1

|Q|
∑

q∈Q

∑
c∈R(q) score(q, c)

4 |R(q)| , (2)

so each question contributes equally regardless of
its number of rubric items. Scores can be disag-
gregated by criterion type, topic, sector, reasoning
type, or cutoff-date bucket using the same formula.

Point-in-time protocol. Each question has an as-
signed cutoff date. During evaluation, the FAISS
server enforces PIT filtering: every search result
must have publication date ≤ the cutoff date, and
agents do not access the live web. Pre-cutoff syn-
thesis rubrics test retrieval and synthesis from pre-
cutoff evidence. Post-cutoff reasoning rubrics test

whether the agent’s analysis anticipates develop-
ments that are only verifiable after the cutoff date.
Any detected PIT leakage invalidates the run rather
than being treated as an ordinary scoring error.

4 FINANCEHARNESS

In this section, we explain FINANCEHARNESS de-
sign and its connection to FINANCEGYM. The
point-in-time (PIT) search sandbox defines what
information an agent may retrieve before each ques-
tion’s cutoff date, and FINANCEGYM defines how
the resulting report is graded. FINANCEHARNESS

is the executable harness built around that contract,
which enables users to produce highly specialized
reports for their financial research queries. It pro-
vides the same retrieval tools, orchestration loop,
and rubric signal for both evaluation and optimiza-
tion, so a model trained inside the harness sees the
same tool-use distribution at test time.

4.1 Expert-guided Harness Design
Financial deep research is not only a retrieval prob-
lem: an analyst must connect relationships among
entities, sector context, numerical evidence, and
forward-looking risks into an auditable view. FI-
NANCEHARNESS therefore exposes a layered fi-
nance tool interface rather than a single generic
web-search action. The core loop covers PIT
search, source reading, citation composition, and
report finalization. Auxiliary finance tools and
workflow skills add structured support for exact
data retrieval, calculation, valuation, comparables,
risk analysis, and scenario reasoning without ex-
panding the base prompt for every query.

Model and serving layer. The serving layer
hosts the orchestrator backbone and a lightweight
reader used for long-document evidence extraction.
It is deliberately opaque to the rest of the harness:
the runtime sees only a request/response contract,
so the backbone can be swapped across local serv-
ing stacks or closed-model SDKs without changing
the orchestration logic.

Runtime layer. The runtime is the control plane.
It owns the bounded agent loop, parsing and dis-
patch, schema validation, tier loading, prompt-
mode selection, recovery, and the registries for
tools and workflow skills. It contains no model
intelligence; instead, it enforces cross-layer invari-
ants such as schema conformance, tool-result chain-
ing, citation finalization, and run-level budget lim-
its.
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Tool surface. The tool surface is tiered to keep
the initial prompt small while preserving a broad
set of financial capabilities. The always-loaded
tier contains the core-loop actions. Deferred tools
are exposed through a compact catalog, with full
schemas loaded only after the model commits to
a tool family. The extension tier supports MCP or
CLI-backed connectors, including paid data ven-
dors and internal systems.

Modes and skills. FINANCEHARNESS uses
prompt-variant modes over a consistent tool sur-
face. The research mode emphasizes web-first evi-
dence gathering; the analytical mode emphasizes
data and computation tools; the automatic mode
lets the agent choose between them. Keeping the
registry consistent across modes prevents a trajec-
tory from being stranded by tools that disappear
after a mode switch. Skills are reusable workflow
specifications that the model can activate on de-
mand. Each skill declares the tools and specialist
context it expects, and routing is based on the skill
description rather than a hard-coded name.

Grounding and robustness. The orchestrator
can respond to a step with direct tool calls or by
loading a workflow skill that brings in the tools
needed for a structured analysis. For research-
style reports, the harness composes numbered ci-
tations from visited sources, can retrofit citations
when a draft omits the citation tool, and runs a
light grounding-review pass that asks the backbone
to soften or attribute claims it cannot tie to read
sources or tool outputs. Recovery policies han-
dle transient model failures, malformed tool calls,
context-budget pressure, and truncation without
changing the evaluation contract.

Operational guardrails. URL pre-fetch vali-
dates document IDs before expensive reads. In
ablations, disabling this guardrail raises the visit er-
ror rate from 2.1% to 39.4%; the end score barely
moves because the backbone often self-corrects,
but trajectories become substantially more expen-
sive. Search-budget caps show a different pattern:
excessive searching correlates with question dif-
ficulty rather than causing low scores, so budget
caps mainly control cost rather than quality.

4.2 Evaluation and Optimization

The harness is tightly coupled to the environment:
tool calls hit the PIT search sandbox’s FAISS server
directly, and the rubric judge used for benchmark

scoring is also available as a reward component.
This matters because specialized research models
are often trained against one tool stack and evalu-
ated against another. In FINANCEHARNESS, swap-
ping the backbone model changes only the learn-
able model layer. The search API, document-fetch
contract, citation requirements, and scoring rubric
stay fixed. Appendices H gives worked examples:
complete cited reports produced by the harness, and
the round-by-round tool trajectories behind them.

5 Experimental Setup

5.1 Benchmark Dataset

The publication dataset comprises 2,078 questions,
the data-determined output of the end-to-end LLM
quality filter chain (§3.2). For benchmarking,
the upstream pipeline selects a 500-question ILP-
balanced subset, which then passes through a two-
batch external expert annotation process and three-
stage LLM curation of §3.2 to produce FINANCE-
GYM: 400 expert-annotated questions with 2,464
annotated rubric items (mean 6.16 items per ques-
tion), jointly balanced across 9 topics, 11 sectors, 6
reasoning types, and 12 monthly cutoff-date buck-
ets. Each rubric item points to source evidence
packaged with the record, including the cited article
text, so the benchmark and any agent built against
it can be audited or replayed fully offline, with no
live-web fetches at evaluation or RL-rollout time.
Sector coverage spans healthcare/biotech, technolo-
gy/semiconductors, consumer discretionary, finan-
cial services, real estate, energy/natural resources,
industrials/transportation, macro/policy, commodi-
ties, crypto/digital assets, and fixed income. The
expert-annotation curation pass (§3.2) preserves
the ILP balance to within ±1 percentage point per
sector.

5.2 Agent Baselines

Following Tongyi-DR’s framing (Team et al.,
2025b), we group baselines by scaffolding com-
plexity rather than by base-model identity. The
three groups share our PIT-filtered FAISS retriever
and FINANCEGYM as the headline evaluation set:
Trained OSS: open-source models that internal-
ize the research loop without an external scaffold,
trained end-to-end with RL on agentic-search tra-
jectories (Tongyi-DR (Team et al., 2025b), Open-
Researcher (Li et al., 2026b), MiroThinker-1.7-
mini (Team et al., 2025a, 2026)).
Foundation model with search harness: a fixed
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30-step ReAct wrapper with one search tool, one
final-answer tool, and 8 interchangeable backbones,
which isolates model capability under a constant
scaffold. We also report FINANCEHARNESS, our
open-weight layered harness on a Qwen3.5-27B
backbone, in this group for the open-weight com-
parison.
Frameworks: engineered scaffolds that make
orchestration decisions in code while using an
LLM for planning, retrieval, synthesis, or critique.
This group includes TTD-DR (Han et al., 2025),
GPT-Researcher,4 STORM (Shao et al., 2024),
OpenClaw,5 and deepagents.6 TTD-DR, GPT-
Researcher, STORM, OpenClaw, and deepagents
all use Gemini-3-Flash as the LLM backbone.

Comparing the three groups on identical ques-
tions and the same corpus retriever isolates (a) how
well training-time tool distributions transfer to a
new search environment (Trained OSS vs. Frame-
works); (b) how much hand-engineered scaffold-
ing adds over a minimal ReAct loop on the same
backbone (Foundation model with search harness
vs. Frameworks); and (c) how performance varies
with model identity at fixed scaffolding (within the
foundation-model rows).

Two implementation details matter for interpret-
ing later findings.
Tongyi-DR. Alibaba’s open-source deep research
MoE (Team et al., 2025b) (30.5B total / 3.3B active)
is trained with RL on agentic-search trajectories us-
ing Serper and Jina as the canonical tool stack. For
our benchmark, we replace those tools with corpus-
backed equivalents (Search→ FAISS+PIT, Visit
→ SQLite) and serve the model at FP8 through
vLLM. The tool substitution drives the distribution-
shift analysis in App. B.1.
Deep Researcher with Test-Time Diffusion
(TTD-DR). TTD-DR (Han et al., 2025) is an it-
erative deep-research agent over Gemini-3-Flash:
plan, research, draft, critique, revise, and finalize.
It runs up to three revision cycles, with a maximum
of 50 LLM calls per question and top-5 retrieval
per search. This is the main engineered-scaffold
comparison point for § 6.1.

5.3 Evaluation Protocol

Agents are run once on the full 500-question ILP-
balanced subset; we then aggregate scores against

4https://github.com/assafelovic/
gpt-researcher

5https://github.com/openclaw/openclaw
6https://github.com/hwchase17/deepagents

FINANCEGYM’s 400 expert-annotated questions
and their 2,464 annotated rubric items (§3.2) by
subsetting the per-criterion judge outputs. All base-
lines run under identical search infrastructure (PIT-
filtered FAISS over the same Qwen3-Embedding-
4B index). The foundation-model matrix holds the
wrapper fixed across 8 frontier and open-weight
backbones. Each agent receives only the question
text and cutoff date; the rubric, thesis, and sup-
porting evidence are withheld for blind evaluation.
The judge (Gemini Flash) scores each rubric cri-
terion on the 5-tier (0–4) scale described in §3.3,
with access to the question, thesis, full rubric, pre-
cutoff edge evidence, post-cutoff edge evidence
(foresight items only), and the agent’s full report
with cited URLs. Headline metrics use the 400
expert-annotated questions and 2,464 annotated
rubric items; the broader 500-question run is re-
tained for auxiliary diagnostics. Headline scores
are reported with bootstrap 95% confidence inter-
vals (n=1000); paired bootstrap CIs test the signif-
icance of each pairwise agent delta.

6 Results and Analysis

We evaluate 23 baselines on FINANCEGYM under
the protocol above. Scores are averaged with the
5-tier rubric (Eq. 2); the ± SE column reports boot-
strap standard errors over questions. The main text
reports the decision-relevant comparisons, while
per-axis and harness-ablation breakdowns appear
in the appendix.

Cost-quality Frontier. Fig. 2 shows the perfor-
mance v.s. cost trade-offs among all benchmarked
systems. We observe our FINANCEHARNESS stays
on the frontier with Opus-5 achieves the best over-
all performance of 44.9%.

Table 1 reports all evaluated systems grouped
by system category; the fixed-backbone FINANCE-
HARNESS ablation is deferred to §6.2.

As Table 1 shows, on a 27B open-weight
backbone, FINANCEHARNESS ranks among the
strongest systems on FINANCEGYM: it leads all
open-weight models, slightly outperforms the best
agentic search system, and trails only two propri-
etary backbones.

6.1 What Drives Performance

The main comparison is between model choice
and research procedure under the same point-in-
time corpus. Changing the backbone within the
same search-tool wrapper produces a wider spread
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Figure 2: Pareto-frontier for FINANCEGYM. FINANCEHARNESS reaches an overall frontier, indicating a favorable
performance-to-cost trade-off.

Table 1: Headline results on FINANCEGYM by system category. Normalized rubric means (%); within each group,
bold marks the best and underline the second best per column (Overall/Pre-cutoff/Post-cutoff). ±SE is the bootstrap
SE of the Overall score.

Fine-tuned open-weight

System Overall ↑ Pre-cutoff ↑ Post-cutoff ↑ ±SE

Tongyi-DR 28.2 39.7 10.7 0.8
OpenResearcher 27.2 39.9 8.1 0.7
MiroThinker 21.2 29.6 7.8 0.6

Agentic search systems

System Overall ↑ Pre-cutoff ↑ Post-cutoff ↑ ±SE

TTD-DR 31.5 45.5 9.8 0.7
GPT-Researcher 30.4 42.2 12.0 0.8
deepagents 28.1 40.7 8.6 1.1
OpenClaw 27.7 40.2 8.3 0.7
STORM 27.4 39.3 9.4 0.6

Open-weight with search

System Overall ↑ Pre-cutoff ↑ Post-cutoff ↑ ±SE

FINANCEHARNESS 32.4 45.7 11.8 0.8
GLM-5 30.4 44.7 8.5 0.9
DeepSeek-v3.2 28.9 42.4 8.4 0.8
Qwen3-235B-A22B 26.8 39.7 7.3 0.7
Gemma-4-26B 25.7 37.6 7.7 0.6
gpt-oss-120b 18.7 27.8 5.2 0.8

Proprietary with search

System Overall ↑ Pre-cutoff ↑ Post-cutoff ↑ ±SE

Claude-Opus-4.7 34.1 50.1 9.9 0.8
Gemini-3.1-Pro 33.2 46.8 12.8 0.7
GPT-5.5 31.8 47.5 8.0 0.7
Gemini-3-Flash 30.2 43.7 9.8 0.7

than changing the scaffold around Gemini-3-Flash,
where the engineered agentic systems cluster near
a minimal ReAct loop and several fall below it.
This suggests that current financial deep-research
performance is still strongly constrained by the
underlying model, while task-matched scaffolding
can recover additional evidence and organize it
more reliably.

The fine-tuned open-weight models show a re-
lated transfer issue: trained around live-web tool
stacks, they are evaluated here through our corpus-

backed FAISS/PIT interface, where several general-
purpose search backbones outperform them, con-
sistent with the tool-distribution-shift analysis in
§B.1.

The per-topic breakdown (Table 10) and the
per-sector and per-reasoning-type breakdowns (Ap-
pendix Tables 4 and 5) follow the aggregate or-
dering within each system group, with causal and
comparative analysis among the hardest reasoning
types across systems.

Overall score also tracks backbone scale, but
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only loosely. Plotting each system’s score against
its backbone size (Fig. 7), FINANCEHARNESS sits
on the upper-left efficiency frontier, matching much
larger open-weight backbones and approaching the
proprietary frontier despite its 27B backbone.

Finally, the pre-cutoff/post-cutoff split is stable
across systems: across all baselines, pre-cutoff
scores are several times higher than post-cutoff
scores. Because the same PIT-filtered corpus is
used for every agent, this gap reflects the bench-
mark’s core difficulty rather than the retrieval setup.
Even leading agents leave most forward-looking
rubric items only partially addressed or missed.

6.2 In-Environment Training

The same rubric judge can also serve as a train-
ing signal. Using the same retrieval tools and re-
port format at rollout and evaluation, we further
train FINANCEHARNESS with Group Relative Pol-
icy Optimization (GRPO) on a separate set of 172
machine-curated training instances that we build
with the same environment and graph-construction
harness used to construct the benchmark, with no
human involvement and independent of FINANCE-
GYM, so that training and evaluation remain fully
separate. The reward combines rubric-style evalua-
tion against generated criteria (0.6 weight) with an
LLM judge over report coherence, grounding, and
trajectory quality (0.4 weight). We then evaluate
the resulting policy on FINANCEGYM.

Table 2: Fixed-backbone (Qwen3.6-27B) ablation on
FINANCEGYM: the model with search only (Vanilla),
a naive harness (Naive), the full untrained FINANCE-
HARNESS (Harness, our main configuration), and FI-
NANCEHARNESS after GRPO training on a separate,
machine-curated training set independent of FINANC-
EGYM, with a mixed rubric/report-and-trace reward
(RFT). Normalized rubric means (%).

Configuration Total Pre-cutoff Post-cutoff

Vanilla (model with search) 25.3 36.1 8.7
Naive harness 29.6 41.8 10.7
Harness 32.4 45.7 11.8

+ RFT (GRPO training) 32.8 46.2 12.1

Table 2 reports four fixed-backbone configura-
tions: the search-only model (Vanilla), a naive har-
ness (Naive), the full untrained harness (Harness,
our main configuration), and the harness after rein-
forcement fine-tuning with GRPO (RFT). GRPO
training adds only 0.4 point over the untrained har-
ness, so we treat it as a refinement rather than a
headline result and leave a broader trained-policy

sweep to future work.

7 Conclusion

We presented FINANCEHARNESS, an expert har-
ness for financial deep research, and FINANCE-
GYM, a point-in-time benchmark built from 400
expert-annotated questions and 2,464 rubric items.
The benchmark pairs a reproducible PIT search
sandbox with pre-/post-cutoff rubrics, allowing
evaluation to separate pre-cutoff-date evidence re-
trieval from post-cutoff-date outcome anticipation.
Across various baselines and FINANCEHARNESS,
every system stays below 45% overall, confirming
that financial DR is not solved by stronger retrieval
alone. The fixed-backbone harness ablation further
shows progressive improvement from a Qwen3.5-
27B search-tool model (25.3%) to FINANCEHAR-
NESS (29.6%) and then to FINANCEHARNESS with
training (32.8%), supporting our core claim: evalu-
ation, tool use, and optimization should share the
same temporally controlled research environment.

Limitations

Corpus scope. The point-in-time search sandbox
is built from a 2025 English-language web cor-
pus that we collect ourselves, so coverage of non-
English sources, paywalled professional data, and
structured filings is limited.

Tool-distribution shift. Specialized deep-
research models are evaluated out-of-distribution
on our corpus-backed retriever rather than the
live-web stacks they were trained against; their
scores should therefore be read as transfer results
under a controlled PIT interface.

Ethical Considerations

Annotator Quality. We contracted professional
data vendor at a premium rate of $152/hour. Anno-
tators with specialized finance backgrounds spent
an average of 77.6 minutes per sample auditing
the candidate questions for feasibility and clarity.
This intensive quality gate rejected 89 lower quality
questions.

Copyright. To mitigate copyright and legal risks,
the data-sharing protocol will never redistribute
any publisher articles. The official release will
consist only of research questions. We will share a
reconstruction script that allows users to securely
re-fetch and extract text from public records. Data
is released under CC BY-NC 4.0 License.
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A FINANCEGYM Details

This section summarizes the released FINANCE-
GYM set and positions it against prior benchmarks.

A.1 Dataset Portrait
Figures 3–5 summarize the released FINANCEGYM

set along three axes: the expert-annotation quality
that gates curation, the temporal spread of question
cutoff dates, and the balance across topics, sectors,
and reasoning types.

A.2 Benchmark Positioning
Table 3 highlights the gap FINANCEGYM tar-
gets. FinanceBench (Islam et al., 2023) is the
closest finance-domain peer, but evaluates short-
form QA over filings rather than analyst-style re-
search. BrowseComp-Plus (Chen et al., 2025)
and DeepResearchGym (Coelho et al., 2025) im-
prove reproducibility through fixed corpora, but
do not apply per-question publication-date cut-
offs. DeepScholar-Bench (Patel et al., 2025) is
closest on the PIT axis, but its live arXiv depen-
dency leaves reproducibility tied to external state.
DeepResearch Bench II (Li et al., 2026a) and Re-
searchRubrics (Sharma et al., 2025) provide rich
rubrics, but do not isolate pre-cutoff-date evidence
retrieval from post-cutoff-date outcome anticipa-
tion, which is the central difficulty in financial deep
research.

B Additional Analysis

B.1 Tool-Distribution Shift
The trained OSS deep-research models underper-
form the strongest frameworks on FINANCEGYM

despite being trained for agentic search. We in-
terpret this as a tool-distribution-shift result rather
than a general model-capability result. Tongyi-DR
and MiroThinker were optimized around live-web
search and page extraction conventions; in our eval-
uation, they must operate through a PIT-filtered
corpus retriever with fixed document records and
no live-web access. That substitution changes both
the interaction pattern and the final-report format
expected by the rubric.

The most visible consequence is attribution. FI-
NANCEGYM’s score-4 anchor rewards claims that
are correct, specific, and grounded in plausible
source evidence. Frameworks such as TTD-DR
and GPT-Researcher are explicitly prompted to pro-
duce source-attributed reports, while trained OSS
systems often emit cleaner answer-style prose with

weaker inline attribution. This does not mean the
trained models lack the underlying knowledge or
search ability; it means their learned reporting in-
terface is mismatched with a long-form, citation-
sensitive financial rubric.

B.2 Hindsight and Foresight Remain
Different Failure Modes

The stable gap between hindsight and foresight
scores is the most important behavioral pattern
in the benchmark. Systems improve much more
readily on hindsight criteria, where better search,
reading, and citation discipline help recover pre-
cutoff-date evidence. Foresight criteria remain
compressed even for stronger systems, suggest-
ing that financial deep research is not solved by
retrieval quality alone: agents must turn historical
evidence into forward-looking judgments that are
only verifiable after the cutoff date. This is why
the fixed-backbone FINANCEHARNESS ablation is
useful: the harness raises hindsight substantially,
while training inside the harness is the first step
that also moves foresight meaningfully.

B.3 Framework Trade-offs
Framework choice changes more than the final
score. Iterative research frameworks such as
TTD-DR achieve the strongest overall quality, but
they are more expensive because they repeatedly
plan, retrieve, draft, critique, and revise. GPT-
Researcher is slightly weaker on aggregate quality
but offers a better quality–cost trade-off. Other
frameworks such as STORM and deepagents are
useful counterpoints: they bring different composi-
tion strategies, but their default output styles are not
always aligned with a rubric that rewards specific,
source-grounded financial claims. We therefore
treat framework comparisons as evidence about or-
chestration fit-to-task, not as a universal ranking of
agent frameworks.

Tables 4 and 5 give the per-sector and per-
reasoning-type scores for representative systems
from each group (the top two Trained OSS, top two
proprietary and top two open-weight foundation-
model search systems, and top three Frameworks).

C FINANCEHARNESS Ablation
Breakdowns

We expand Table 2 by topic, reasoning type, sector,
and situation type. All rows use the same Qwen3.5-
27B backbone and the same FINANCEGYM evalu-
ation protocol.
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Table 3: Comparison with representative deep-research and search-agent benchmarks. ✓ / ⋄ / ✗ denote full, partial,
and no support. Reproducible means evaluation uses a fixed corpus rather than live-web access. PIT means retrieval
is constrained by a per-question publication-date cutoff. Verifiable means evaluation rests on externally checkable
signals such as gold answers, binary rubric items, citation matches, or post-cutoff-date outcomes.

Benchmark Domain Long-form Reproducible PIT Rubric Verifiable

FinanceBench (Islam et al., 2023) Finance ✗ ✓ ✗ Gold answer ✓
GAIA (Mialon et al., 2024) General ✗ ⋄ ✗ Gold answer ✓
BrowseComp (Wei et al., 2025) General ✗ ✗ ✗ Gold answer ✓
BrowseComp-Plus (Chen et al., 2025) General ✗ ✓ ✗ Gold answer + citation ✓
FRAMES (Krishna et al., 2025) General ✗ ✓ ✗ Gold answer ✓
DeepResearchGym (Coelho et al., 2025) General ✓ ✓ ✗ Citation + LLM-judge ⋄
DeepResearch Bench (Du et al., 2025) Multi-domain ✓ ✗ ✗ RACE + FACT ⋄
DeepResearch Bench II (Li et al., 2026a) Multi-domain ✓ ✗ ✗ 9.4k binary rubrics ✓
ResearchRubrics (Sharma et al., 2025) Multi-domain ✓ ✗ ✗ 2.6k expert rubrics ✓
LiveResearchBench (Wang et al., 2025) Multi-domain ✓ ✗ ✗ DeepEval checklist ✓
MiroEval (Ye et al., 2026) Multi-domain ✓ ✗ ✗ Adaptive + process eval ✓
DeepScholar-Bench (Patel et al., 2025) Academic ✓ ✗ ✓ Automated, 3 dimensions ✓

FINANCEGYM (Ours) Finance ✓ ✓ ✓ Hindsight/foresight rubric ✓
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Table 4: Per-sector averaged scores (%) on FINANCEGYM for the top two Trained OSS, top two proprietary and top
two open-weight foundation-model search systems, and top three Frameworks. Bold = column-set winner per row.

Trained F+S prop. F+S open Framework

Sector Tongyi-DR Miro Cl-opus Gem-Pro GLM-5 DSeek TTD-DR GPTR dpa

healthcare_biotech 33.5 21.9 38.7 36.9 36.1 35.2 43.7 43.1 28.6
technology_semiconductors 29.5 22.1 33.5 35.5 29.6 27.2 36.3 35.3 32.3
consumer_discretionary 28.0 25.0 35.5 33.3 33.3 30.7 37.2 35.8 28.8
energy_natural_resources 26.5 18.9 34.5 31.4 32.0 28.6 36.7 35.4 30.4
macro_policy 26.4 18.6 34.2 31.3 24.7 28.0 28.7 28.1 24.9
industrials_transportation 29.4 20.2 33.9 32.6 29.1 27.5 35.3 32.9 26.0
financial_services 25.6 24.1 32.7 34.0 30.0 29.4 39.6 33.9 31.3
commodities 21.0 17.5 24.7 31.4 25.5 22.8 26.1 24.5 22.3
crypto_digital_assets 24.7 18.1 22.6 23.8 18.2 19.2 23.2 20.3 19.2
real_estate 25.0 19.9 32.4 27.7 26.2 21.9 34.7 32.3 21.6
fixed_income 16.6 15.3 25.7 28.6 22.6 18.7 38.6 35.1 25.3

Table 5: Per-reasoning-type averaged scores (%) on FINANCEGYM. Same system columns as Table 4. Bold =
column-set winner per row.

Trained F+S prop. F+S open Framework

Reasoning type Tongyi-DR Miro Cl-opus Gem-Pro GLM-5 DSeek TTD-DR GPTR dpa

risk_assessment 34.9 21.4 38.1 38.0 35.4 31.9 40.5 40.7 32.0
effectiveness_evaluation 29.9 23.3 36.2 35.2 32.8 29.9 39.1 36.3 29.5
quantitative_analysis 27.2 16.7 31.3 29.8 30.5 30.6 38.1 37.2 26.8
predictive_forecasting 28.0 20.5 36.1 35.2 32.5 30.4 37.2 34.6 31.1
comparative_analysis 27.2 21.1 33.0 30.2 24.0 26.5 35.0 32.1 23.8
causal_analysis 24.6 21.0 30.2 29.7 26.8 26.3 32.1 31.4 24.9

Two patterns hold across every slice. Scores rise
monotonically from Search to FINANCEHARNESS

to FINANCEHARNESS+train in all four tables, so
the harness improves every topic, reasoning type,
sector, and situation type, and training improves
them again with no regressions. The two steps
contribute comparably, each adding three to four
points on average, and the gains are broad rather
than concentrated on a few easy slices. The hard-
est cells stay hard: commodities, crypto, and fixed
income remain the weakest sectors, causal anal-
ysis the weakest reasoning type, and the sparse
workforce-restructuring situation rises from 0%
only to 20%.

D FINANCEHARNESS Architecture
Details

Model and serving layer. The serving layer
hosts the orchestrator backbone and a lightweight
reader used for long-document evidence extraction.
It is deliberately opaque to the rest of the harness:
the runtime sees only a request/response contract,
so the backbone can be swapped across local serv-
ing stacks or closed-model SDKs without changing
the orchestration logic.

Runtime layer. The runtime is the control plane.
It owns the agent loop, parsing and dispatch,
schema validation, tier loading, and the registries
for tools, skills, and subagents. It contains no
model intelligence; instead, it enforces cross-layer
invariants such as schema conformance and the
depth limit on subagent delegation.

Tool surface. The tool surface is tiered to keep
the initial prompt small while preserving a large
finance capability surface. The always-loaded tier
contains the core actions needed for PIT search,
source reading, citation composition, loading, and
delegation. Deferred tools are exposed through
a compact catalog, with full schemas loaded only
after the model commits to a tool family. The exten-
sion tier supports MCP or CLI-backed connectors,
including paid data vendors and internal systems.

Skills and subagents. Skills are reusable work-
flow specifications that the model can activate on
demand. Each skill declares the tools and special-
ist context it expects, and routing is based on the
skill description rather than a hard-coded name.
A subagent is a fresh agent loop with a curated
tool subset, a filtered skill list, and its own context
window. The runtime enforces depth-1 delegation,
so a subagent cannot recursively spawn another
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Table 6: FINANCEHARNESS ablation by topic. Scores are normalized rubric means (%).

Topic Search FINANCEHARNESS FINANCEHARNESS + train

Corporate strategy competitive positioning 25.9 29.5 32.0
Macro regulatory policy 24.9 30.5 33.5
Event driven restructuring 33.0 36.8 39.3
Valuation sentiment divergence 20.9 25.9 28.4
Sector thematic analysis 23.3 27.3 29.7
Ownership governance stakeholder intelligence 27.1 32.4 34.6
Institutional flows market microstructure 18.4 21.6 25.2
Analyst research consensus dynamics 26.3 29.3 32.7
Asset allocation portfolio strategy 22.2 25.3 29.8

Table 7: FINANCEHARNESS ablation by reasoning type. Scores are normalized rubric means (%).

Reasoning type Search FINANCEHARNESS FINANCEHARNESS + train

Causal analysis 22.4 27.2 29.6
Predictive forecasting 24.5 29.0 32.4
Effectiveness evaluation 27.0 31.0 33.4
Risk assessment 32.6 36.5 39.3
Comparative analysis 22.3 26.2 29.4
Quantitative analysis 24.5 27.6 31.6

Table 8: FINANCEHARNESS ablation by sector. Scores are normalized rubric means (%).

Sector Search FINANCEHARNESS FINANCEHARNESS + train

Healthcare biotech 33.7 37.3 39.5
Technology semiconductors 25.9 29.6 31.9
Consumer discretionary 23.8 28.2 31.2
Energy natural resources 26.1 30.4 33.3
Macro policy 16.6 23.1 27.1
Industrials transportation 24.9 29.7 32.3
Financial services 26.6 31.4 33.7
Commodities 16.1 18.7 21.8
Crypto digital assets 17.9 20.7 24.7
Real estate 26.4 29.1 32.9
Fixed income 17.9 23.6 25.7

Table 9: FINANCEHARNESS ablation by situation type. Scores are normalized rubric means (%).

Situation type Search FINANCEHARNESS FINANCEHARNESS + train

Multihop path 26.4 30.9 33.8
Temporal narrative 24.3 28.6 30.9
Tension analyst disagreement 24.2 28.3 30.6
Tension price target divergence 20.5 24.4 28.0
Tension performance divergence 19.7 22.8 26.4
Tension strategic portfolio shift 32.1 36.1 38.5
Tension ownership churn 31.1 35.2 38.3
Tension workforce restructuring N/A 15.0 20.0
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subagent.

Escalation modes. The orchestrator can respond
to a step in three ways, ordered by context cost:
an atomic tool call for one-shot lookup, a work-
flow that activates a reusable skill, or delegation to
a context-isolated subagent. The baseline evalua-
tion in §6 uses the common PIT search and fetch
contract across systems; the deeper skill and sub-
agent modes are used by FINANCEHARNESS when
training or running the full harness.

Operational guardrails. URL pre-fetch vali-
dates document IDs before expensive reads. In
ablations, disabling this guardrail raises the visit er-
ror rate from 2.1% to 39.4%; the end score barely
moves because the backbone often self-corrects,
but trajectories become substantially more expen-
sive. Search-budget caps show a different pattern:
search-storming correlates with question difficulty
rather than causing low scores, so budget caps
mainly control cost rather than quality.

E Overall Outcome Scores.

F Performance by Topics

G Annotation Instruction
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Figure 7: Overall outcome score versus backbone scale on FINANCEGYM. Each marker is one evaluated system,
placed by backbone parameter count (x-axis, log scale; proprietary models grouped at right) and overall rubric score
(y-axis). On a 27B open-weight backbone, FINANCEHARNESS reaches an overall score competitive with much
larger open-weight models and approaching the proprietary frontier (shaded), indicating a favorable performance-to-
scale trade-off.

Figure 8: Annotation Instruction and Interface.
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Table 10: Per-topic averaged scores (%) on FINANCEGYM, by system group. Columns follow the Company/-
Market/Macro topic levels of Figure 5 (Corp. strat., Own./gov., Event | Analyst, Inst. flows, Valu./sent. | Policy,
Thematic, Alloc.). Each panel is one system group; shading (blue = higher, amber = lower), bold (best) and
underline (second) are normalized per column within the panel.

(a) Fine-tuned open-weight

System Corp. strat. Own./gov. Event Analyst Inst. flows Valu./sent. Policy Thematic Alloc.

Tongyi-DR 27.6 32.5 33.6 27.5 20.9 23.8 29.2 26.0 31.1
OpenResearcher 25.9 27.8 35.1 27.3 19.0 24.0 28.8 25.6 25.5
MiroThinker 22.1 21.3 24.1 17.4 17.4 21.6 19.8 20.2 25.9

(b) Agentic search systems

System Corp. strat. Own./gov. Event Analyst Inst. flows Valu./sent. Policy Thematic Alloc.

TTD-DR 31.8 34.5 37.2 28.3 33.2 28.4 29.6 28.1 26.8
GPT-Researcher 29.4 35.2 36.3 30.8 28.6 26.9 28.9 28.0 28.0
deepagents 25.9 27.4 36.4 23.3 29.7 20.4 30.9 26.9 22.8
OpenClaw 26.8 29.0 33.8 25.2 22.4 24.8 28.5 25.8 28.5
STORM 25.7 26.2 34.3 30.5 22.6 23.8 27.6 28.8 26.4

(c) Proprietary with search

System Corp. strat. Own./gov. Event Analyst Inst. flows Valu./sent. Policy Thematic Alloc.

Claude-Opus-4.7 33.9 34.6 40.2 30.4 22.7 28.4 38.7 32.9 35.3
Gemini-3.1-Pro 33.4 34.5 38.6 30.8 25.3 28.5 35.4 32.3 32.2
GPT-5.5 32.3 33.3 36.5 30.0 22.5 25.5 35.9 30.5 29.7
Gemini-3-Flash 31.8 30.8 36.0 28.3 22.5 26.1 30.5 28.0 32.0

(d) Open-weight with search

System Corp. strat. Own./gov. Event Analyst Inst. flows Valu./sent. Policy Thematic Alloc.

FinanceHarness 31.7 34.7 39.1 33.4 25.9 28.6 33.6 29.6 29.6
GLM-5 30.2 33.5 38.6 28.7 19.9 23.9 32.7 28.8 26.7
DeepSeek-v3.2 27.2 30.9 35.6 29.7 19.5 26.3 32.5 26.0 24.4
Qwen3-235B-A22B 25.6 27.2 34.4 27.3 18.1 23.7 28.3 25.3 25.5
Gemma-4-26B 23.8 26.6 31.2 24.4 20.2 22.9 27.2 24.4 29.0
gpt-oss-120b 18.7 19.6 21.0 24.9 15.2 15.6 19.2 18.0 18.6
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H FINANCEHARNESS Case-Study
Reports

The boxed reports below are produced by FI-
NANCEHARNESS, drawn from the cross-backbone
coverage evaluation. Each example box gives the
research question, the resulting cited report, and its
sources.

H.1 Industry Deep Research

AI Infrastructure Value Chain: Beneficia-
ries Beyond the GPU

I. RESEARCH QUESTION

AI compute demand is driving a historic buildout of
GPUs and data-center infrastructure. As a research an-
alyst, work outward from the AI accelerators to map the
broader value chain: identify the successive layers of in-
dustries and suppliers whose demand is pulled by this
buildout. For each layer you surface, name the leading
public companies, explain how their business connects
to AI-compute growth, and assess their financial pro-
file and positioning (growth, margins, valuation). Con-
clude with a synthesized view of where along the chain
the exposure looks most attractive and durable, and the
key risks.

II. CITED REPORT

AI Infrastructure Value Chain: Scarcity Rents Extend
Well Beyond the GPU

Synthesis
The AI buildout is pulling demand through two in-
terconnected chains:

1. The silicon chain: accelerators → HBM →
advanced packaging/foundries → semicon-
ductor equipment.

2. The physical-infrastructure chain: servers
→ networking/optics → electrical and cool-
ing equipment → construction/grid intercon-
nection → power generation → data-center
real estate.

The most durable economics appear where tech-
nology, qualification requirements or physical con-
straints limit substitution: NVIDIA and Broadcom
in compute silicon, TSMC in advanced manu-
facturing and packaging, ASML in lithography,
Arista in AI networking, and Eaton/Vertiv in
power delivery and cooling. The better valua-
tion asymmetry currently appears in TSMC and
selected power producers, while memory, optical
components and server assemblers offer stronger
near-term growth but more cyclical or commodi-
tized economics.
At the other extreme, data-center REITs benefit di-
rectly from capacity scarcity but combine high cap-
ital intensity, approximately 5–6x net leverage and
elevated valuation multiples. They are compara-
tively weak expressions of the theme unless power-
secured sites can earn exceptional returns.

Demand anchor
Based on reported company plans cited by CNBC,
Alphabet, Amazon, Microsoft and Meta together
indicate roughly $734 billion of 2026 capital ex-
penditure and finance leases. The definitions dif-
fer and not all of the spending is AI-related, but
the scale establishes the demand envelope. The
main question has shifted from whether infrastruc-
ture spending is rising to whether the associated
revenue can generate adequate returns. Alphabet’s
cash flow turned negative in Q2, while debt in-
creased materially at both Alphabet and Amazon
[9].
Alphabet illustrates the composition. Its Q2 capital
expenditure was $44.9 billion, approximately 60%
for servers and 40% for data centers and network-
ing. Google Cloud revenue grew 82% and back-
log reached $514 billion, suggesting that unusu-
ally high spending is still accompanied by capacity-
constrained demand [8].
The physical consequence is equally significant.
The IEA expects global data-center electricity con-
sumption to more than double from 415 TWh in
2024 to approximately 945 TWh in 2030. Around
20% of planned projects could experience de-
lays because transmission, transformers, cables
and generating capacity are not being added fast
enough [6].

Financial snapshot
The table uses the latest available market-data
snapshot as of July 28, 2026. Growth is recent
year-over-year revenue growth, margins are oper-
ating margins, and valuation is forward P/E un-
less otherwise indicated. These are screening met-
rics rather than fully normalized estimates; mem-
ory, utilities and hardware assemblers are espe-
cially cycle-sensitive.

Layer and selected companies Revenue growth Operating margin Valuation

Accelerators: NVIDIA / AMD / Broadcom 85% / 38% / 48% 66% / 14% / 49% 15x / 33x / 19x
Memory: Micron 346% 80% 5x
Foundry: TSMC 36% 60% 18x
Equipment: ASML / Lam / KLA 21% / 24% / 12% 37% / 35% / 41% 27x / 32x / 37x
Servers: Dell / Super Micro / HPE 19% FY / 123% / 40% 12% ISG / 6% / 9% 17x / 8x / 11x
Networking: Arista / Marvell / Cisco 35% / 28% / 12% 43% / 15% / 25% 37x / 27x / 24x
Optics: Coherent / Lumentum 21% / 90% 14% / 22% 28x / 34x
Power and cooling: Vertiv / Eaton 30% / 17% 16% / 16% 29x / 24x
Construction/grid: Quanta Services / EMCOR 26% / 20% 4% / 9% 35x / 21x
Generation: Constellation / Vistra / GE Vernova 64% / 43% / 22% 22% / 27% / 8% 19x / 14x / 37x
Data-center REITs: Equinix / Digital Realty 12% / 30% 24% / 26% 29x / 29x EV/EBITDA
Cloud buyers: Microsoft / Alphabet / Meta 18% / 24% / 33% 46% / 34% / 41% 20x / 22x / 16x

The successive layers

1. Accelerators and custom AI silicon
Selected public companies: NVIDIA, AMD,
Broadcom, Marvell.
This is the starting point and the most profitable
layer in the current financial snapshot. NVIDIA
supplies accelerators, networking products, sys-
tems and an extensive software platform. AMD
is the principal listed merchant alternative in the
screen, while Broadcom and Marvell provide expo-
sure to custom silicon and networking.
NVIDIA’s Q1 fiscal 2027 Data Center revenue
reached $75.2 billion—approximately 92% of total
revenue—and grew 92% year over year. Its 74.9%
GAAP gross margin and roughly 66% operating
margin demonstrate the current scarcity rents as-
sociated with its data-center platform [1].
Broadcom provides a counterweight to NVIDIA’s
merchant model. Its AI revenue reached $10.8 bil-
lion in fiscal Q2, more than doubling year over year,
driven by custom accelerators, including Google’s
TPU, and networking components [11]. Broadcom
is therefore exposed both to the expansion of AI
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clusters and to hyperscalers’ efforts to deploy in-
ternally designed accelerators.
Positioning: This layer has the strongest current
combination of growth, margins and technical bar-
riers. Its weakness is customer concentration: a
small number of hyperscalers control much of in-
cremental spending and are simultaneously devel-
oping competing silicon.

2. High-bandwidth memory and data-center
memory

Selected public companies: SK Hynix, Micron,
Samsung Electronics.
An accelerator requires HBM, server DRAM and
increasingly enterprise SSD capacity. HBM is espe-
cially demanding because multiple memory dies
must be stacked, tested and integrated alongside
the processor through advanced packaging.
SK Hynix’s 2026 market-outlook page describes
direct exposure through HBM3E, HBM4, server
DRAM and enterprise SSDs. Citing Bank of Amer-
ica estimates, it places the 2026 HBM market at
$54.6 billion, up 58%, while also warning that ca-
pacity additions and competition could create price
pressure after 2026 [18].
Micron’s fiscal Q3 revenue rose from $9.3 billion to
$41.5 billion year over year. Gross margin reached
84.6% and operating margin 80.4%, with manage-
ment introducing multiyear customer agreements
intended to make results more predictable [10].
Those margins should not be treated as normal
through-cycle economics: Micron itself is investing
at record levels in technology, products and supply,
while the broader memory outlook acknowledges
the possibility of future price correction [10,18].
Positioning: HBM is currently a bottleneck and
may remain more differentiated than conventional
memory. Nevertheless, the very low forward mul-
tiples reflect valid concerns about peak pricing,
heavy capital expenditure and eventual supply re-
sponse.

3. Foundry manufacturing and advanced pack-
aging

Leading public exposure: TSMC.
AI accelerators require leading-edge logic and ad-
vanced packaging to connect compute dies with
HBM. TSMC’s role in both advanced process nodes
and packaging makes it more than a conventional
wafer foundry.
TSMC reported Q2 revenue of $40.2 billion, a
67.7% gross margin and a 60.3% operating mar-
gin [2]. Management characterized AI demand
as “extremely robust,” raised expected 2026 rev-
enue growth to slightly above 40%, and increased
planned capital expenditure to $60–64 billion. Ap-
proximately 70–80% is allocated to advanced pro-
cesses and 10–20% to packaging, testing and re-
lated capacity [15].
The company screens at approximately 18x for-
ward earnings despite growth and margins compa-
rable with the highest-quality semiconductor com-
panies in the market-data set. The valuation also
reflects material risks: overseas expansion is ex-
pected to dilute margins, the N2 ramp will carry
startup costs, and a large share of current produc-
tion remains geographically concentrated.
Positioning: TSMC is arguably the best risk-
adjusted tollbooth in the chain. Its foundry

model provides exposure to demand from cloud
providers, accelerator customers and CPU suppli-
ers without relying on a single chip architecture.
Geographic concentration is the dominant risk.

4. Wafer-fabrication and process-control equip-
ment

Selected public companies: ASML, Applied Mate-
rials, Lam Research, KLA.
More AI silicon eventually requires additional
lithography, deposition, etch, inspection and
metrology capacity. Equipment suppliers partici-
pate with a lag: end demand first raises utilization
at foundries and memory manufacturers, which
then place additional tool orders.
ASML reported €32.7 billion of 2025 sales, a 52.8%
gross margin and a €38.8 billion year-end back-
log. Q4 bookings included €7.4 billion of EUV or-
ders. Management said stronger customer confi-
dence in sustained AI demand had materially in-
creased medium-term capacity plans and order in-
take [3].
The market-data screen shows operating margins
of 35% at Lam and 41% at KLA, versus 37% at
ASML. Their valuations of roughly 27–37x forward
earnings reflect strong current returns and expec-
tations that AI-related semiconductor investment
will remain elevated.
Positioning: This is one of the more durable lay-
ers because advanced tools are technically com-
plex and serve long-lived customer manufacturing
programs. The trade-off is semiconductor-capital-
equipment cyclicality and premium valuations.

5. Boards, servers, racks and systems integra-
tion

Selected public companies: Dell, Super Micro
Computer, HPE.
These companies turn accelerators, CPUs, memory,
network cards, power supplies and cooling com-
ponents into deployable systems. AI servers gen-
erate exceptional revenue growth because accelera-
tor content per server is extremely high, but much
of that revenue is pass-through component value.
Dell shipped more than $25 billion of AI-optimized
servers in FY26, booked more than $64 billion of or-
ders and entered FY27 with a $43 billion backlog.
Its Infrastructure Solutions Group revenue grew
40%, but operating margin declined from 12.8% to
11.7%, demonstrating that volume does not auto-
matically produce scarcity-level profitability [12].
Super Micro’s market-data profile shows an 8%
gross margin, a 6% operating margin and approx-
imately 5x net debt/EBITDA. Dell’s broader re-
ported portfolio, larger cash generation and lower
net leverage in the comparative screen provide a
more balanced profile, although its margins remain
far below those of semiconductor and networking
suppliers.
Positioning: Strong demand exposure but weak
structural economics. Buyers have alternatives,
component suppliers capture much of the value,
and working-capital requirements rise sharply dur-
ing rapid growth. This is primarily a volume trade
rather than a durable profit pool.

6. Ethernet switching, interconnect and optical
components

Selected public companies: Arista Networks,
Broadcom, Marvell, Cisco, Coherent, Lumentum.
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Large clusters require both:

• Scale-up networking between accelerators
within a rack or tightly coupled system.

• Scale-out networking connecting many
racks into a larger training or inference
fabric.

Arista’s announced 1.6-terabit portfolio is designed
for rack-scale AI infrastructure and clusters ex-
panding from thousands to hundreds of thousands
of accelerators, including air-, liquid- and hybrid-
cooled systems. The products use Broadcom Tom-
ahawk 6 switching silicon, illustrating how several
companies can participate in the same network de-
ployment [17]. Arista’s approximately 64% gross
margin, 43% operating margin and net-cash bal-
ance sheet distinguish it from lower-margin com-
ponent suppliers.
NVIDIA’s own networking revenue grew 199%
to $14.8 billion, substantially faster than its 77%
growth in Data Center compute revenue during
the same quarter [1]. Coherent supplies optical
products used in data-center communications; its
fiscal Q3 revenue grew 21%, gross margin reached
37.7%, and management said it was expanding ca-
pacity in response to AI-data-center demand [13].
Positioning: Arista combines attractive economics
with a differentiated network operating stack, but
trades near 37x forward earnings. Optical suppli-
ers offer higher operating leverage but face rapid
product transitions, customer concentration and
changing interconnect architectures.

7. Electrical equipment and thermal manage-
ment

Leading public companies: Vertiv, Eaton.
GPU density turns power conversion and heat re-
moval into binding constraints. The equipment set
includes switchgear, uninterruptible power sup-
plies, power distribution and cooling systems.
Vertiv is the higher-purity listed exposure in this
comparison. Q1 sales grew 30%, with Americas or-
ganic growth of 44% on data-center demand. Ad-
justed operating margin rose 430 basis points to
20.8%, while full-year organic growth guidance in-
creased to 29–31%. Net leverage was only about
0.2x [4].
Eaton supplies power and energy management,
backup power, software, safety, design and project-
management services to data-center operators. The
company explicitly identifies dense GPU clusters
as creating new electrical, thermal and operational
stress [16]. Its 24x forward multiple is less demand-
ing than Vertiv’s 29x, though its overall business is
less concentrated on data centers.
Positioning: This is one of the most attrac-
tive second-order layers. Reliability requirements,
manufacturing lead times and the need to redesign
facilities for higher rack density support demand.
Unlike a bet on one accelerator architecture, much
of this spending remains necessary across compet-
ing compute platforms. The principal risk is that
high valuations already discount several years of
exceptional growth.

8. Data-center construction and grid intercon-
nection

Selected public companies: Quanta Services, EM-
COR, Comfort Systems USA.

These businesses provide exposure to transmis-
sion, substations, electrical work, mechanical sys-
tems and other large-load infrastructure. They ben-
efit from the overlap among data-center construc-
tion, utility load growth and generation invest-
ment.
Quanta reported Q1 revenue of $7.87 billion, up
26%, and record total backlog of $48.5 billion. Man-
agement cited converging utility, generation and
large-load markets as the demand driver and iden-
tified data centers among potential future project
areas [5].
The market-data snapshot shows higher operating
margins at EMCOR and Comfort Systems than at
Quanta: approximately 9% and 8%, respectively,
versus 4%. Quanta’s roughly 35x forward multi-
ple is high for its current operating margin, while
EMCOR screens at approximately 21x.
Positioning: Backlogs provide visibility, but this
remains a labor- and execution-intensive layer.
Fixed-price contracts, skilled-labor shortages, per-
mitting and project delays can erode the apparent
backlog advantage.

9. Electricity generation and generation equip-
ment

Selected public companies: Constellation Energy,
Vistra, NextEra Energy, GE Vernova, Caterpillar,
Cummins.
Data centers need continuous, high-quality power.
The IEA expects electricity generation serving data
centers to exceed 1,000 TWh by 2030. Natural gas
and coal are expected to meet more than 40% of in-
cremental demand through 2030, despite substan-
tial renewable additions; nuclear becomes more im-
portant after 2030 [14].
Public-market exposure can therefore be sought
through three broad groups:

• Electricity producers: Constellation, Vistra
and NextEra.

• Generation and grid equipment: GE Ver-
nova.

• Backup and distributed-generation equip-
ment: Caterpillar and Cummins.

Constellation and Vistra screen at approximately
19x and 14x forward earnings, respectively—below
many equipment beneficiaries. Their financial ex-
posure, however, depends on regional power mar-
kets, contract structures, operating performance
and regulation. GE Vernova offers more direct
equipment exposure but trades around 37x for-
ward earnings despite an 8% operating margin.
Positioning: This may offer some of the best valua-
tion asymmetry in the physical chain, but it is not a
clean or uniform exposure. Local transmission con-
straints mean national electricity growth will not
translate evenly into company profits, and regula-
tors can materially influence who pays for intercon-
nection and generation investment.

10. Data-center landlords and interconnection
platforms

Selected public companies: Equinix, Digital Re-
alty, Iron Mountain.
These businesses monetize power-secured land,
buildings and network interconnection. Equinix
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reported 10% Q1 revenue growth, a 51% adjusted
EBITDA margin and 12% AFFO growth. Approxi-
mately 60% of its largest deals were AI-related [7].
However, Equinix and Digital Realty both trade
near 29x EV/EBITDA and carry net debt around 5–
6x EBITDA. They must continue investing heavily
to deliver capacity: Equinix expects roughly $4.1
billion of 2026 capital expenditure [7].
Positioning: Demand is real, but economics de-
pend on the spread between development returns
and the cost of capital. Rising rates, power procure-
ment, construction delays and customer concen-
tration make this a less attractive expression than
supplying scarce equipment to multiple develop-
ers and operators.

Where the exposure is most attractive

1. Best combination of durability and valuation:
TSMC

TSMC combines 60% operating margins, above-
40% expected 2026 revenue growth and an ap-
proximately 18x forward P/E. Its broad foundry
and advanced-packaging role reduces dependence
on which accelerator architecture ultimately gains
share. Overseas expansion costs and geographic
concentration prevent this from being a low-risk in-
vestment, but the operating franchise is unusually
durable.

2. Highest-quality technology and ecosystem
assets: ASML, NVIDIA and Broadcom

• ASML’s EUV role, €38.8 billion backlog and
installed-base business provide exposure to
multiple chipmakers rather than a single end
product [3].

• NVIDIA has the best current economics and
the most integrated reported data-center plat-
form in the group [1].

• Broadcom provides exposure to custom
accelerators and the networking required
around them [11].

Their central risk is that a handful of large cus-
tomers possess substantial buyer power and are ac-
tively funding alternatives.

3. Best physical-infrastructure beneficiaries:
Eaton and Vertiv

Power and cooling requirements increase with rack
density across competing accelerator architectures.
Eaton offers broader diversification and a lower
multiple; Vertiv offers higher purity, faster growth
and greater operational leverage. Neither is now
undiscovered, making entry valuation important.

4. Best networking asset: Arista
Arista’s operating margin, balance sheet and AI-
focused product roadmap are exceptional. Its an-
nounced 1.6T systems address both scale-up and
scale-out AI fabrics [17]. The limitation is a roughly
37x forward valuation and dependence on a con-
centrated set of large cloud and technology cus-
tomers.

5. Attractive but higher-risk value: Vistra and
Constellation

These companies provide electricity-generation ex-
posure at less demanding multiples than many AI-

equipment beneficiaries. The exposure is never-
theless indirect and heavily influenced by regu-
lation, local power prices, operating performance
and transmission availability.

6. Tactical rather than durable: Micron, Coher-
ent, Lumentum, Dell and Super Micro

These companies can produce the strongest earn-
ings surprises during scarcity. They also face the
greatest risk of margin normalization:

• Memory supply eventually responds.

• Optical standards and architectures change
quickly.

• Server assemblers retain relatively little of the
accelerator’s economics.

• Working capital and customer concentration
magnify downside during pauses.

7. Least compelling at current structure: data-
center REITs

Equinix and Digital Realty have valuable power-
secured portfolios, but high leverage, elevated
EV/EBITDA multiples and continuing capital re-
quirements limit upside relative to suppliers that
can sell equipment into multiple new projects.

Key risks

1. Hyperscaler return-on-capital failure. A
spending pause would propagate through
servers, optics, semiconductors, equipment
and construction, although timing would dif-
fer by backlog and contract structure. Rising
debt and negative free cash flow show that
investor tolerance is not unlimited [9].

2. Efficiency and substitution. Better mod-
els, inference optimization, lower-precision
computation and custom ASICs could reduce
GPU requirements per unit of AI output.
Broadcom may benefit from custom silicon,
but merchant accelerator vendors would face
pressure.

3. Customer concentration. A small number
of cloud companies have bargaining power
over nearly every layer, particularly custom
chips, optics, servers and real estate. Broad-
com identified six core custom-chip cus-
tomers as drivers of AI growth [11].

4. Capacity overshoot. HBM, optical compo-
nents and server assembly are most vulnera-
ble if suppliers extrapolate current shortages
into permanent demand. SK Hynix’s market
outlook specifically identifies possible HBM
price correction after 2026 as competition and
capacity increase [18].

5. Geopolitics and export controls. The chain
remains heavily dependent on TSMC’s man-
ufacturing footprint. China restrictions can
also remove accelerator revenue directly:
NVIDIA’s Q2 outlook assumed no Data Cen-
ter compute revenue from China [1].
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6. Power bottlenecks and regulation. Trans-
mission projects can take four to eight years,
and grid constraints may delay data centers
even when server demand remains strong [6].
Regulators can also determine how intercon-
nection and generation costs are distributed.

7. Technology transitions. HBM4, N2, 1.6T Eth-
ernet and liquid cooling require coordinated
execution across multiple suppliers. The rel-
evant company sources describe continuing
ramps or future availability rather than fully
completed transitions [15,17,18].

8. Valuation compression. Vertiv, Arista,
Quanta and GE Vernova already trade at
growth-stock multiples. Even successful
earnings delivery may not protect them if the
market lowers terminal-growth assumptions.

Bottom line
The AI infrastructure boom is not one trade but a
hierarchy of profit pools. Economic value is cur-
rently highest where there is proprietary technol-
ogy plus scarce capacity—accelerators, advanced
foundry and packaging, lithography and high-
performance networking. The next most durable
opportunity is in power distribution and cooling,
where demand is less dependent on which com-
pute architecture wins.
The preferred risk-adjusted exposures are there-
fore TSMC first; ASML, NVIDIA and Broadcom
for technology scarcity; Eaton and Vertiv for the
physical bottleneck; and Arista for network scal-
ing. Vistra and Constellation offer cheaper but
more policy-sensitive exposure. Memory, optics
and server assemblers are better treated as cycli-
cal beneficiaries, while data-center REITs currently
offer the least favorable combination of valuation,
leverage and capital intensity.
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H.2 Valuation Compute Seam

Microsoft (MSFT): DCF, WACC & Sensi-
tivity

I. RESEARCH QUESTION

Build an auditable five-year unlevered DCF for Mi-
crosoft (MSFT) from its latest fiscal-year results. Fore-
cast revenue, EBIT margin, taxes, D&A, capex, and
changes in working capital using clearly stated assump-
tions; derive WACC from current market inputs, a peer-
based beta, prevailing Treasury yields, and an explicit
equity-risk premium; use a 2.5% perpetual-growth rate;
bridge enterprise value to equity value and intrinsic
value per diluted share. Include a sensitivity table span-
ning WACC ±2 percentage points and terminal growth
from 1.5% to 3.5%. Compare the result with the current
market price without making an investment recommen-
dation.

II. CITED REPORT

Microsoft five-year unlevered DCF: $233 per diluted
share

Using Microsoft’s FY2025 results as the operating
base, a five-year unlevered DCF produces:

• Enterprise value: $1.674 trillion

• Equity value: $1.741 trillion

• Intrinsic value: $233.19 per diluted share

• Current market price: $381.70

• DCF-to-market difference: 38.9% below the
current price

This is a valuation result, not an investment recom-
mendation. The model’s largest judgment calls are
the 11.60% peer-beta-based WACC and the pace at
which elevated AI infrastructure spending normal-
izes.

1. FY2025 operating base
Microsoft’s fiscal year ended June 30, 2025. Rev-
enue was $281.724 billion and operating income—
used here as EBIT—was $128.528 billion, produc-
ing a 45.62% EBIT margin. The reported income-
tax provision was $21.795 billion on $123.627 bil-
lion of pretax income, an effective rate of 17.63%.[2]

FY2025 anchor Amount

Revenue $281.724B
EBIT $128.528B
EBIT margin 45.62%
Reported income-tax provision $21.795B
Effective tax rate 17.63%
D&A and other $34.153B
Capital expenditures $64.551B
Operating cash flow $136.162B
Reported OCF less capex $71.611B

D&A increased from $22.287 billion in FY2024
to $34.153 billion in FY2025, while capital expen-
ditures increased from $44.477 billion to $64.551
billion.[3] Those increases—53.2% and 45.1%,

respectively—support modeling a period in which
depreciation catches up with the recent infrastruc-
ture build and capex gradually normalizes.

Working-capital baseline
The FY2025 cash-flow statement reported the fol-
lowing operating-asset and liability changes:[3]

• Accounts receivable: $(10.581)B

• Inventories: +$0.309B

• Other current assets: $(3.044)B

• Accounts payable: +$0.569B

• Unearned revenue: +$5.438B

• Other current liabilities: +$5.922B

The net cash effect was a $1.387 billion outflow,
equivalent to 3.79% of FY2025’s $36.602 billion rev-
enue increase. The forecast rounds this to a 4.0% in-
vestment for every dollar of incremental revenue.

2. Forecast assumptions
These are explicit analyst assumptions rather than
company guidance or consensus estimates.

Assumption FY26E FY27E FY28E FY29E FY30E

Revenue growth 14.0% 13.0% 12.0% 10.0% 8.0%
EBIT margin 45.7% 45.9% 46.1% 46.3% 46.5%
Tax rate on EBIT 18.0% 18.0% 18.0% 18.0% 18.0%
D&A as % of revenue 13.5% 14.5% 15.0% 15.2% 15.0%
Capex as % of revenue 22.0% 20.0% 18.0% 16.5% 15.0%
Change in NWC 4% of incremental revenue in every year

The revenue path represents an 11.38% five-year
CAGR, decelerating from FY2025’s 15% reported
growth. Microsoft reported Azure annual rev-
enue above $75 billion, up 34%, providing context
for maintaining double-digit consolidated growth
through FY2028E.[2]
The EBIT-margin assumption provides only mod-
est expansion—45.62% to 46.5%—because scale
and product mix benefits are assumed to be partly
offset by rising depreciation from the infrastruc-
ture build. Capex remains above D&A through
FY2029E and converges with D&A in FY2030E.

3. Five-year unlevered free-cash-flow forecast
Formula:

UFCF = EBIT×(1−tax rate)+D&A−capex−∆NWC

Amounts are in billions of dollars.

FY26E FY27E FY28E FY29E FY30E

Revenue $321.165 $362.917 $406.467 $447.114 $482.883
EBIT 146.773 166.579 187.381 207.014 224.540
Taxes on EBIT (26.419) (29.984) (33.729) (37.263) (40.417)
NOPAT 120.354 136.595 153.653 169.751 184.123
D&A 43.357 52.623 60.970 67.961 72.432
Capex (70.656) (72.583) (73.164) (73.774) (72.432)
Change in NWC (1.578) (1.670) (1.742) (1.626) (1.431)
Unlevered FCF $91.477 $114.964 $139.717 $162.313 $182.692

The DCF calculation uses the displayed unrounded
FCF schedule.

4. WACC derivation

Peer-based beta
The model uses the equal-weighted mean of cur-
rent observed equity betas for five large cloud,
enterprise-software and platform peers:
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Peer Equity beta

Alphabet 1.25
Amazon 1.46
Oracle 1.71
Salesforce 1.18
Adobe 1.43
Equal-weighted mean 1.406

This is an observed peer-equity-beta approach; the
individual betas are not unlevered and relevered.

Cost of capital

Input Value Basis

Risk-free rate 4.68% Current 10-year Treasury yield
Equity-risk premium 5.00% Explicit model assumption
Peer beta 1.406 Equal-weighted peer mean
Cost of equity 11.71% 4.68% + 1.406 × 5.00%
Pretax cost of debt 5.18% Treasury yield plus assumed 0.50% spread
Tax rate 17.63% FY2025 effective tax rate
After-tax debt cost 4.27% 5.18% × (1 − 17.63%)
Debt/equity 1.519% $43.151B debt ÷ $2.840T market capitalization
Equity weight 98.50% Market-value weight
Debt weight 1.50% Market-value weight
WACC 11.5986% Rounded to 11.60%

Microsoft’s FY2025 debt consisted of $2.999 billion
of current long-term debt and $40.152 billion of
long-term debt; short-term debt was zero.[4]

5. Terminal value and enterprise-to-equity
bridge

The terminal value uses a 2.5% perpetual-growth
rate:

Terminal value2030 =
$182.692B × 1.025

11.5986%− 2.5%
= $2.058T

Valuation component Amount

PV of five explicit FCFs $484.990B
PV of terminal value 1,188.980B
Enterprise value $1,673.970B
Add: cash and short-term investments 94.565B
Add: equity and other investments 15.405B
Less: debt (43.151B)
Equity value $1,740.789B
Diluted shares 7.465B
Intrinsic value per diluted share $233.19

Microsoft reported $30.242 billion of cash, $64.323
billion of short-term investments and $43.151 bil-
lion of total debt at June 30, 2025.[4] Equity and
other investments were $15.405 billion.[2] The valu-
ation uses FY2025 weighted-average diluted shares
of 7.465 billion rather than the 7.434 billion period-
end basic share count.[5]
The terminal value represents 71.03% of enterprise
value, making the result materially sensitive to
WACC and perpetual growth.

6. Sensitivity analysis
Intrinsic value per diluted share:

WACC \ Terminal growth 1.5% 2.0% 2.5% 3.0% 3.5%

9.6% $272 $285 $301 $319 $340
10.6% $241 $251 $263 $276 $291
11.6% $216 $224 $233 $243 $255
12.6% $196 $202 $209 $217 $226
13.6% $179 $184 $190 $196 $203

The requested sensitivity range is $179–$340 per
share. Even the highest value in the grid—9.6%
WACC and 3.5% perpetual growth—is 10.9% be-
low the current $381.70 market price.

Bottom line
The base model values Microsoft at $233.19 per di-
luted share, versus a current price of $381.70. The
difference indicates that the market price reflects
some combination of faster or more durable cash-
flow growth, a lower required return, greater mar-
gin expansion, or less reinvestment than assumed
here. No investment recommendation is made.
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