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Abstract
Access to authoritative financial data does not
ensure semantically correct answers: a lan-
guage model may retrieve a valid observation
associated with the wrong series, transforma-
tion, unit, or temporal interpretation. We intro-
duce FRED-SemBench, a 200-question bench-
mark candidate over independently selected
Federal Reserve Economic Data (FRED) con-
cepts that separates retrieval failures from se-
mantic data-access failures. We also instantiate
Iris, an ontology-backed semantic layer whose
versioned concept contracts bind user intent to
provider series, transformations, units, tempo-
ral semantics, provenance, and declared cover-
age. A controlled comparison of an unaided
model, FRED and Web access, and Iris reveals
a reliability trade-off: raw retrieval substan-
tially improves numerical answering while sup-
pressing abstention and reducing clarification
accuracy on underspecified queries. Within
its pre-declared support set, Iris preserves the
numerical benefit, restores clarification behav-
ior, and attains the strongest strict accuracy,
suggesting that this trade-off is not intrinsic to
data access. These pilot findings motivate eval-
uating macroeconomic data access jointly in
terms of semantic correctness, boundary behav-
ior, coverage, and operational cost.

1 Introduction

Consider the question “What was U.S. inflation
in May?” A model may select headline CPI
(CPIAUCSL) or an unadjusted series (CPIAUCNS),
and may report a monthly change, an annual
change, or an index level. Each result can come
from FRED and still answer a different ques-
tion (Federal Reserve Bank of St. Louis, 2026).
Macroeconomic question answering is therefore
not only a retrieval problem: the retrieved value
must satisfy the intended concept, transformation,
unit, and time semantics.

Financial QA benchmarks test numerical rea-
soning over reports and tables (Chen et al., 2021;

Zhu et al., 2021; Chen et al., 2022; Islam et al.,
2023). DBQR-QA adds database querying before
reasoning, while FinRetrieval compares structured
tools with Web retrieval (Nararatwong et al., 2024;
Kim and Huang, 2026). EconWebArena evaluates
agents on live, authoritative economic websites,
including FRED (Liu and Quan, 2025). FRED-
MD and FRED-QD instead benchmark forecasting
databases (McCracken and Ng, 2016, 2021). None
of these lines explicitly tests whether a retrieved
macroeconomic value satisfies the intended con-
cept, transformation, unit, and observation seman-
tics.

We treat this gap as both an evaluation problem
and a system-design problem. Our architectural
hypothesis is that reliable financial data access re-
quires an intermediate semantic layer that resolves
natural-language intent into an explicit, inspectable
contract before retrieving a value. The contract
makes series identity, transformation, unit, tempo-
ral semantics, and support boundaries first-class
rather than leaving them implicit in model reason-
ing. Figure 1 summarizes the benchmark construc-
tion and our coverage-aware evaluation protocol.

We ask two questions: RQ1: How much does
FRED and Web access improve macroeconomic
QA over an unaided language model? RQ2:
Within declared coverage, does a semantic layer
improve reliability beyond raw data access? Our
contributions are:

• FRED-SemBench, 200 questions over 50 con-
cepts, with six task types targeting retrieval
and semantic data-access failures, backed by
frozen provider evidence and deterministic an-
swer construction;

• a semantic-layer design, instantiated in Iris,
whose ontology uses versioned concept con-
tracts to bind intended meaning to provider
data and expose unsupported requests; and
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• a controlled comparison that separates gains
from raw retrieval and semantic resolution on
Iris’s pre-declared support set.

2 FRED-SemBench

2.1 Concept selection
We selected and froze 50 U.S. macroeconomic
concepts before measuring their overlap with
Iris. A documented rubric balances their use
in FRED-MD/FRED-QD, policy and public rel-
evance, source diversity, temporal coverage, and
potential for semantic confusion. Selecting the con-
cept universe first prevents the benchmark from
being defined by the system under evaluation.

2.2 Question and answer construction
For every concept, we downloaded one official
FRED CSV response on July 29, 2026 and stored
its request identity and SHA-256 digest. A deter-
ministic builder derived two facts per concept—a
level and a change—for 100 total facts. Gold values
therefore refer to these exact byte-frozen responses,
not to any later reconstruction of what a date-only
“July 29 vintage” contained. We then generated
four questions per concept and distributed the 200
cases across the six task types in Table 1. The de-
sign tests not only whether a value can be found,
but whether a system retrieves the intended value
or appropriately declines an underspecified request.
Whereas AmbigQA studies multiple plausible in-
terpretations in open-domain QA (Min et al., 2020),
our ambiguity cases target economic measures, se-
ries, and reporting conventions.

Each record contains its question, expected an-
swer, task type, primary and confounding concepts,
series identifiers, transformation, unit, observation
period, source, and snapshot provenance. Gold
records are excluded from all model-visible files.

2.3 Answer validation
An offline validator recomputed all 100 facts from
the frozen responses and verified every snapshot
hash and numeric derivation. Automated QA found
no exact normalized duplicates and flagged 15 near-
duplicate pairs for manual adjudication. FRED-
SemBench remains under construction because in-
dependent review of question wording, economic
usefulness, units, and source attribution is not yet
complete, reflecting broader concerns about bench-
mark validity (Bowman and Dahl, 2021). Its tem-
poral questions use the July 29 snapshot rather than

Task n Primary failure tested

Direct retrieval 40 Missing or invented value
Series
disambiguation 40 Wrong concept or series
Transform/unit 40 Level/change/unit mismatch
Snapshot
temporal 40 Wrong period or snapshot
Cross-series 20 Invalid comparison/composition
Ambiguous/
unsupported 20 Answering when clarification is

required

Total 200

Table 1: Task allocation in FRED-SemBench.

reconstructed ALFRED vintages. Because data
revisions change the information available at a his-
torical date (Croushore and Stark, 2001), we call
these snapshot-aware, not historical-vintage, ques-
tions. A later FRED real-time-period query can
differ from the archived response because of revi-
sions or observations posted after the within-day
download.

3 Iris Semantic Layer and Ontology

Iris places a curated ontology between an agent and
its data providers. Its central object is a macroeco-
nomic concept contract, not a FRED series iden-
tifier. A contract specifies geography, indicator
family, measure, unit, frequency, transformation,
source, release semantics, temporal defaults, confi-
dence, status, and supported operations. This fol-
lows the use of ontologies as explicit specifications
of shared conceptualizations (Gruber, 1993). The
separation between a conceptual vocabulary and
provider mappings parallels ontology-based data
access (Poggi et al., 2008; Xiao et al., 2018) and
virtual knowledge graph systems such as Ontop
(Xiao et al., 2020). Iris adopts this design principle
but is not a general-purpose OBDA reasoner. Fig-
ure 2 summarizes how the contracts are constructed
and organized in the FRED setting.

Contract construction reconciles official indica-
tor definitions and release documentation, FRED
series metadata, and task-language aliases. Curated
entries are schema-validated before entering a ver-
sioned registry, so provider availability remains
distinct from an explicit claim of semantic support.

At evaluation time, the registry contained 20 sup-
ported concepts and two candidate concepts, includ-
ing headline and core CPI variants, unemployment,
payrolls, initial claims, real GDP growth, retail
sales, housing starts, Treasury yields, and PPI. Dif-
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(a) Semantic ambiguity

"What was U.S. inflation in May?"

CPIAUCSL

units=pc1
Year-over-year

Seasonally adjusted

CPIAUCSL

units=pch
Month-over-month
Seasonally adjusted

CPIAUCNS

units=pc1
Year-over-year
Not seasonally

adjusted

All three values can be retrieved from FRED.
Only one may match the intended contract.

(b) Benchmark construction

50 concepts
Independent selection rubric

Frozen before
Iris matching

100 facts
Level + change

2 facts
per concept

200 questions
Six semantic task types

4 questions
per concept

Frozen FRED snapshots + deterministic validator
Recomputable answers and verified provenance

(c) Coverage-aware evaluation

200 questions / 50 concepts
Complete benchmark candidate

concept overlap

48 questions / 12 concepts
Frozen blind evaluation set

execution preflight

22 supported
Primary accuracy slice

26 out-of-scope
Boundary analysis

LLM only
4/22

FRED + Web
13/22

Iris
17/22

Figure 1: FRED-SemBench construction and evaluation. (a) Requests may denote different series or transformations.
(b) The benchmark contains 200 questions over 50 concepts. (c) Twelve concept overlaps yield 48 cases; exact-
contract preflight retains 22 and excludes 26 from supported-slice accuracy.

Official definitions
BLS · BEA · releases

FRED metadata
series · unit · frequency

Task language
aliases · intended measure

Manual curation + schema validation

Versioned ontology registry

MacroConcept
stable concept_id

Semantic identity
domain · geography · family

measure · aliases

Measurement
unit · frequency

transform

Provider binding
official source · provider

series ID · role · transform

Governance & scope
status · confidence · coverage
vintage · version · verification

Representative contracts

US_CPI_HEADLINE_MOM

inflation · CPI · headline

CPIAUCSL
percent_change_mom

US_CPI_HEADLINE_YOY

inflation · CPI · headline

CPIAUCNS
percent_change_yoy

US_UNEMPLOYMENT_RATE

labor · employment · rate

UNRATE
level

The registry contains additional concepts; three are shown for clarity.

Figure 2: Iris ontology used in the FRED experiment.
Schema-validated concept contracts connect semantic
identity and measurement to provider bindings, prove-
nance, and coverage; three representative contracts are
shown.

ferent contracts can bind the same underlying index
to different transformations. For example, month-
over-month and year-over-year headline CPI map
to transformation-specific provider requests. Iris re-
turns provenance, coverage, confidence, and warn-
ings with the value.

The read-only interface supports concept discov-
ery, contract inspection, value retrieval, semantic
resolution, and audit. Provider metadata remains
separate from curated meaning: catalog availabil-
ity does not imply semantic support. Candidate or
unsupported requests can therefore be exposed as
coverage boundaries rather than coerced into the
nearest series.

4 Experimental Setup

Evaluation slices. Twelve of the 50 frozen bench-
mark concepts overlapped with Iris at the concept
level. Their four questions each form a 48-question
blind set, but concept overlap does not imply ex-
ecutable support. Before inference, a preflight re-
quired exact agreement on concept, provider series,
transformation, output unit, and every cross-series
input. Twenty-two cases passed (18 numeric and
four clarification cases) and constitute the primary
accuracy slice; Table 2 shows their concept-level
distribution. Thus, 17/22 estimates reliability con-
ditional on exact declared support, not end-to-end
macroeconomic QA performance. The other 26
overlap cases are excluded from supported-slice
accuracy and characterized separately below.

Conditions. We compare three configura-
tions of the same subscription-backed model
(gpt-5.6-sol, medium reasoning, one run per
question):

1. LLM only: no network, Web search, files, or
tools;

2. FRED+Web: live Web search plus a read-
only wrapper around official FRED GET end-
points; and

3. Iris: only the read-only Iris semantic inter-
face, with direct FRED, Web, and shell access
disabled.

Each case starts in a fresh thread and temporary
runtime without skills, plugins, project instructions,
conversation history, or gold fields. The first two
conditions completed 48/48 responses. Iris com-
pleted 47 directly; one tool-contract violation suc-
ceeded on retry and remains visible in the stored
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Benchmark concept In/4 Exclusion flags Benchmark concept In/4 Exclusion flags

Headline CPI 2 series, transform Industrial production 1 series, task, transform
Core CPI 1 cross-input, series, transform 3-month Treasury yield 3 task
Core PCE 2 transform Credit-card delinquency 3 task
PPI final demand 2 series, transform Housing starts 1 transform
Unemployment rate 2 cross-input, task, transform Advance retail sales 2 transform
Initial claims 2 series, transform Durable-goods orders 1 transform

Table 2: Concept-level exact-contract coverage. Each overlapping concept has four cases; “In” counts preflight-
confirmed cases. Exclusion flags can co-occur. Cross-input denotes an uncovered secondary concept in a composed
question.

trace. Both provider-backed conditions ran on July
31, 2026. They could request FRED real-time-
period semantics through their interfaces, but nei-
ther received the benchmark’s archived CSV files.

Scoring. The deterministic scorer requires the
expected number at the declared precision, compat-
ible units, and any required clarification. Correct
tool use alone receives no credit. Equivalent con-
versions and paraphrases have not yet been fully
adjudicated, so strict scores are conservative. We
report no significance test for this single-run pi-
lot. Scoring uses the byte-frozen gold, not the
value returned by a live provider at evaluation time.
This distinction affected one of the three supported
snapshot-temporal cases: both provider-backed re-
sponses reported 3.90% for July 28 from a July
29 real-time-period query, whereas the archived
July 29 CSV ended at July 27 with 3.96%. The
shared mismatch does not explain the four-answer
Iris–FRED+Web gap, but absolute scores partly
measure reproduction of the archived response as
well as semantic selection.

5 Results

RQ1: Data access supplies values and removes
caution. FRED+Web increases strict accuracy
from 4/22 to 13/22 (Table 3), and the gain is en-
tirely numeric: the unaided model answers 0/18
numeric questions correctly, compared with 11/18
with retrieval. The same change also degrades be-
havior at the boundary. Safe numeric abstention
falls from seven to zero, and clarification accuracy
falls from 4/4 to 2/4. The unaided model is not
better informed about what it cannot answer, but
it does report that it cannot answer; with retrieval
it stops. Access therefore converts an unanswered
question into a confidently answered one, including
when the question was underspecified.

RQ2: The trade-off is not intrinsic. Iris
reaches 17/22 strict accuracy, four answers above

Metric LLM FRED+Web Iris

Strict correct 4/22 13/22 17/22
Numeric correct 0/18 11/18 13/18
Clarification correct 4/4 2/4 4/4
Safe numeric abstention 7 0 0

Table 3: Primary results conditional on preflight-
confirmed Iris support.

FRED+Web. Numeric accuracy rises from 11/18
to 13/18, and clarification accuracy returns from
2/4 to 4/4. Three quantities move in the same di-
rection, and we read that pattern, rather than the
size of any single difference, as the result: with 22
questions, one model and one run, a four-answer
gap in strict accuracy is not on its own strong evi-
dence, whereas recovering boundary behavior from
2/4 to 4/4 without regressing numerically is what
supports the claim. Conditional on exact declared
support, explicit semantic contracts improve both
value selection and boundary behavior beyond raw
retrieval; this comparison does not establish system-
wide superiority.

6 Discussion

Retrieval is necessary but not sufficient. The
largest improvement comes from making external
data available, but raw retrieval can turn uncertainty
into a confidently answered semantic mismatch.
Iris’s smaller additional gain matters because it
constrains what a retrieved number means. The
design implication is not to replace databases or
LLMs, but to mediate between them: the ontology
defines the intended concept, the provider binding
retrieves it, and the coverage contract determines
when the system should proceed or expose a bound-
ary. Our evidence supports this approach within
Iris’s declared scope; broader claims require wider
ontology coverage and additional models.

Coverage and accuracy measure different prop-
erties. On all 48 concept-overlap questions, strict
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scores are 4/48, 28/48, and 25/48 for LLM-only,
FRED+Web, and Iris, respectively. This reversal
is expected and informative: 26 cases are outside
the frozen Iris execution contract. Raw tools cover
more questions, whereas Iris is more accurate on
the 22 it claims to support. Reporting only 17/22
would hide limited coverage; reporting only 25/48
would hide the semantic layer’s in-scope behavior.
Both quantities are required for a fair comparison.

Excluded cases expose heterogeneous bound-
aries. Table 4 replaces a single out-of-scope
score with the reasons and observed behavior be-
hind it. Transform mismatch dominates, often to-
gether with a different provider series; four tasks
are inapplicable and two composed questions re-
quire an uncovered secondary concept. Iris nev-
ertheless produces eight strict numeric matches,
which can arise from valid composition beyond
the frozen exact contract, and safely abstains five
times. The remaining 13 responses are neither strict
matches nor safe abstentions under the determinis-
tic scorer. Because these numeric questions have
no pre-registered label declaring refusal correct,
this is a boundary characterization, not boundary
accuracy: a correct answer does not expand de-
clared coverage, and a refusal is not automatically
credited.

Reliability has a cost. The intervention is not
free. Across 48 questions, FRED+Web used 149
tool calls and approximately 37 model-minutes,
whereas Iris used 230 calls and 130 model-minutes;
LLM-only used no tools and 18 model-minutes.
Iris’s present CLI composition trades latency and
interaction cost for in-scope reliability. Reducing
redundant contract discovery is therefore a practical
priority.

7 Conclusion

FRED-SemBench evaluates whether a macroeco-
nomic answer has the intended concept, series,
transformation, unit, and time contract. Raw FRED
and Web access resolves the main retrieval bottle-
neck; within its declared coverage, Iris adds four
strict answers and restores correct clarification be-
havior. This pilot suggests that reliable financial
data access should place an explicit semantic layer
and ontology between language models and data
providers, while evaluations report semantic cor-
rectness, coverage, and cost together.

Preflight flag or observed outcome n

Transform mismatch 21
Series mismatch 9
Task not applicable 4
Uncovered cross-series input 2

Strict numeric match 8
Safe numeric abstention 5
Other non-matching/pending response 13

Table 4: Characterization of the 26 overlap cases ex-
cluded by exact-contract preflight. Flag counts are
unique cases and can co-occur; observed outcomes are
mutually exclusive and sum to 26.

Limitations

The primary slice contains 22 questions, one model,
and one run, so these results are indicative rather
than conclusive, and the comparison is confined to
the overlap between the frozen concept universe
and Iris. Strict scores await independent semantic
adjudication, and the full 200-question set still re-
quires domain and licensing review. Because the
retrieval conditions did not receive the byte-frozen
CSVs, snapshot availability and later revisions can-
not be fully separated from semantic error in the
absolute scores.

Data and Code Availability

The questions, prompts, outputs, credential-
free traces, hashes, and scoring code are
publicly available in the versioned GitHub
artifact at https://github.com/wjh19990923/
fred-sembench/releases/tag/v1.0.0-paper.
The structured dataset is available on Hugging
Face at https://huggingface.co/datasets/
wangjinh/FRED-SemBench.
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