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ABSTRACT

The FinMR benchmark evaluates mathematical reasoning over XBRL financial
filings, yet state-of-the-art large language models achieve less than 14% accuracy
on this task. We hypothesize that FinMR primarily tests XBRL tooling capabili-
ties rather than mathematical reasoning. To investigate this, we develop an Arelle-
based symbolic baseline that reconstructs executable XBRL packages from bench-
mark queries and computes answers using standards-compliant XBRL semantics.
Our approach achieves 42.17% accuracy on the full benchmark, outperforming
the best published LLM (Fin-o1 at 13.86%) by 28.3 percentage points. On the
executable subset, accuracy rises to 71.79% with zero structural errors. We also
conduct an executability audit revealing that only 58.73% of FinMR instances
can be executed with current packaging, with 64% of failures caused by missing
external taxonomy dependencies. These findings demonstrate that symbolic ex-
ecution dramatically outperforms neural approaches on FinMR and suggest that
the benchmark’s difficulty stems largely from incomplete XBRL artifacts rather
than inherent reasoning complexity.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Large language models have demonstrated remarkable capabilities across diverse reasoning tasks,
yet their performance on financial numerical reasoning remains surprisingly limited. The FinMR
benchmark (Wang et al., 2025b), part of the FINAUDITING suite, evaluates mathematical reason-
ing over XBRL (eXtensible Business Reporting Language) filings—the standardized format used for
regulatory financial disclosures worldwide. Despite the apparent simplicity of extracting and com-
puting values from structured financial documents, state-of-the-art LLMs including Fin-o1 (Qian
et al., 2025), DeepSeek-V3 (DeepSeek-AI, 2024), Qwen2 (Yang et al., 2024), and Llama-3 (Dubey
et al., 2024) achieve less than 14% accuracy on this task.

We hypothesize that FinMR does not primarily test mathematical reasoning ability, but rather the
capacity to execute XBRL-specific tooling. The benchmark queries contain structured XBRL doc-
uments with explicit semantic relationships encoded in linkbases—calculation hierarchies, dimen-
sional aggregations, and concept definitions. Answering these queries correctly requires parsing
XML structures, resolving cross-document references, and executing domain-specific validation
logic. These are precisely the operations that symbolic XBRL processors like Arelle are designed to
perform.

To test this hypothesis, we develop an Arelle-based symbolic baseline that reconstructs executable
XBRL packages from FinMR queries and computes answers using standards-compliant XBRL se-
mantics. Our approach achieves 42.17% accuracy on the full benchmark, outperforming the best
published LLM result (Fin-o1 at 13.86%) by 28.3 percentage points. On the subset of instances
where XBRL execution succeeds, accuracy rises to 71.79% with zero structural errors. This 3–5×

1https://gitlab.com/fars-a/finauditing-arelle-symbolic-baseline
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Figure 1: Overview of the Arelle-based symbolic baseline pipeline for FinMR. The system recon-
structs XBRL packages from benchmark queries, executes DQC validation rules using the Arelle
engine, and extracts structured outputs for evaluation.

improvement over neural approaches demonstrates that symbolic execution dramatically outper-
forms LLMs on FinMR.

Our investigation also reveals significant executability issues in the benchmark itself. Only 58.73%
of FinMR instances can be executed with the current packaging, with 64% of failures caused by
missing external taxonomy dependencies. These findings suggest that FinMR’s difficulty stems
largely from incomplete XBRL artifacts rather than inherent reasoning complexity.

Our contributions are as follows:

• We develop an Arelle-based symbolic baseline for FinMR that achieves 42.17% accuracy
on the full benchmark and 71.79% on the executable subset, outperforming all published
LLM results by 3–5×.

• We conduct an executability audit revealing that only 58.73% of FinMR instances are exe-
cutable, with external taxonomy dependencies causing 64% of failures—issues recoverable
through taxonomy bundling.

• We provide evidence that FinMR primarily tests XBRL tooling capabilities rather than
mathematical reasoning, as symbolic execution with domain-specific tools dramatically
outperforms neural approaches.

2 METHOD

We present an Arelle-based symbolic baseline for the FinMR benchmark that reconstructs exe-
cutable XBRL packages from benchmark queries and computes answers using standards-compliant
XBRL semantics. Figure 1 provides an overview of our pipeline.

2.1 PROBLEM FORMULATION

The FinMR task (Wang et al., 2025b) evaluates numerical reasoning over XBRL filings. Each
instance contains a query derived from a DQC (Data Quality Committee) rule violation, comprising
six interconnected XML documents: an instance document containing financial facts, a schema
defining concept types, and four linkbases (presentation, calculation, definition, and label). Given
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this structured input, the task requires extracting a reported value v from the filing and computing
an expected value µ based on XBRL semantics, returning both in JSON format.

FinMR instances are derived from three DQC rule families, each testing different aspects of XBRL
validation. DQC 0015 (sign/negativity) checks whether reported values have appropriate signs—for
example, flagging negative values for concepts that should always be positive. DQC 0117 (dimen-
sional cross-check) validates that aggregated values across dimensional members equal the corre-
sponding default-context value. DQC 0126 (calculation consistency) verifies that parent concepts
equal the weighted sum of their children as defined in the calculation linkbase.

2.2 XBRL PACKAGE RECONSTRUCTION

A critical challenge in executing FinMR instances is that the benchmark queries contain XBRL
fragments rather than self-contained packages. We reconstruct executable packages through a multi-
step process.

First, we parse the query text to extract the six XBRL components, writing each to a canonical file-
name (e.g., instance.xml, schema.xsd, cal.xml). The key technical step is href rewrit-
ing: XBRL documents contain xlink:href attributes that reference other documents, often using
absolute URLs pointing to remote taxonomy servers. We rewrite these references to local filenames
when the referenced documents are included in the query, enabling offline execution.

We also inject missing linkbaseRef entries into the schema when linkbase documents are present
but not properly referenced. This handles cases where the benchmark packaging omits schema-to-
linkbase connections. Finally, we repair truncated XML documents (a common artifact in FinMR,
where 185/332 instances have instance documents truncated at exactly 32,767 characters) by closing
open tags where possible.

An instance is classified as executable if Arelle can load it and build a valid Document Type Set
(DTS) without fatal resolution errors. Non-executable instances are assigned failure labels for our
executability audit.

2.3 DQC RULE EXECUTION

We execute DQC rules using the Arelle XBRL engine in offline mode with cached US-GAAP tax-
onomies (2021–2024). For each rule family, we implement the corresponding XBRL semantics:

DQC 0015 (Sign/Negativity): We locate the target concept fact matching the period and context
specified in the DQC message. The extracted value is the fact’s reported value, and the calculated
value is its absolute value: µ = |v|.
DQC 0117 (Dimensional Cross-Check): We identify the axis and members referenced in the DQC
message, retrieve dimensional facts for the target concept, and compute their sum. The extracted
value is the default-context (non-dimensionalized) fact, and the calculated value is the aggregate
across dimensional members: µ =

∑
m∈M vm, where M is the set of member facts along the

specified axis.

DQC 0126 (Calculation Consistency): We traverse the calculation linkbase to find summation-
item relationships for the target concept. The extracted value is the parent concept’s reported value,
and the calculated value is the weighted sum of children: µ =

∑
c∈C wc · vc, where C is the set of

child concepts and wc are their weights (typically ±1).

2.4 OUTPUT EXTRACTION AND EVALUATION

We extract the computed values and format them as JSON matching the benchmark’s expected out-
put structure: {"extracted value": v, "calculated value": µ}. Following the
evaluation protocol in Wang et al. (2025b), we implement a deterministic judge that classifies each
prediction into four categories: A (accurate) if both values match, S (structural error) if the output
is malformed JSON, E (extraction error) if only the extracted value is incorrect, and C (calculation
error) if only the calculated value is incorrect. This deterministic evaluation eliminates variance
from LLM-based judges while exactly replicating the benchmark’s stated evaluation criteria.
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Table 1: Main results on FinMR benchmark. Symbolic baselines (Arelle and Regex) dramatically
outperform all LLM baselines. Best results per metric in bold. ACC = Accuracy, SER = Structural
Error Rate, CER = Calculation Error Rate.

Method Scope N ACC (%) SER (%) CER (%)

Arelle Symbolic (Ours) Full set 332 42.17 41.27 13.55
Arelle Symbolic (Ours) Executable 195 71.79 0.00 23.08

Regex Message-Only Full set 332 44.58 39.46 9.94
Regex Message-Only Executable 195 74.36 0.00 15.38
SC LLM (gpt-4.1, k=4) 50-subset 50 8.67±0.94 0.00 47.33
Fin-o1-14B (published) Full set 332 13.86 71.00 9.00
Other LLMs (published) Full set 332 <14 – 70–83

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUP

We evaluate our Arelle-based symbolic baseline on the FinMR benchmark from FINAUDIT-
ING (Wang et al., 2025b), which contains 332 instances derived from DQC rule violations: 110
from DQC 0015 (sign/negativity), 120 from DQC 0117 (dimensional cross-check), and 102 from
DQC 0126 (calculation consistency). Each instance has an average query length of approximately
35,000 tokens.

We compare against three baseline categories. The Regex Message-Only baseline extracts nu-
meric values directly from the DQC validation message text using pattern matching, without parsing
XBRL structure. The Self-Consistency LLM baseline uses gpt-4.1 with best-of-4 sampling on a 50-
instance subset, averaged over 3 random seeds. We also compare against Published LLM Results
from the benchmark paper, including Fin-o1-14B (Qian et al., 2025), DeepSeek-V3 (DeepSeek-AI,
2024), Qwen2 (Yang et al., 2024), and Llama-3 (Dubey et al., 2024).

Following the benchmark’s evaluation protocol, we report four metrics: ACC (accuracy—both ex-
tracted and calculated values correct), SER (structural error rate—malformed JSON output), EER
(extraction error rate—incorrect extracted value), and CER (calculation error rate—incorrect calcu-
lated value).

3.2 MAIN RESULTS

Table 1 presents our main findings. On the full 332-instance set, the Arelle symbolic baseline
achieves 42.17% accuracy, outperforming the best published LLM (Fin-o1-14B at 13.86%) by 28.3
percentage points and the gpt-4.1 self-consistency baseline (8.67%) by 33.5 percentage points. The
regex baseline achieves slightly higher accuracy (44.58%) by exploiting text leakage in DQC mes-
sages, as we analyze below. Both symbolic approaches demonstrate 3–5× improvement over neural
approaches on this task.

On the executable subset (N=195), Arelle achieves 71.79% accuracy with 0% structural errors,
demonstrating that symbolic execution can deterministically solve a substantial portion of FinMR
instances. The regex baseline achieves slightly higher accuracy (74.36%) on this subset due to text
leakage in DQC messages, which we analyze in the per-DQC breakdown.

On the 29-instance intersection where both Arelle can execute and the SC LLM was evaluated,
Arelle achieves 89.66% accuracy versus SC LLM’s 14.94%—a 74.7 percentage point gap that pro-
vides the most controlled comparison between symbolic and neural approaches.

3.3 PER-DQC RULE ANALYSIS

Table 2 reveals that Arelle’s performance varies significantly by rule family. On DQC 0015
(sign/negativity) and DQC 0117 (dimensional cross-check), Arelle achieves 83.33% and 90.00%
accuracy respectively, outperforming the regex baseline by 16.7 and 24.0 percentage points. These
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Table 2: Per-DQC rule performance on executable subset (N=195). Arelle excels on DQC 0015 and
DQC 0117 but struggles on DQC 0126 due to calculation linkbase traversal issues. Best in bold.

DQC Rule N Arelle ACC (%) Regex ACC (%) Gap (pp) Arelle CER (%)

DQC 0015 (sign) 60 83.33 66.67 +16.7 0.00
DQC 0117 (dimensional) 50 90.00 66.00 +24.0 10.00
DQC 0126 (calculation) 85 52.94 84.71 −31.8 47.06

Overall 195 71.79 74.36 −2.6 23.08

Figure 2: Distribution of failure causes for non-executable FinMR instances (N=137). External
taxonomy dependencies account for 64.2% of failures and are recoverable with taxonomy bundling.

rules require structural XBRL execution—locating facts by concept and context, or aggregating di-
mensional members—where symbolic processing provides clear advantages.

However, on DQC 0126 (calculation consistency), Arelle achieves only 52.94% accuracy with a
47.06% calculation error rate, trailing the regex baseline by 31.8 percentage points. This shortfall
stems from implementation issues in calculation linkbase traversal: selecting the correct link role
and handling incomplete child fact sets. The regex baseline benefits from the fact that DQC 0126
validation messages contain pre-computed sums as text, making extraction trivially correct. The
overall parity between Arelle and regex (71.79% vs 74.36%) is thus an artifact of DQC 0126 drag-
ging down Arelle’s average, not evidence of systematic text leakage across all rule types.

3.4 EXECUTABILITY AUDIT

A key contribution of this work is an executability audit of the FinMR benchmark. Only 58.73%
(195/332) of instances are executable with the current benchmark packaging. Figure 2 shows the
distribution of failure causes for the 137 non-executable instances.

The dominant cause is external taxonomy dependencies (88 instances, 64.2% of failures): XBRL
instances reference remote US-GAAP taxonomy schemas that are not bundled in the dataset. These
failures are recoverable—bundling standard taxonomy packages (US-GAAP 2020–2024, SEC DEI,
SRT) would raise executability from 58.73% to an estimated 85.24%. The remaining failures include
malformed XML (18 instances, 13.1%), missing DTS artifacts (13 instances, 9.5%), and unknown
causes (18 instances, 13.1%).
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Table 3: Ablation study on href rewriting. Without href rewriting, 0% of instances are executable,
confirming that FinMR queries do not contain self-contained XBRL artifacts.

Variant Executability (%) N Executable ACC on Exec (%)

With href rewrite 58.73 195 71.79
Without href rewrite 0.00 0 N/A

3.5 ABLATION STUDY

Table 3 demonstrates that href rewriting is absolutely critical for executability. Without rewriting
xlink:href attributes to local filenames, 0% of instances are executable—all 332 fail with miss-
ing DTS artifact errors because the instance document’s schemaRef points to original company-
specific filenames that do not match the reconstructed local files. This confirms that FinMR queries
do not contain self-contained XBRL artifacts; the reconstruction pipeline’s href rewriting step is
indispensable.

4 RELATED WORK

Financial NLP Benchmarks. Numerical reasoning over financial documents has been studied
through several benchmarks. FinQA (Chen et al., 2021) and ConvFinQA (Chen et al., 2022b) eval-
uate arithmetic reasoning over tables and text in financial reports, while TAT-QA (Zhu et al., 2021)
focuses on hybrid tabular-textual content. MultiHiertt (Zhao et al., 2022) extends this to multi-table
hierarchical documents, and DocMath-Eval (Zhao et al., 2023) evaluates long-document mathemat-
ical reasoning. FinanceBench (Islam et al., 2023) tests financial QA with evidence requirements.
Unlike these benchmarks that focus on free-form text and tables, FinMR (Wang et al., 2025b) eval-
uates reasoning over structured XBRL filings with explicit taxonomy semantics.

XBRL and Financial Tagging. XBRL-specific NLP work has focused on tagging and concept
linking. FiNER (Loukas et al., 2022) introduces numeric entity recognition for XBRL tagging,
while FNXL (Sharma et al., 2023) frames XBRL tagging as extreme classification with thousands
of taxonomy labels. FinTagging (Wang et al., 2025a) benchmarks extraction and structuring of fi-
nancial information. These works address taxonomy alignment rather than numerical consistency
verification. Our work differs by using symbolic XBRL execution to validate calculation relation-
ships.

Tool-Augmented LLMs. Program-aided reasoning methods demonstrate that offloading compu-
tation to external tools can eliminate arithmetic errors. PAL (Gao et al., 2022) and Program-of-
Thought (Chen et al., 2022a) generate executable code for numerical reasoning. ReAct (Yao et al.,
2022) interleaves reasoning with tool actions, while Toolformer (Schick et al., 2023) enables self-
supervised tool learning. MRKL (Karpas et al., 2022) proposes modular neuro-symbolic archi-
tectures combining LLMs with discrete reasoning modules. Our Arelle-based baseline extends this
paradigm to XBRL-specific tooling, using a standards-compliant engine rather than general-purpose
code execution.

Financial LLMs. Domain-specific language models for finance include BloombergGPT (Wu
et al., 2023), trained on proprietary financial corpora, and open alternatives like FinGPT (Yang et al.,
2023). PIXIU (Xie et al., 2023) provides instruction data and evaluation benchmarks for financial
NLP. Fin-o1 (Qian et al., 2025) studies transferability of reasoning-enhanced LLMs to finance. De-
spite these advances, all LLM approaches achieve below 14% accuracy on FinMR, motivating our
symbolic execution baseline.

5 CONCLUSION

We presented an Arelle-based symbolic baseline for the FinMR benchmark that achieves 42.17%
accuracy on the full dataset and 71.79% on the executable subset, outperforming all published LLM
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results by 3–5×. Our executability audit reveals that only 58.73% of FinMR instances can be exe-
cuted with current packaging, with 64% of failures caused by missing external taxonomy dependen-
cies that are recoverable through taxonomy bundling. These findings provide evidence that FinMR
primarily tests XBRL tooling capabilities rather than mathematical reasoning ability. Future work
should address DQC 0126 calculation linkbase traversal issues and bundle standard taxonomies to
improve benchmark executability.
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