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ABSTRACT
Natural-language-to-Cypher (NL-to-Cypher) systems are typically

evaluated using execution accuracy (EA), which treats queries as

correct if they produce the same result as a reference. However,

EA is brittle, penalizing semantically equivalent queries, rewarding

coincidental matches, and providing no insight into failure modes.

We present CypherLens, an interactive platform for evaluating

and diagnosing NL-to-Cypher methods that extends execution-

based evaluation with detailed analysis and actionable insights.

CypherLens automatically generates Cypher queries, executes both

generated and reference queries, normalizes outputs, aligns the

returned columns and aliases, and computes multiple evaluation

metrics, including Exact Match and Soft Match, without requiring

user intervention. The platform incorporates a query classifier to

characterize query types and a diagnoser that assigns graph-native

semantic and syntactic error labels based on a Cypher-specific tax-

onomy. CypherLens supports analysis at both query and dataset

levels. At the query level, it provides detailed diagnostic signals

that enable users to inspect individual failures and identify ac-

tionable fixes. At the dataset level, it aggregates metrics and error

labels to reveal performance trends, such as query-class success

rates and error distributions, enabling systematic understanding of

model behavior. These insights are presented through an integrated

visualization interface that supports interactive exploration and

comparison. CypherLens enables users to move beyond binary eval-

uation toward a more comprehensive and interpretable analysis of

NL-to-Cypher systems, supporting debugging, failure analysis, and

model comparison.
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1 INTRODUCTION
Graph databases are increasingly used to represent and query

knowledge graphs across scientific and domain-specific applica-

tions [5], where structured representations of entities, relations,

datasets, methods, and tasks support semantic search, discovery,

and downstream reasoning [1, 9–12]. As graph databases become

more widely adopted, NL-to-Cypher (T2C) systems are becoming

important for translating natural language questions into Cypher

queries, thereby lowering the barrier to querying graph databases.

Recent advances in large language models (LLMs) have significantly

improved generation quality, with modern T2C systems achieving

strong execution accuracy on standard benchmarks [8]. Despite

this progress, evaluating and understanding T2C system behavior

remains challenging. The dominant evaluation metric, execution

accuracy (EA), determines correctness by comparing query results

against a reference query. However, EA suffers from fundamental

limitations that can obscure true model behavior and hinder system-

atic improvement. We highlight several key challenges, which arise

at different stages of evaluation: result equality, Cypher result rep-

resentation, diagnostic explanation, partial scoring, and semantic

correctness under dataset-specific artifacts.

Challenge 1: Metric Brittleness. EA relies on strict result

equality between generated and gold queries, leading to false neg-

atives when semantically equivalent queries differ in superficial

ways such as variable names, projection aliases, column ordering,

or result ordering. Thus, correct queries may be penalized despite

matching user intent, causing EA to underestimate true model

performance [2].

Example: For the question “What is the earliest founding year
of teams with Spurs-drafted players?” the gold query returns the

result under the implicit key min(n.inception_year), while the gen-
erated query returns the same value (1937) under the alias ear-
liest_founding_year. Despite identical semantics and output, EA

assigns a score of 0 due to mismatched column names.

Challenge 2: Projection and Result Normalization. Unlike
SQL, Cypher does not produce a fixed tabular schema [3]. Results

may contain nested objects, maps, or node containers, and are

returned as heterogeneous JSON structures. Aligning projections
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Figure 1: Overview of the evaluation system for diagnosing Text2Cypher models.

across queries requires normalization, alias resolution, and semantic

matching, capabilities not supported by standard EA, which also

fails to handle nulls, empty results, execution errors, or timeouts.

Example: A query returning n.name, n.gender and another

returning p.name AS founder, p.gender AS gender produce

identical data but differ in schema representation. Without normal-

ization, they appear mismatched.

Challenge 3: Error Opacity and Query Blindness. Binary
correctness signals indicate whether a query succeeds but provide

little insight into why it fails. Existing evaluation approaches of-

fer limited support for interactive, Cypher-specific diagnosis of

semantic and syntactic failure modes, such as projection errors,

relationship misuse, and missing conditions [7]. Recent systems

such as SQLENS [4] and NL2SQL360 [6] study clause-level error

detection and evaluation for SQL, but they are tied to SQL’s tabular

structure and do not directly extend to graph-native query lan-

guages such as Cypher. As a result, fine-grained diagnostic tools for

NL-to-Cypher remain underexplored. In addition, aggregate met-

rics obscure performance differences across query types, making it

difficult to determine whether failures arise from simple retrieval,

aggregation, or multi-hop reasoning.

Example: A query failure may stem from an incorrect string

literal, missing OPTIONAL MATCH, or an incorrect traversal direction,
yet EA provides no signal to distinguish among these causes.

Challenge 4: Binary Scoring Limitation. EA treats near-miss

queries and fundamentally incorrect ones identically. Queries that

capture the correct core result but include extra projections orminor

errors receive the same score as nonsensical outputs, limiting the

usefulness of evaluation signals.

Example: A query asking “Who are the CEOs, past or present, of
companies headquartered in the Czech Republic?” should return only

CEO names. The generated query additionally returns company

name, start year, and end year for each CEO. Although both queries

identify the same executives, the extra columns cause EA to assign

a score of 0—treating a near-miss with correct core content the

same as a completely incorrect answer.

Challenge 5: Coincidental Correctness. Structurally incorrect
queries may coincidentally return correct results due to dataset-

specific artifacts. Since EA evaluates only result equality, it cannot

detect such cases, leading to inflated performance estimates and

masking underlying reasoning errors.

Example: A query asking for players who received an award while
playing for the Lakers must constrain the award to the player’s Lak-

ers tenure. If a generated query instead returns all award-winning

players who ever played for the Lakers, it may still match the gold

result on the current dataset. EA would score it as correct, masking

a traversal or condition error that could fail under data changes. In

our evaluation on the Neo4j Twitter dataset, 7.75% of queries were

flagged as correct-by-coincidence candidates.

To address these challenges, we present CypherLens, an interac-

tive platform for evaluating and diagnosing NL-to-Cypher systems.

CypherLens executes and normalizes query results to handle met-

ric brittleness and result heterogeneity (C1, C2), flags candidate

correct-by-coincidence cases (C5), and reports exact and soft-match

metrics for partial correctness (C4). It also classifies queries by

structural type and assigns Cypher-specific semantic and syntactic

error labels (C3). An interactive interface supports both query- and

dataset-level analysis for failure diagnosis, model comparison, and

systematic inspection of model behavior.

This demo focuses on the design and interactive workflow of

CypherLens; full benchmarking of diagnostic accuracy, human-

annotated error labels, and alternative partial-credit metrics is left

to ongoing work.

2 SYSTEM OVERVIEW
Figure 1 shows the architecture of CypherLens, a modular evalua-

tion platform for NL-to-Cypher systems. The system takes three

inputs: a dataset of natural-language questions with gold Cypher

queries, a database connection for query execution, and API access

to the target T2C system. It does not require access to the model

architecture or implementation. Given these inputs, CypherLens
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generates candidate queries, executes and compares results, classi-

fies query types, and diagnoses errors, producing both quantitative

scores and qualitative diagnostic signals for each instance.

2.1 Execution and Schema-Aware Evaluation
The core of CypherLens is a schema-aware evaluation pipeline,

illustrated in steps 1–4 of Figure 1. For each instance, the system

submits the natural language question to the T2C API to generate

a candidate Cypher query (step 1), then executes both generated

and gold queries against the target Neo4j database (step 2). Be-

cause Cypher returns heterogeneous nested JSON rather than flat

relational tables, direct comparison is brittle (C1, C2).

CypherLens first retrieves schema metadata from the Neo4j

database, including node labels, relationship types, property keys,

relationship directions, and constraints or indexes. It then builds

a Similarity Table through staged matching: exact column match-

ing, alias normalization, type-aware matching, and schema-aware

matching. Embedding-based alignment is used only as a fallback

when surface forms differ but expressions are semantically related,

such as matching sum(x)/size(collect(x)) AS average_xwith
avg(x) AS avg. These alignments support inspection and partial

scoring, not definitive proof of semantic equivalence.

The Result Comparator (step 4) uses the Similarity Table to com-

pute Exact Match (EM), Soft Match, and Dice coefficient, capturing
exact agreement, partial cell-level correctness, and unordered value

overlap. These metrics reveal gradations of correctness hidden by

binary execution accuracy (C4).

2.2 Query Type Classifier
Aggregate metrics treat all queries uniformly, obscuring how a

T2C system performs across different levels of semantic complex-

ity (C3). A model may achieve strong overall accuracy while fail-

ing on multi-hop or path queries, while high accuracy on simple

retrieval tasks can inflate scores and mask such weaknesses. To

address this, CypherLens incorporates a Query Classifier Agent

that assigns each instance to a canonical query class (e.g., sim-

ple retrieval, aggregation, multi-hop traversal, path query) based

on the natural language question, schema, and gold query. When

dataset labels are available, they are reused; otherwise, the classifier

is invoked automatically, ensuring compatibility with both anno-

tated and unannotated benchmarks. This enables metric and error

breakdowns by query type, allowing users to identify systematic

weaknesses and potential targets for model improvement.

2.3 Diagnoser Agent
When a generated query fails, execution accuracy gives no explana-

tion for the failure (C3). CypherLens therefore invokes a Diagnoser

Agent whenever EM,=,0. The agent reasons over the question, graph

schema, gold query, generated query, and sampled execution re-

sults, then proposes where and why the generated query diverges

from the intended semantics.

Diagnoses use a hierarchical Cypher-specific error taxonomy

from our broader study of NL-to-Cypher semantic errors. The tax-

onomy covers projection and value semantics, pattern topology,

binding and scope, and clause-level errors, with subtypes such as

Wrong Relationship Type, Direction Mismatch, Wrong Hop Count,

Figure 2: Results analysis interface showing overall metrics,
per-query-class performance, and hierarchical error distri-
butions across semantic failure categories.

Implicit Condition Missing, and Variable Scope Error. Each diagnosis

includes a confidence score and an evidence-grounded rationale.

The Diagnoser Agent can also inspect cases with EM,=,1 for co-

incidental correctness (C5). If a generated query matches the result

but diverges structurally from the intended semantics, CypherLens

flags it as a correct-by-coincidence candidate. Both the classifier and

Diagnoser Agents use a provider-agnostic routing layer, allowing

flexible integration with different LLM backends.

2.4 Interactive Visualization Interface
All evaluation signals are presented through an interactive visu-

alization interface that supports exploration at two levels. At the

dataset level, the interface provides aggregated metrics, per-query-

class performance breakdowns, and error distributions at both the

dataset and query-class levels, enabling users to identify global

trends and pinpoint class-specific failure patterns. At the query

level, users can examine individual instances in detail, including

metric scores, query type, execution outputs, and diagnostic reports,

facilitating targeted debugging and fine-grained failure analysis.

Figure 2 illustrates the results analysis page, highlighting both

overall performance and error breakdown.

3 DEMONSTRATION SCENARIOS
We demonstrate CypherLens through three scenarios that cover

the full evaluation workflow: system setup and dataset-level analy-

sis, per-query debugging, and coincidental-correctness inspection.

All scenarios use a real Neo4j graph database built from the Twitter

knowledge graph subset of the Text2Cypher benchmark [8]. The tar-

get T2C system follows the prompting-based method described in
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that benchmark and is exposed to CypherLens through a webhook

interface. In our demo configuration, the optional Query Classi-

fier and Diagnoser Agents are instantiated with Gemini-2.5-Pro

through the provider-agnostic routing layer.

Scenario 1: System Setup and Dataset-Level Evaluation.
The user begins by configuring CypherLens through a lightweight

setup interface (❶), providing a dataset of natural language ques-

tions with gold Cypher queries, database connection details, and

API credentials for the target T2C system. Optional components,

including the Diagnoser Agent, Query Classifier Agent, and correct-

by-coincidence (CBC) inspection, can be enabled depending on

desired evaluation depth and computational cost (❷), with users

selecting their preferred LLM backend. With a single click, the

system executes the full evaluation pipeline, including query gen-

eration, execution, metric computation, and analysis. Execution

progress and intermediate results are streamed in real time, with

logs available for post hoc inspection.

Upon completion, the interface presents a dataset-level results

dashboard (❸). Users first examine aggregate scores across Exact

Match and Soft Match, obtaining a graded view of performance be-

yond binary accuracy. As shown in Figure 2, an Exact Match of 0.352

alongside a Soft Match of 0.464 reveals that many failed queries

are near-misses rather than fundamentally incorrect outputs. The

dashboard also provides query-class breakdowns and error distribu-

tions, revealing whether failures concentrate in specific query types

(e.g., multi-hop traversal or aggregation) and which error categories

dominate. For example, a user may observe that while simple re-

trieval queries are largely solved, pattern topology errors dominate

failures on multi-hop queries—an insight not visible under standard

execution accuracy.

Scenario 2: Per-Query Debugging and Inspection. The user
selects an individual query from the dataset view to open the per-

query inspection panel (❶). The interface presents the natural lan-

guage question, gold Cypher query, and generated query side by

side, along with their execution results and the constructed simi-

larity table (❷). Metric scores, like Exact Match, Soft Match, and

Dice coefficient, are displayed at the top, allowing the user to assess

both correctness and degree of similarity.

The Diagnoser Agent output (❸) provides a structured error

label, confidence score, and textual rationale grounded in the query,

schema, and execution evidence. For example, the system may flag

that a generated query uses a one-hop relationship where a two-hop

traversal is required—a Wrong Hop Count error that may appear

correct under the current dataset but would fail under different

graph instances. Soft Match of 0.5 correctly reflects that the core

result is partially correct, a distinction EA obscures by assigning

a score of 0. The Query Classifier label is also shown, placing the

query within its semantic category. Together, these signals help

users inspect failure modes, distinguish near-miss errors from incor-

rect outputs, and identify likely directions for prompt refinement

or model improvement.

Scenario 3: Candidate Correct-by-Coincidence Inspection.
This scenario highlights a blind spot in execution-based evaluation:

queries that return the correct result but are semantically incor-

rect (C5). The user filters the dataset view to cases where Exact

Match equals one and CBC is flagged (❶), isolating queries that

standard evaluation would mark as correct.

The user then opens a flagged instance in the per-query panel (❷).

In this example, the generated query skips an intermediate project

node and links employees directly to cities, while the gold query

follows the required two-hop path. Because the dataset happens

to make both traversals return the same result, the query receives

EM,=,1. The Diagnoser Agent identifies the structural mismatch (❸)

and flags it as a correct-by-coincidence candidate with a Pattern
Topology error. As shown in Figure 2, approximately 7% of EM,=,1

queries are flagged as CBC candidates, illustrating howCypherLens

reveals semantic errors hidden by execution accuracy.

4 CONCLUSION
We presented CypherLens, an interactive platform for evaluating

and diagnosing NL-to-Cypher systems beyond execution accuracy.

CypherLens addresses key limitations of execution-based evalua-

tion, includingmetric brittleness, limited partial-correctness signals,

lack of diagnostic insight, and correct-by-coincidence cases. By com-

bining schema-aware result normalization, multi-metric scoring,

query classification, and Cypher-specific diagnostic explanations,

the platform supports both dataset-level and per-query analysis.

Users can compare systems, identify systematic weaknesses, inspect

likely failure modes, and better understand when execution-based

correctness may mask semantic errors. Future work will connect

these diagnostic signals to automatic refinement loops and broader

benchmark-level validation.
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