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Abstract

Accuracy-based evaluation cannot reliably distinguish gen-
uine generalization from shortcuts like memorization, leak-
age, or brittle heuristics, especially in small-data regimes. In
this position paper, we argue for mechanism-aware evalua-
tion that combines task-relevant symbolic rules with mech-
anistic interpretability, yielding algorithmic pass/fail scores
that show exactly where models generalize versus exploit pat-
terns. We demonstrate this on NL-to-SQL by training two
identical architectures under different conditions: one with-
out schema information (forcing memorization), one with
schema (enabling grounding). Standard evaluation shows
the memorization model achieves 94% field-name accu-
racy on unseen data, falsely suggesting competence. Our
symbolic-mechanistic evaluation reveals this model violates
core schema generalization rules, a failure invisible to accu-
racy metrics.

Introduction and Background

Standard NLP evaluation relies on held-out test sets with
metrics like exact match, F1, or BLEU (Papineni et al. 2002;
Nakache, Metais, and Timsit 2005; Gehrmann, Clark, and
Sellam 2023). However, recent work reveals these methods
cannot reliably distinguish memorization from generaliza-
tion. Contamination is widespread, with benchmarks like
QNLI showing over 50% contamination in popular pretrain-
ing corpuses (Lee et al. 2022; Dodge et al. 2021), and mod-
els exploit spurious heuristics even on clean data (Gururan-
gan et al. 2018; McCoy, Pavlick, and Linzen 2019; Kim
et al. 2025). Alternative methods like LLM-as-a-judge suf-
fer from self-preference bias and adversarial vulnerabilities
(Chen et al. 2024; Raina, Liusie, and Gales 2024). We ar-
gue these failures stem from a fundamental problem: current
evaluation measures surface-level performance rather than
underlying computational mechanisms. We propose mecha-
nistic interpretability (MI) evaluation that directly examines
whether models use correct algorithms.

Contamination and Exploitable Heuristics

Contamination research has demonstrated the scope of this
issue. (Zhang et al. 2024) found 0.32 correlation between
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memorization probability and performance on GSM8K vari-
ants, while (Li and Flanigan 2024) found 0.88 correlation
between exact-match generation without context and test
performance. (Aiyappa et al. 2023) observed ChatGPT’s
benchmark performance improved after papers evaluating
it were published, indicating RLHF-driven contamination.
Critically, (Samuel, Zhou, and Zou 2025) found alarmingly
low agreement between contamination detection methods,
indicating no reliable standard exists, implying that mitiga-
tion and detection of contamination before testing is not a
viable option. Additionally, modern training pipelines with
RLHF on user data and continuous web scraping create
ongoing contamination pathways that cannot be eliminated
(Zhang et al. 2024; Aiyappa et al. 2023).

Even with pristine data, models exploit spurious patterns.
(Gururangan et al. 2018) achieved 67% SNLI accuracy using
only hypothesis sentences by exploiting annotation artifacts.
(Kim et al. 2025) showed mechanistically that benchmarks
often fail to test their advertised skills, instead rewarding al-
ternative mechanisms. For tasks with small datasets, com-
mon in low-resource languages and specialized domains,
test sets lack statistical power to separate genuine compe-
tence from pattern matching.

From Grokking to Verification

Research on grokking demonstrates that generalization cor-
responds to distinct internal structure (Power et al. 2022;
Nanda et al. 2023; Liu et al. 2022). (Nanda et al. 2023)
showed that generalization circuits form during memoriza-
tion before full utilization, suggesting mechanistic probing
can detect whether models operate in memorization- ver-
sus generalization-dominant regimes. However, grokking in-
sights remain unapplied to real NLP evaluation.

This motivates symbolic verification. Symbolic Al pro-
vides frameworks for expressing correctness properties as
semantically meaningful rules (Newell, Shaw, and Simon
1957, 1959; McCarthy 1995; Xie, Kersting, and Neider
2022). By checking whether internal computations match
expected generalization patterns, symbolic rules enable
more rigorous evaluation than accuracy alone.

Proposal

Our approach employs “non-negotiable rules” in symbolic
logic describing properties any circuit reliably solving the



task must satisfy. Given task T, the user specifies rules R =
{r_1, ..., rk} capturing essential requirements at the level
of task semantics: what information must be used, what in-
variances must hold. Rules must be verifiable via common
mechanistic interventions like activation patching, logit lens
analysis, or attention visualization.

For each example in a small evaluation set, we test
whether rules are satisfied, assigning pass/fail scores. The
aggregate percentage indicates how consistently the model
uses proper generalization circuits.

This paper is a position paper advocating mechanism-
aware evaluation for tasks with a well-defined intended al-
gorithm (e.g., grounding, retrieval, or parsing). We do not
claim applicability to open-ended or creative generation
tasks, where multiple qualitatively different algorithms may
be equally valid and no single mechanistic criterion is ap-
propriate.

Case Study

We compare our evaluation framework to standard accu-
racy on a simple NL-to-SQL task, focusing on schema
grounding as the core algorithm. We train two models with
identical architectures but different training conditions: one
without schema information (NO_Schema), forcing reliance
on shallow heuristics, and one with schema (Schema), en-
abling genuine generalization. We show that standard evalu-
ation suggests roughly equal capabilities, whereas symbolic
mechanistic evaluation reveals the NO_Schema model’s lack
of true generalizability.

Dataset Our case study employs the TinySQL CSl1
Synonyms dataset (Harrasse et al. 2025). Each example
consists of an English prompt (english_prompt), a
database schema provided as a CREATE TABLE state-
ment (create_statement), and the target SQL query
(sgl_statement). Critically, the schema uses a synonym
of the column name mentioned in the English prompt,' en-
suring that correct SQL cannot be generated from natural
language alone without schema grounding.

The dataset contains only simple queries following the
pattern SELECT x FROM vy. Given this structural simplic-
ity, we focus evaluation on schema grounding, the ability to
correctly map English column names to their schema syn-
onyms, as the core algorithmic capability. The remaining
query structure follows a predictable template across all ex-
amples.

Training Conditions: We finetune two models based on
TinyStories-33M (Eldan and Li 2023), with identical archi-
tecture and optimization settings, following (Harrasse et al.
2025). The models differ only in schema presence during
training. The baseline was pretrained solely on TinyStories-
33M short stories with no NL-to-SQL examples, ensuring
no task contamination (Eldan and Li 2023).

The schema condition includes the
create_statement in context for every training
1E.g., schema CREATE TABLE backup (website

TEXT), prompt “Pull up url from safekeeping copy”, target
SELECT website FROM backup.
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example. The NO_Schema condition omits it entirely while
keeping the same target SQL, forcing reliance on shallow
heuristics rather than schema consultation. The column and
table names in the English prompt are synonyms rather
than exact matches, thus models benefit from using schema
information when available (Harrasse et al. 2025).

We wuse a single standardized prompt format:
### Instruction: {english prompt} ###
Context: {create_statement or empty}
##4#Response: {sgl_statement}. Decoding begins
after "### Response:”, and predicted SQL is compared
against sql_statement.

Standard Accuracy-based Testing: We compare our ap-
proach to standard evaluation on the TinySQL CS1 Syn-
onyms test split, reporting exact match accuracy (predic-
tions identical to gold SQL) and field name accuracy (correct
table/column names as a ratio of total gold field names, ex-
cluding SQL keywords). Each model is evaluated under two
configurations: schema (schema included in test prompt) and
NO_Schema (schema excluded).

Symbolic Mechanistic Evaluation

We evaluate 100 matched prompt pairs where each has a
clean prompt with the correct schema field and a corrupted
version with an alternative word, holding format constant.

We test five corruption types to probe schema ground-
ing. DB-synonyms replace column names with semantically
related alternatives that also appeared as column names in
training (“price”/*“cost”), testing whether the model maps
semantic equivalents within the trained schema. Non-DB
synonyms use semantically related words that were never
column names (“mouse”/“rat”), testing whether this seman-
tic flexibility generalizes. The remaining three test whether
the model is sensitive to schema violations at all, measuring
whether it can detect and react when an unexpected word
appears. DB-scramble pairs unrelated words that both ap-
peared as column names (“price”/*brand”’), Non-DB scram-
ble pairs unrelated words that were not column names
(“mouse”/“car”), and Super-scramble mixes column names
with non-column words (“price”/*“rat”). If the model detects
these scrambled corruptions, it demonstrates active tracking
of the schema.

Symbolic Rules To evaluate whether a schema-checking
circuit exists, we adopt a symbolic rule-based approach
that decomposes this question into three testable conditions.
First, we test causal sensitivity: does corrupting the schema
token change which answer the model prefers? Second, we
test localization: can we recover this effect by patching acti-
vations at the schema token position? Third, we test consis-
tency: do multiple examples recover through the same layer,
suggesting a reusable mechanism? We call these rules R1
through R3. Because R3 must only pass if R1 and R2 pass,
we denote that a pass on R3 is analogous to all conditions be-
ing met. We measure preference for the correct token using
logit-difference logit_diff(z;7) = (z)correct; — £(Z)incorrect; »
where ¢(x) denotes model logits at the final position. Let
xdea and ¢ denote clean and corrupted prompts differing



only in the schema token. We define the schema-sensitivity
gap as

A; = logit_diff(z¢*™; i) — logit_diff(z$°™; 7).

3 3 ’

A positive A; indicates the model causally depends on the
schema token when selecting answers.

Activation Patching Protocol To test whether A; can be
recovered from specific layers, we perform residual-stream
activation patching at the schema token position (p). We
cache activations from x?ean, then for each layer L €
{0,..., Liyax }, re-run z5°" while replacing the residual ac-
tivation at (L, p) with the cached clean activation, yielding
shift;(L) = patched_diff, (L) — corr_diff;. We define the best

signed recovery and the layer achieving it as

best_recovery, = max max(0, sign(A;) - shift;(L))

L} = argmax;, max(0, sign(A;) - shift;(L))

We cap recovery at |A;| and define fractional recovery
as RecFrac; = min(best_recovery,, |A;|)/|A;]. We denote
TopLayers, as the set of layers achieving >90% recovery,
recognizing potential superposition and redundant circuits
(Elhage et al. 2022).

Hierarchical Rule System Intuitively, our evaluation asks
three questions: (1) does changing the schema token
causally affect the model’s answer preference, (2) can this
effect be localized to a specific internal computation via
patching, and (3) is the same computation reused across in-
puts? The following definitions formalize these questions
using logit-difference measurements and residual-stream in-
terventions. Starting with a top-level claim about circuit ex-
istence, we decompose into per-example causal tests (R1,
R2, R3).

Let Tg,p > 0 be a minimum gap threshold, and o € (0, 1]
be the required recovered fraction.

R1 (schema_sensitivity). If the schema token is corrupted,
the model’s preference changes by at least 7yp:

R]-z = H[|Al| ZTgap].

This tests causal dependence on the schema token. Exam-
ples with |A;| < T, indicate the model ignores schema in-
formation. Passing R1 shows the model’s answer preference
depends on which schema token is present.

R2 (recovery_efficacy). If R1 holds and the clean schema
token activation is patched at position (p), then at least «
fraction of the gap is recovered:

R2; = R1; A I[RecFrac; > a.

This tests whether the causal effect localizes to a specific
layer. Measuring recovery as a fraction (RecFrac;) assesses
mechanism presence independently of gap magnitude. Pass-
ing R2 shows a single layer at the schema position is suf-
ficient to recover preference, indicating a localized circuit.
Due to superposition or redundant circuits, multiple layers
can achieve >90% recovery, captured in TopLayers,.
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R3 (circuit_reusability). If R1 and R2 hold and the most
common high-recovery layer across all examples is L*, then
L* € TopLayers,:

R3; = R1; A R2; A I[L* € TopLayers;].

This tests whether recovery uses a consistent layer across
examples. Passing R3 shows the model uses the same com-
putational pathway for different queries, indicating reuse of
a consistent computational pathway, as opposed to relying
on input-specific heuristics.

We run the identical evaluation pipeline on our schema-
trained model and NO_Schema baseline model, and compare
per-example pass rates (% >~; R3;) under the same prompt
set and thresholds. Remember that R3 can only pass if R1
and R2 pass as well.

This framework yields an example-level pass rate esti-
mating proximity to complete generalization. Decoupling
gap significance (R1) from recovery quality (R2) measures
mechanism presence independently of task difficulty or cor-
ruption strength. The consistency metric (R3) distinguishes
position-specific effects from genuine circuit reuse, provid-
ing stronger evidence for localized computation.

Results

Standard Accuracy

The TinySQL CS1 synonyms test-set results reveal a critical
limitation of surface-level evaluation, as the model trained
without schema achieves 93.5% table/column accuracy even
when schema is withheld at test time. Since the model has
no access to schema information, this high performance can
only result from exploiting spurious patterns in the data. Al-
though the schema-trained model performs better (99.1%
with schema present), these metrics alone cannot distinguish
whether the model genuinely uses schema information or
simply memorizes training patterns (Table 1).

Train Eval Exact  Field
Schema Schema Match Acc

X X 721% 93.5%

X v 104% 83.6%

v X 0.0%  40.4%

v v 94.0% 99.1%

Table 1: Standard accuracy across model configurations. The
NO_Schema model achieves 93.5% field-name accuracy by
exploiting patterns, demonstrating traditional evaluation’s
unreliability.

Symbolic Mechanistic Results

On our 100 controlled prompt pairs, the schema-trained
model exhibited significantly larger sensitivity to schema
corruption (mean Agpema = 1.88 [95% CI: 1.44, 2.32])
compared to the NO_Schema baseline (mean ANo_Schema =
0.65 [95% CI: 0.39, 0.90]), yielding a training effect of
+1.23 [95% CI: 0.79, 1.67] logits (190% increase). Per-
category analysis (Table 2) shows the effect is largest for



scrambled corruptions (Super-Scramble: +2.35, Non-DB-
Scramble: +1.61) and smaller for synonyms (40.53 to
+0.57), suggesting the model partially accepts semantically
related substitutions.

Applying our symbolic rule framework (R1: A > 0.4;
R2: recovery > 90% of |A|; and R3: L* € TopLayers,)
the schema model achieved 76% overall PASS rate
(76/100 examples) versus 59% for the NO_Schema
model’(Table 2). Category-specific PASS rates ranged from
55% (DB-Synonyms) to 95% (Non-DB-Scramble) for the
schema model, consistently exceeding the NO_Schema
baseline across all categories. The consistent advantage
across all five categories and large effect sizes with non-
overlapping CIs support the framework’s discriminative
power.

Passing examples exhibited strong circuit consistency:
among 76 schema-model examples satisfying R3 (indicating
all three rules passed), Layers 0-2 collectively accounting
for 89%. In contrast, the NO_Schema model showed dis-
tributed processing (modal layer usage: 34%). This layer-
level convergence in combination with high patching recov-
ery rates provides evidence for a localized, reusable schema-
checking circuit in the schema-trained model.

Category Effect (As — Ay) PASSs PASSy
DB-Synonyms +0.53 55% 25%
DB-Scramble +0.51 75% 70%
Non-DB-Syn +0.57 80% 45%
Non-DB-Scr +2.28 95% 85%
Super-Scr +0.77 75% 70%
Overall +0.93 76% 59%

Table 2: Per-category results across 100 examples (20 per
category).

Discussion

Our results show that mechanistic evaluation distinguishes
algorithmic learning from pattern-matching more effectively
than standard metrics. The schema model achieved 76%
pass rate while the NO_Schema baseline reached 59%, a 17-
percentage-point gap (compared to a 5-percentage-point gap
in standard accuracy testing). This inversion shows that sur-
face metrics dramatically underestimate the difference be-
tween genuine algorithmic learning and pattern exploitation.

The symbolic mechanistic evaluation distinguishes these
cases where standard metrics fail. The symbolic rule system
provides interpretable diagnostics where R1 failures indicate
the model ignores critical input features, R2 failures reveal
distributed rather than localized computation, and R3 fail-
ures show inconsistent processing across examples.

Current benchmarks face widespread data leakage with
no reliable detection consensus. Models exploit spurious

ZAlternative thresholds (R1: A € {0.25,0.3}; R2/R3: >
80%, 95%) showed schema model outperforming baseline by 10-
20pp across all combinations, suggesting rules are robust to thresh-
old noise.
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patterns even in clean test sets. Our NO_Schema baseline
demonstrates this by achieving 93.5% field-name accuracy
despite lacking the intended algorithm. Standard evalua-
tion cannot detect this failure mode, however our symbolic-
mechanistic approach correctly identifies this limitation.

Conclusion and Future Work

This work introduces a mechanism-aware evaluation frame-
work combining symbolic rules with mechanistic inter-
pretability to separate genuine generalization from pattern
exploitation. Applied to NL-to-SQL, we show that a model
reaching 93.5% field-name accuracy achieves only 59%
on mechanism consistency checks, demonstrating that stan-
dard metrics cannot reliably assess whether models use in-
tended algorithms. The hierarchical rule system provides in-
terpretable diagnostics and serves as a template for tasks
with well-defined algorithmic primitives such as retrieval,
grounding, or structured parsing.

Three limitations suggest productive future directions.
First, our rules depend on hyperparameters that need careful
tuning. Second, activation patching risks distribution shifts
that may enable recovery through confounding pathways;
while we use convergent validation across multiple interven-
tion types, future work should triangulate with path patch-
ing, causal tracing, or ablation studies. Third, symbolic rules
become hard to define for complex tasks lacking clear al-
gorithmic primitives. Our framework suits targeted capabil-
ity assessment more than holistic evaluation. More broadly,
mechanism-aware evaluation surfaces failure modes invis-
ible to accuracy metrics. As model contamination grows
widespread and pattern matching grows more sophisticated,
verifying that models implement intended algorithms be-
comes essential. Future benchmarks should require mecha-
nism certification alongside accuracy reporting, particularly
in high-stakes domains where reasoning transparency mat-
ters.
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