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Abstract

Mechanistic interpretability research faces a
gap between analyzing simple circuits in toy
tasks and discovering features in large mod-
els. To bridge this gap, we propose text-to-SQL
generation as an ideal task to study, as it com-
bines the formal structure of toy tasks with real-
world complexity. We introduce TinySQL, a
synthetic dataset progressing from basic to ad-
vanced SQL operations, and train models rang-
ing from 33M to 1B parameters to establish a
comprehensive testbed for interpretability. We
apply multiple complementary interpretability
techniques, including edge attribution patching
and sparse autoencoders, to identify minimal
circuits and components supporting SQL gen-
eration. QOur analysis reveals both the poten-
tial and limitations of current interpretability
methods, showing how circuits can vary even
across similar queries. Lastly, we demonstrate
how mechanistic interpretability can identify
flawed heuristics in models and improve syn-
thetic dataset design. Our work provides a
comprehensive framework for evaluating and
advancing interpretability techniques while es-
tablishing clear boundaries for their reliable
application.

1 Introduction

The circuit discovery approach in mechanistic in-
terpretability (MI) has largely focused on small
models solving simple tasks, such as arithmetic
(Quirke and Barez, 2024; Nanda et al., 2023a) and
indirect object identification (Wang et al., 2023).
While these studies revealed key mechanisms, re-
liance on toy tasks limits validation and comparison
across interpretability methods. Recent work has
shifted toward feature discovery using sparse au-
toencoders (SAEs) (Huben et al., 2023; Templeton
et al., 2024), but linking these insights to circuit-
level understanding remains difficult without inter-
mediate tasks that support both approaches.
Text-to-SQL generation provides an ideal middle

ground, as SQL’s formal structure makes it more
tractable than general language generation while
still requiring natural language understanding. This
enables systematic comparisons of interpretability
methods within a task complex enough to reflect
real-world challenges.

Existing text-to-SQL datasets like Spider (Yu
et al., 2019) and WikiSQL (Zhong et al., 2017) are
too complex and noisy for rigorous interpretability
analysis. To address this, we introduce TinySQL, a
curated dataset that enables controlled analysis of
how transformers learn and generate SQL queries.
TinySQL progresses through text-to-SQL tasks of
increasing complexity, isolating key aspects of the
generation process while maintaining structural
consistency. Alongside the dataset, we train and
release models of 33M, 0.5B, and 1B parameters,
providing a comprehensive testbed for interpretabil-
ity research.

Our analysis combines multiple complementary
interpretability techniques to study SQL genera-
tion. Using Edge Attribution Patching (EAP), we
identify minimal circuits supporting SQL query
generation. In parallel, our SAE analysis reveals
consistent patterns in how the same base model
fine-tuned on different tasks yield similar inter-
pretable heads. Lastly, our activation patching
experiments reveal the challenges of identifying
consistent mechanisms even across similar queries,
providing insights into the limitations of current
methods.

The contributions of our paper are as follows:

1. We introduce TinySQL, a structured text-to-
SQL dataset bridging toy tasks and real-world
applications. By controlling task complex-
ity along multiple dimensions, as well as re-
leasing models of different sizes trained on
different subsets of TinySQL, we provide a
robust testbed for mechanistic interpretability
research.
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Figure 1: (a) TinySQL is broken down into 7 subsets of varying complexities, across both SQL query and user query
axes. (b) We train and release a comprehensive set of models on each dataset subset.(c) We apply MI techniques
across various configurations to understand model behavior and compare results.

2. Through systematic application of multiple in-
terpretability methods (EAP, SAE, activation
patching), we demonstrate both the strengths
and limitations of current techniques for cir-
cuit identification. Our analysis reveals how
circuits can vary even across similar queries,
providing important insights into the reliabil-
ity of current interpretability methods.

3. We show how mechanistic interpretability can
be used to identify and remove unintended
shortcuts in synthetic datasets. By tracing
model behavior back to specific dataset char-
acteristics, we demonstrate a practical ap-
proach for improving synthetic dataset design
through interpretability findings.

Our work advances understanding of neural net-
works in structured query processing and outlines
a roadmap for future MI studies. By identifying
limitations and breaking points, we define clear
boundaries for reliable application and highlight
areas needing new approaches.

2 Background
2.1 Mechanistic Interpretability Approaches

Early mechanistic interpretability (MI) research
focused on discovering specific computational cir-
cuits in small language models through carefully
controlled tasks. These studies identified mecha-
nisms for indirect object identification (Wang et al.,
2023), docstring generation (Stefaan Hex, 2023),
and number incrementation (Nanda et al., 2023b),
but remained limited by their reliance on highly
specialized tasks. However, these investigations re-
mained limited to highly specific tasks that offered
few natural paths for extension. While automated

methods like ACDC (Conmy et al., 2023) and EAP
(Syed et al., 2023) helped automate circuit discov-
ery, interpreting these circuits still required exten-
sive manual analysis.

Recent work with SAEs (Huben et al., 2023;
Templeton et al., 2024) has enabled large-scale
model behavior analysis, with Marks et al. (2024)
using SAE features to uncover interpretable circuits
for tasks like subject-verb agreement. However,
a key challenge remains: once we understand a
model’s behavior in one context, the next meaning-
ful step is unclear, hindering systematic research
and clear progress in model mechanism understand-
ing.

Text-to-SQL generation offers a unique middle
ground for advancing MI research. The task com-
bines the formal structure needed for circuit anal-
ysis with the semantic complexity of natural lan-
guage understanding, making it an ideal testbed for
bridging interpretability methods across scales.

2.2 Text-to-SQL Generation

Text-to-SQL is a task where models generate SQL
queries from natural language requests. Given
a database schema and a query like “Show me
all employee salaries”, the model must produce
the correct SQL query “SELECT salary FROM
employees”.

Text-to-SQL is a step up from toy tasks in MI
research while retaining structure for rigorous anal-
ysis. Each query maps to a single answer, allowing
clear evaluation, unlike general code generation.
The task also exhibits systematic patterns, such as
“how many” mapping to COUNT and “highest” to
ORDER BY DESC.



2.3 Text-to-SQL Datasets

Spider (Yu et al., 2019) established a foundation
for text-to-SQL research by focusing on cross-
domain generalization through multiple tables and
schemas. Its variants explore different aspects of
complexity: Spider-Syn (Gan et al., 2021) tests
semantic understanding by replacing schema terms
with synonyms, while Spider-Real (Deng et al.,
2020) aligns more closely with natural user queries
by omitting explicit column names. These datasets
collectively enable research into model robustness
across synthetic and real-world scenarios.

The field evolved from simpler beginnings with
WikiSQL (Zhong et al., 2017), which focused
on single-table queries from Wikipedia to enable
large-scale evaluation. More recent efforts like
Gretel synthetic SQL (Meyer et al., 2024)
and SQL-create-context (b mc2, 2023) have
balanced synthetic data generation with authentic
query patterns, reflecting the community’s growing
emphasis on combining controlled generation with
real-world applicability.

However, these existing datasets prioritize train-
ing high-performance models through diverse,
complex queries rather than supporting con-
trolled experiments. Even synthetic resources
like gretelai/synthetic_text_to_sql lack the
systematic progression of complexity needed for
mechanistic interpretability research. This gap mo-
tivates our development of TinySQL, which draws
inspiration from machine learning’s long history
of using synthetic data to control task complexity
and enable clear evaluation. By providing care-
fully controlled progression of query complexity
while maintaining consistent structure, TinySQL
bridges the divide between performance-focused
datasets and the controlled environment needed for
interpretability research.

3 The TinySQL Dataset

To enable rigorous MI research, we need datasets
that progress systematically from toy-like tasks
suitable for circuit analysis to realistic tasks that
capture core text-to-SQL challenges. Each level
must provide enough examples for both model
training and detailed experimentation. TinySQL
implements this through two independent axes:
SQL command complexity and language variation.

This design enables comparative analysis - train-
ing models on different complexity levels to study
base task handling or examining how language vari-

ation impacts SQL generation.

3.1 Dataset Structure

TinySQL structures tasks along two dimensions:
SQL complexity and query language variation, iso-
lating specific model behaviors while maintaining
consistent task patterns.

SQL Command Levels. Tasks are organized into
three levels of increasing SQL complexity:

¢ CS1 (Basic Queries) focuses on fundamental
SELECT-FROM operations. Example: “Show
me the salary from employees” — SELECT
salary FROM employees

e CS2 (Ordered Queries) introduces ORDER BY
clauses. Example: “Show employee salaries
from highest to lowest” — SELECT salary
FROM employees ORDER BY salary DESC

* CS3 (Aggregation Queries) adds aggrega-
tion functions and grouping. Example: “How
many employees are in each department?” —
SELECT COUNT(id) FROM employees GROUP
BY department

Query Language Variants . For each command
level, we provide three variants of increasing lin-
guistic complexity:

» The Base (CSx) variation uses rigid templates
where field and table names exactly match the
schema, providing a controlled baseline for
studying SQL generation mechanisms.

* The Synonyms (CSx_Syn) variation intro-
duces semantic mapping between query terms
and schema fields (e.g., “earnings” mapping
to “salary”), testing models’ ability to han-
dle semantic equivalences. This is inspired
by synonym-based datasets like Spider-Syn
(Gan et al., 2021) and ADVETA (Pi et al., 2022).

e The Natural (CSx_Nat) variation allows flex-
ible natural language phrasing while targeting
the same SQL operations. This most closely
resembles real-world usage, and it is currently
limited to CS1 queries due to the difficulties
of ensuring dataset quality.

The complete dataset consists of seven task vari-
ants (CS1/2/3, CS1/2/3-Syn, and CS1-Nat), each
containing 100,000 examples generated through a
systematic data creation pipeline that ensures con-
sistency with our design principles.



3.2 Dataset Generation Methodology: CSx,
CSx_Syn

We developed an automated pipeline to generate
SQL queries with increasing complexity while
maintaining consistent patterns and structures for
systematic progression and controlled experimen-
tation.

Each dataset variant contains 100,000 exam-
ples, split into training (76.5%), validation (13.5%),
and test (10%) sets. While patterns are consistent
across splits, we ensure no direct overlap of specific
examples.

Each example consists of three components, the
natural language instruction, the table schema con-
text, and the target SQL query and is generated as
follows:

Step 1: Schema Generation. Each example fea-
tures a single table with a randomly chosen name
from a set of 200 common options (e.g., employees,
products). Columns are drawn from a larger pool
of 300 database fields (e.g., user_id, timestamp),
paired with appropriate SQL types (e.g., INTEGER,
VARCHAR). Tables contain 2-12 columns, with cer-
tain fields restricted to relevant tables (e.g., salary
only in employment-related tables) for semantic
coherence.

Step 2: Target Query Generation. Based
on command set level, we generate SQL queries
with increasing complexity. CS1 creates ba-
sic SELECT-FROM statements, selecting random
schema columns. CS2 adds ORDER BY clauses
(90% probability), randomly choosing ascending
or descending order. CS3 introduces aggregate
functions (COUNT, SUM, AVG, MIN, MAX), applied to
numeric columns with an 85% probability, ensur-
ing compatibility with data types (e.g., SUM and AVG
for numeric fields).

Step 3: Instruction Generation. We translate
SQL queries into natural language using a set of
50 templated patterns. These patterns range from
direct commands (“Show me X from Y”’) to ques-
tions (“What are the X in Y?”’) and complex con-
structions (“From Y, get me X ordered by Z”). For
base variants (CS1-3), we use exact table and col-
umn names. For synonym variants (CSx_Syn), we
replace 80% of table names and 50% of column
names with synonyms. The templates maintain con-
sistent structure while varying surface form. Aggre-
gate functions have their own set of 20 dedicated
phrase patterns (e.g., “average of X — “AVG(X)").

Step 4: Quality Checks. We implement an auto-

mated scoring system that evaluates generated SQL
along multiple dimensions. It considers structural
correctness (proper clause placement), semantic va-
lidity (field name matching), and implementation
accuracy (correct aggregation and ordering). The
system assigns partial credit based on component-
wise correctness, allowing for fine-grained evalua-
tion of model outputs.

3.3 Dataset Generation Methodology:
CSx_Nat

We additionally explore a synthetic dataset gen-
eration method using Gretel ADl's Data De-
signer!. By defining two categorical seed columns
(table_name and instruction_phrase) and sev-
eral generation columns (e.g., column_names,
selected_columns), we prompt Gretel’s language
models to produce varied table names, column
sets, and natural instructions. We then assemble
them into structured SQL queries, applying post-
processing rules for syntactic correctness. This ap-
proach further diversifies our text-to-SQL dataset
by introducing additional schema and instruction
variety. More details in App. 3.3.

3.4 Models Trained

We fine-tune three base models to perform the text-
to-SQL task. We call them BM1, BM2, and BM3:

e BM1: TinyStories-33M (Eldan and Li,
2023), a 2-layer model with 33M parameters.

e« BM2: Qwen2.5-0.5B-Instruct (Team,
2024), a model of approx. S00M parameters.

* BM3: Llama-3.2-1B-Instruct (Grattafiori,
2024), a 1B-parameter Llama variant.

Each model is fine-tuned on three SQL complexity
levels (CS1, CS2, CS3), combined with either base
or synonym versions, resulting in six variations.
We use shorthand like BM1_CS1 and BM1_CS1_Syn
for BM1 fine-tuned on CS1 base and synonym ver-
sions, extending similarly to other variants. This
produces 18 fine-tuned checkpoints (three base
models X six datasets). Refer App.D for training
details, and App.F.1.1 for examples of the model
input format.

Performance Overview. All three base models
reliably converge on all six dataset variants. For
example, fine-tuned BM1 achieves over 85% exact-
match accuracy on CS3_Syn, the most challenging

"https://gretel.ai/navigator/data-designer
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variant, while BM2 and BM3 exceed 98% on most
tasks. See App.D and Tab.4 for details. These
results show that even smaller transformer archi-
tectures can learn robust text-to-SQL generation
on TinySQL, providing a strong foundation for MI
analysis.

4 Experiments

Our experiments included understanding how a
model trained on a different set of tasks performs
on one specific task.

4.1 Mechanistic Interpretability Techniques

In circuit analysis, we view the model as a compu-
tational graph G = (V, E), where circuits are sub-
graphs implementing specific functions (Conmy
et al., 2023; Wu et al., 2024). The resolution of
these nodes varies from layers, to sublayers (atten-
tion, MLP), and to individual components (atten-
tion head, MLP neuron).

Activation Patching. Given a clean input z. and
corrupted input x4, activation patching copies an
activation on the corrupted input h;(x4) from node
¢ into the clean run. The causal effect of node 7 is
measured by comparing model outputs with and
without patching: f(zc; hi < hi(xg)) — f(xe),
where f is some metric such as the logit difference
between two tokens in the output distribution. This
identifies which layers are crucial for the target
computation (Meng et al., 2022).

Attribution patching. Attribution patching is a
linear approximation to activation patching around
the corrupted input. For node ¢, instead of run-
ning the model with the patched activation, we ap-
proximate the causal effect as (h;(x.) — hi(zq)) -
Vi, f(za), where V), is the gradient of the model
output with respect to activation h;. This allows
computing all patches with just two forward passes
and one backward pass (Nanda, 2023).

Edge Attribution Patching (EAP). Given clean
input z. and corrupted input x4, EAP measures
how each edge E' in the computational graph af-
fects the model’s behavior. For edge E with clean
activation e, and corrupted activation ey, we ap-
proximate its causal effect as ApL = (eq — e) -
VeL(x.), where L is the task-specific metric. The
absolute attribution score |A g L| ranks edge impor-
tance, allowing identification of the most crucial
edges for a given task (Syed et al., 2023). The sub-
network is typically obtained by keeping the top k
edges, where k is a chosen hyperparameter.

Sparse Autoencoder Features. Neural net-
works often learn to encode multiple distinct fea-
tures in overlapping directions, which makes their
internal representations difficult to interpret. Sparse
Autoencoders (SAEs) address this by learning an
encoder £ : R™ — R™ and decoder D : R™ —
R™ that reconstruct model activations x while en-
forcing sparsity in the latent space, minimizing
|z— D(FE(x))|? under appropriate constraints. This
sparsity forces the autoencoder to learn a basis set
of features that activate independently and rarely,
which often correspond to human-interpretable con-
cepts (Huben et al., 2023).

4.2 Basic SQL Generation

Input Corruption. To understand how BM1_CS1
generates field and table names in the CS1 task,
we corrupt either the instruction or schema context
by replacing names with alternatives (e.g. using
"table_a" in the instruction but "table_b" in the
CREATE TABLE statement, and similarly for field
names). If the corruption does not hurt perfor-
mance, it implies that the model does not signifi-
cantly depend on that part of the context.

We find that the model consistently uses table
names from the schema context while taking field
names from the instruction, ignoring conflicting
names in the other source. This strategy works for
models trained on CS1 since field names appear
identically in both locations. Hence, we created
our synonym variants (CSx_Syn), which require
models to develop more sophisticated mechanisms
for mapping between equivalent terms rather than
relying on exact matches. Given these results, we
now will focus on models trained on the synonym
variants to study more realistic text-to-SQL behav-
iors.

Activation Patching. To minimise confound-
ing variables, we take only the queries in CS1
where the table only has three fields. We analyze
BM1_CS1-Syn’s field name prediction across four
prompt classes in CS1: (1-3) selecting a single field
from positions 1, 2, and 3, and (4) predicting the
second field after correctly generating the first in
a two-field query. For each prompt, we create two
corrupted versions - one with an alternative table
field and another with a neutral token. We ensure
that the clean and corrupted field name is always a
single token. We then patch in clean activations on
a corrupted run, and measure patch effectiveness
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using:

E(xclean|d0(E = epatch)) - Z(-Tcorr)
E(xclean) - E(xcorr)

where /(-) denotes the logit difference between the
correct and incorrect tokens.

Surprisingly, we observe high variability in
important attention heads, even between similar
prompts within categories. A set of examples in
App. E. This is especially notable given that we
have already tried to reduce the variance in tasks
by investigating specific prompt classes. This vari-
ability motivates our use of complementary tech-
niques like Edge Attribution Patching and sparse
autoencoders for more robust analysis.

L= (D

4.3 Finding Minimal Text-to-SQL Circuits via
EAP and Ablation

To idenfity the minimal circuits responsible for
SQL generation, we analyzed how the model pro-
cess components like table name, field names, and
ORDER BY clauses. We generated 15 batches of 100
paired clean and corrupted prompts for each SQL
feature (full set of features detailed in App. F.1.1).
We then performed EAP, selecting the 10 most im-
portant edges ranked by the task-specific metric
L (Eq. 1), similar to the one used for activation
patching, which produces scores near 1 for essen-
tial edges and near O for less relevant ones.

For each feature, we ran EAP four times across
all combinations of semantic field and table name
variations. While we obtain 10 edges per batch, we
retain only the edges appear across batches consis-
tently - requiring 100% consistency for CS1 and
CS2, and 80% for CS3 due to its increased com-
plexity. The full results appear in Figures 14, 15,
and 16 in the appendix. After running EAP for
all features, we obtain a set of edges per feature.
We then take the set of attention heads associated
with these edges across all features, and retain them
during the following ablation study.

Attention Head Ablation. To validate these find-
ings, we conducted systematic ablation experi-
ments across multiple model components. We first
ablated all the attention heads of the model, except
those associated with the edges that EAP identi-
fied. We then evaluated the Recovered Accuracy
by only using the set of attention heads identified as
important. We tested both mean-ablation and zero-
ablation techniques, though mean-ablation proved
less informative for our analysis. Figures 3, 4, and
17 demonstrate how model performance changes
when selectively removing components.

The ablation results are in Table 1. EAP per-
formed better on smaller BM1 models than on
larger BM2 and BM3 models. In BM1, it iden-
tified precise attention heads critical for the task,



Model ‘ Dataset ‘ Heads ‘ Recovered Accuracy (%)
| | Layer 0 Layer 1 |
BMI1_CS1_Syn | CS1 1,3,7,8,11,13,14,15 3,7,11,13,14,15 85.4
BM1_CS3_Syn | CSI 0,1,2,3,5,6,7,89,11,13,14 2,3,5,8,11,13,15 97.6
BM1_CS3_Syn | CS2 1,2,3,4,7,8,10,11,13,14 2,3,5,8,11,15 74.6
BM1_CS3_Syn | CS3 0,1,2,3,4,6,7,11,13,14 1,2,3,5,7,8,11,15 78.3
‘ ‘ Layers ‘
BM2_CS1_Syn | CS1 1,2,3,5,7,8,11,13,14,15 88.7
BM3_CS1_Syn | CS1 1,4,5,6,7,8,9,10,11,12,13,14,15 99.1

Table 1: Minimal circuits identified for Text-to-SQL tasks, showing the attention heads found using EAP and their
recovered accuracy. For BM1 models, heads are split between Layer 0 and Layer 1, while for BM2 and BM3 they

are reported across all layers.
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Figure 3: For model BM2_CS1_Syn with CS1 data,
accuracy improves with more unablated layers, consid-
ering only the attention heads in those layers.

allowing fine-grained selection. However, in larger
models, too few heads were found as the top edges
were often between MLP components, resulting
in low recovered accuracy (5-10%). To address
this, we retained entire layers whenever at least one
head was marked important by EAP. This adjust-
ment significantly improved accuracy at the cost of
including additional heads.

MLP and Layer Ablation. We extended our
analysis with systematic ablation of Multi-Layer
Perceptrons (MLPs) across different layers, mea-
suring their impact on model performance. Addi-
tionally, we performed zero and mean ablation on
full layer outputs (including attention heads and
MLPs).

We find that removing the first layer consistently
degraded performance across all configurations,
with accuracy dropping substantially as shown in
Figs.19. Removing entire layers (both attention
and MLPs) caused greater performance drops than
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Figure 4: For model BM1_CS3_Syn with CS3 data,
accuracy increases with more unablated attention heads.

ablating individual components, as seen when com-
pared to MLP-specific ablations (Figs. 18).

4.4 SAE Feature Analysis for determining
influential features

To understand how models encode schema informa-
tion, we use SAEs to identify interpretable latent
features.

Experimental Setup. We first collect activation
data from each BMi_CSi_Syn model when applied
to its corresponding CSi and CSi_Syn datasets for
1 € 1,2. To understand how models trained on
complex tasks handle simpler queries, we also cre-
ate a “descending complexity" dataset by applying
BM1_CS2_Syn and BM1_CS3_Syn on CS1 data.

For training the SAEs, we use Belrose (2024)’s
package and follow the top-k regime from Gao et al.
(2024) with k£ = 16, an expansion factor of 4, and
6 training epochs with a learning rate of 8e — 4.
We find that the Fraction of Unexplained Variance
(FVU) remains below 0.05 across all models and
datasets. Training took approximately 1 hour for
BM1, 2 hours for BM2, and 6 hours for BM3, all
on a single A100 GPU. While our analysis focuses
on the BM1 SAEs, we also release the suite of



Model Dataset Layer 0 Layer 1
BMI1_CS1_Syn | CS1 1,8,10,7 | 13,4,2,1
BM1_CS1_Syn | CS1_Syn | 1,10,8,7 | 13,14,6,4
BM1_CS2_Syn | CS2 1,10,8,14 | 13,8,4,1
BMI1_CS2_Syn | CS2_Syn | 1,10,8,2 | 10,8,1, 13
BM1_CS3_Syn | CS1 1,8,10,14 | 6,1,2,5
BM1_CS3_Syn | CS2 1,8,10,14 | 6,1,2,5
BM1_CS3_Syn | CS3 1,10,8,14 | 6,2,1,13
BM1_CS3_Syn | CS3_Syn | 1,10,8,7 | 2,6,1,13

Table 2: From SAE feature analysis, important attention
heads for generating table field tokens accurately. Note
the similarity in Layer O heads across the three models.

SAEs for BM2 and BM3.

Next, we identify maximally activating SAE fea-
tures over key input elements and map them to
attention head outputs. For instance, we examine
SAE features activating over table field tokens in
generated SQL, averaged over 200 examples. For
each of the top five activating SAE features per
layer, we decode them back into original attention-
head output, average over these outputs, and then
pick the top four heads with largest magnitude acti-
vations.

Results. Table 2 presents these influential atten-
tion heads for BM1’s table field processing. Across
all three command datasets, BM1_CS*_Syn con-
sistently uses similar attention heads in Layer O
when processing table field tokens. This consis-
tency suggests that attention mechanisms converge
similarly across different trainings and datasets.

Most notably, the BM1_CS3_Syn model em-
ploys the same heads across CS1, CS2, CS3, and
CS3_Syn datasets, suggesting that the mechanism
for processing table field tokens remains largely un-
changed despite increasing query complexity. This
finding aligns with our understanding that the main
differences between these datasets lie in the choice
of SQL keywords (such as GROUP BY, SUM, etc.).

For additional analysis on how the model process
table names and ORDER BY or GROUP BY tokens, see
App. G, particularly Table 5 and Table 6.

5 Discussion

5.1 Differences in MI techniques

Our research demonstrated that different mecha-
nistic interpretability methods can yield varying
results. We observed these differences not only be-
tween different approaches like SAEs and EAP, but
also within individual methods. For instance, our

activation patching experiments on a specific sub-
set CS1 prompts (Section 4.2) produced different
results, even when the prompts had largely similar
structures. Furthermore, researchers must navigate
many nuanced decisions that could change results,
such as choosing between zero or mean ablation
(Miller et al., 2024), or whether to patch a corrupted
output into a clean run or vice versa (Heimersheim
and Nanda, 2024).

This variability in results represents a funda-
mental challenge in mechanistic interpretability
research. Hence, we believe that TinySQL’s con-
trolled progression of tasks and systematic struc-
ture makes it an ideal platform for investigating
these methodological differences and developing
more reliable interpretability techniques.

5.2 Improving Synthetic Datasets through MI
Analysis

Our initial dataset used newlines to make the SQL
query easier to read, but the trained models ended
up relying on these newlines to process the field
names, leading to poor generalization on differently
formatted queries. By removing these formatting
artifacts, we stopped the model from exploiting
unintended signals and created a cleaner dataset
that better tested SQL understanding.

Furthermore, we found that models trained on
CS1 to CS3 were predicting the field name based
solely on the user query, and not the table schema.
This enabled an iterative refinement process where
we could identify problematic patterns in model
behavior, trace them back to specific dataset char-
acteristics, and make targeted improvements to the
synthetic data. This approach helped ensure our
datasets actually test the capabilities we intend to
measure, rather than allowing models to succeed
through undesired shortcuts. Hence, we believe
that MI could help improve synthetic datasets on
programmatic tasks in this manner.

6 Conclusion

We present TinySQL, a dataset with increasingly
complex SQL command subsets, as well as trained
models of differing sizes. Our analysis of multiple
interpretability methods (EAP, SAE, and activation
patching) reveals both consistent patterns and lim-
itations in interpreting models, highlighting areas
where current interpretability techniques need im-
provement while providing a testbed for improving
the robustness of interpretability techniques.



Limitations

Time constraints meant we did not include planned
more-complex SQL subsets including SQL joins,
where clauses and multiple tables. Our findings
may not generalize to all SQL dialects or database
systems. Also, our mechanistic understanding of
the model algorithm is incomplete, and so also is
our ability to compare algorithms between models.

While we were to leverage our MI results to
improve our training data, we were not able to use
our MI results to improve model performance post-
training. Given time constraints, we did not run all
our analyses on all models, e.g. while we trained
SAEs on all of BM1 through BM3, we only studied
these on BM1.

Ethical Considerations

This research primarily impacts the technical ro-
bustness of SQL understanding models. Our
datasets should lead to more reliable database
query systems, benefiting software developers and
database administrators. As our work focuses on
technical SQL syntax understanding using syn-
thetic data, it presents minimal risks of societal
harm or misuse.
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A Note on Al assistance

Al assistance was used for code development and
improving the phrasing of the manuscript, while
all analyses and conclusions were independently
derived by the authors.

B Working Note on Over-training

An LLM trained from scratch on our CSn train-
ing data should predict SQL very accurately as it
can assume the answer is always “SELECT some
fields FROM some table ORDER BY some fields
WHERE some clauses”. To investigate whether
we have over-trained the LLM to be SQL specific,
we measure the model performance, before and
after refinement training, on general tasks. In the
TinyStories case, we use story telling tasks and
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evaluations as per the original paper, as shown in

Table3
BM1 BM2 BM3
SQL | Story | SQL | Gen | SQL | Gen
Base | 2% | 95% | 24% | 92% | 24% | 91%
CS1 | 93% | 92% | 92% | 87% | 90% | 88%
CS2 | 83% | 88% | 81% | 82% | 89% | 86%
CS3 | 63% | 85% | 75% | 79% | 88% | 84%

Table 3: The base (unrefined) models show limited abil-
ity to perform text-to-SQL tasks (columns "SQL"). For
the command sets CS1, CS2 and CS3, the refined mod-
els, especially the LLMs, perform much better, while re-
taining most of their general capability (columns "Story"
and "Gen").

C Dataset details
C.1 Dataset Statistics for CSx_Syn

The full dataset contains 300,000 queries across
all variants split into train, validation, and
test sets, with 100,000 queries per command
set. The average query length using the
meta-llama/Llama-3.2-1B-Instruct tokenizer
ranges from 12.91 tokens for CS1, 26.52 tokens for
CS2, and 41.76 tokens for CS3.

C.2 Dataset Generation Methodology:
CS1_Nat

We use Gretel AI’s Data Designer?, which employs
a compound Al pipeline controlled by a YAML
specification, to create a synthetic dataset we call
CS1_Nat. Our configuration includes:

* Categorical seed columns: We define
two main seed columns, table_name and
instruction_phrase, each populated with
a diverse set of possible values (e.g., 100 table
names, 60 instruction patterns). These serve
as anchors, ensuring rich contextual variety in
the generated rows.

* Generated data columns: We specify
prompts for each generated column:

column_names: Produces domain-
relevant, snake_case field names.

selected_columns: Selects a subset of
those field names for the final SQL query.
column_data_types: Pairs each chosen
field name with an appropriate SQL type
(e.g., INT, VARCHAR).

2https://gretel.ai/navigator/data-designer
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— sql_prompt: Reformulates table and
column references into more natural in-
struction phrases, injecting synonym va-
riety.

sql_context: Composes a CREATE
TABLE statement by combining field
names and data types into a cohesive
schema definition.

sql: Produces a full SELECT query
matching the generated schema and con-
text.

* Post-processors: We apply validation checks
to confirm syntactic correctness and logical
coherence, ensuring the generated SELECT
query aligns with the declared table schema
and the instruction phrase.

By adjusting prompts and carefully selecting
seed column values, we ensure each generated in-
struction and corresponding SQL query remains
unique and contextually consistent. The resulting
dataset is then partitioned into training, validation,
and test splits for further use in text-to-SQL model-
ing and MI studies. All configuration details and
additional examples are available upon request, en-
abling reproducibility and further exploration of
prompt-based synthetic data generation.

Below is a simplified sample of the configuration
file used to generate CS1-Nat using Data Designer:

model_suite: apache-2.0

special_system_instructions: >-
You are a SQL expert. Your role is
to write SQL prompts, SELECT,
and CREATE TABLE statements.

categorical_seed_columns:
- name: table_name
values:
- users
- user_profiles
- name: instruction_phrase
values:
- ““Construct an SQL query to''
““Retrieve the''

generated_data_columns:
- name: sql_prompt
generation_prompt: >-
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Generate a concise natural
language instruction for ..
- name: sql_context
generation_prompt: >-
Generate the SQL CREATE TABLE
statement for a table
named '{table_name}'...
- name: sql
generation_prompt: >-
Generate a SQL statement ...

post_processors:
- validator: code

This systematic approach ensures reproducible
dataset generation while maintaining controlled
progression in task complexity. The explicit proba-
bilities and controlled vocabularies enable consis-
tent generation across different implementations.

D Trained Models

Base Model Licenses. The base model for BM1,
TinyStories-33M (Eldan and Li, 2023),is re-
leased under the MIT license. The base model
for BM2, Qwen2.5-0.5B-Instruct (Team, 2024),
is released under the Apache 2.0 license. The
base model for BM3, Llama-3.2-1B-Instruct
(Grattafiori, 2024), is released under the Llama 3.2
Community License.

Training Details. We use the transformers li-
brary and the trl extension for instruction fine-
tuning using the standard alpaca template. Models
are trained using an AdamW optimizer with weight
decay of 0.01. The learning rate used is 1 x 1072,
a value chosen based on preliminary experiments
showing that higher rates led to larger validation
oscillations and less stable convergence. We em-
ploy 100 warmup steps at the beginning of train-
ing. Each model is trained for a single epoch over
76,500 training examples, with 13,500 validation
and 10,000 test examples in each dataset split. We
use a maximum sequence length of 512 tokens. The
effective batch size is 32 per update step, achieved
by running on four GPUs with a per-device batch
size of 8 and a gradient accumulation step of 1.
For BM2 and BM3, we enable flash-attention
v2 for efficient attention computation and reduced
memory overhead. The padding side is config-
ured based on each model’s tokenizer requirements,
and new tokens (e.g. a dedicated <pad> token) are
added or resized if needed to accommodate smaller
or older base models (e.g. TinyStories). Training



took about 1 hour / epoch for TinyStories and about
2 hours / epoch on Llama / Qwen models on 2 x
A100 GPUs.

We trained basic and semantic models as shown
in Table 4.

Figure 5: Training and Validation loss curves for instruc-
tion tuning BM1 (TinyStories-Instruct-2Layers-33M)
on CS1_Syn, CS2_Syn, CS3_Syn

Figure 6: Accuracy curves for instruction tuning
BM1 (TinyStories-Instruct-2Layers-33M) on CS1_Syn,
CS2_Syn, CS3_Syn

Figure 7: Training and Validation loss curves for instruc-
tion tuning BM1 (TinyStories-Instruct-2Layers-33M)
on CS1, CS2, CS3

E Activation Patching Results

Across prompts across all classes, we find that the
activation patching results differ quite significantly
from each other, even for prompts in the same class.
We provide a sample of 4 examples in Figure 9
in App.E, and we note that this variation persists
throughout all examples.

Validation Prediction Accuracy

Figure 8: Accuracy curves for instruction tuning BM1
(TinyStories-Instruct-2Layers-33M) on CS1, CS2, CS3

F Circuit Identification

F.1 Edge Attribution Patching (EAP) Results

We run the Edge Attribution Patching (EAP) ex-
periment as described in Sec. 4.3 on a set of clean
and corrupted prompt pairs. For each model, we
determine which features to corrupt based on the
complexity of the command set being evaluated.
Typically, we corrupt one token at a time, then
input the clean and corrupted prompt pairs into
the EAP algorithm to identify the set of important
edges for each feature.

To ensure reliability, we run EAP on 15 batches
of 100 prompts each, recording only the edges that
appear across all batches above a chosen threshold.

F.1.1 Features used per dataset

For the CS1 command set, where SQL statements
follow this structure:

### Instruction: show me the type and date
from the orders table ### Context: CRE-
ATE TABLE orders ( type CHAR, date INT
) ### Response: SELECT type, date FROM
orders

We identify the following key features for correct
response prediction:

* EngTableName: Table name in the ### In-
struction

* EngFieldName: Field name in the ### In-
struction

e DefTableName: Table name in the ### Con-
text

e DefFieldName: Field name in the ### Con-
text



Abbrev. Model CSn Type Exact-match Accuracy
BM1_CSO TinyStories | N/A N/A 0%**
BM2_CSO Qwen 2.5 N/A N/A 10%**
BM3_CSO Llama 3.2 | N/A N/A 10%**
BM1 _CS1_1.8 TinyStories | CS1 Basic 98.79%
BM1_CS1_1.10 | TinyStories | CS1_Syn | Semantic 92.97%
BM1 _CS2 2.8 TinyStories | CS2 Basic 97.62%
BM1_CS2_2.10 | TinyStories | CS2_Syn | Semantic 92.02%
BM1_CS3_3.8 | TinyStories | CS3 Basic 94.31%
BM1_CS3_3.10 | TinyStories | CS3_Syn | Semantic 85.63%
BM2_CS1_4.2 Qwen 2.5 CS1 Basic 100.0%
BM2 _CS1 4.3 Qwen 2.5 CS1_Syn | Semantic 99.52%
BM2_CS2_52 | Qwen?2.5 CS2 Basic 100.0%
BM2_CS2_53 | Qwen 2.5 CS2_Syn | Semantic 99.55%
BM2_CS3_6.2 | Qwen 2.5 CS3 Basic 99.82%
BM2_CS3_6.3 | Qwen 2.5 CS3_Syn | Semantic 98.88%
BM3_CS1_7.2 | Llama 3.2 CS1 Basic 100.0%
BM3_CS1_7.3 Llama 3.2 CS1_Syn | Semantic 99.67%
BM3_CS2_8.2 | Llama 3.2 CS2 Basic 100.0%
BM3 CS2 8.3 Llama 3.2 CS2_Syn | Semantic 99.63%
BM3_CS3_9.2 | Llama3.2 | CS3 Basic 99.94%
BM3_CS3 9.3 Llama 3.2 CS3_Syn | Semantic 99.43%

Table 4: The base models (TinyStories-Instruct-2Layers-33M, Qwen2.5-0.5B-Instruct and Llama-3.2-1B-Instruct
show limited ability to perform text to SQL tasks. The trained models, especially the LLMs, perform much better,
while retaining most of their general capability. ** The evaluation is strict as it requires the model provide just the
answer without any additional preface or text, explaining the low zero-shot scores here for Llama and Qwen

For each feature, we corrupt prompts by replac-
ing only the feature with a random word while
keeping everything else unchanged. We then run
EAP and record the results.

For the CS2 command set, where SQL state-
ments follow this structure:

### Instruction: show me the category
and value from the links table ordered by
value in ascending order ### Context: CRE-
ATE TABLE links ( category CHAR, value
TEXT ) ### Response: SELECT category,
value FROM links ORDER BY value ASC

We use the same features as in CS1 and add:

* OrderByField: Field used for ordering in the
### Instruction (value in the example)

* OrderByDirection: Ordering direction in the
### Instruction (ascending in the example)

For the CS3 command set, where SQL state-
ments follow this structure:
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### Instruction: From orders, get me least
recent code with the highest code ### Con-
text: CREATE TABLE orders ( weight
CHAR, code TEXT ) ### Response: SE-
LECT MIN(code) AS MIN_code FROM
orders ORDER BY code DESC

In addition to the CS2 features, we introduce:

» AggregateField: Field used for aggregation
in the ### instruction (code in the example)

» AggregateFunction: Term indicating the ag-
gregation function in the ### Instruction (high-
est in the example)

F.1.2 EAP results

Once we generate our set of batches for each fea-
ture, we run the EAP algorithm and record the most
important edges.

For each run, we select the top 10 edges per
batch and retain only the edges that appeared at
least T% of the time across batches. For CS1 and
CS2, we set T = 100, while for CS3, we set T = 80.



Layer-Head Patching Analysis for BM1/CS1-Syn on CS1
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Figure 9: Activation patching results for 4 prompts, where the table contains three fields and the user queries for
only the first field of the table. Even when controlling for some variables, the results differ from prompt to prompt.

For each feature, we run EAP four times,
covering all possible truth-value combinations
of use_synonyms_field and use_synonyms_table.
This allows us to identify the set of edges respon-
sible for each feature in both semantic and non-
semantic cases.

After running EAP for all features in both cases,
we obtain a set of edges per feature. We then aggre-
gate these edges, extract their corresponding nodes,
and use them later in the Ablation Study. Results of
EAP are shown in Fig. 14 for CS1, Fig. 15 for CS2
and Fig. 16 for CS3. We only show results where
use_synonyms_field and use_synonyms_table are
both set to False.

F.2 Ablation Study Results

After selecting the set of attention head nodes using
EAP, we ablate all attention heads that are not part
of this set. We apply both zero ablation and mean
ablation, then compare the results, as shown in
Fig. 17. Our conclusions are presented in Sec. 4.3.

F.3 Multi-Layer Perceptron (MLP) Ablations

The next step was to keep the attention heads in-
tact and instead ablate MLP outputs to determine
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whether mean ablation produces the same results
and whether the model maintains its performance
when using average activations instead of actual
output activations. To compute the average activa-
tions, we use a batch of 200 examples.

Our conclusions were presented in Sec. 4.3.
However, the figures in Fig. 18 show that the first
layer plays a major role in all models. Additionally,
when a complex dataset is used (CS3), both layers
become important, and mean ablation no longer
preserves performance. This trend is consistently
observed across all cases of MLP ablations.

F.4 Full-Layer Ablations

In the same manner, we now ablate all the outputs
of a layer. Once again, we observe as shown in
Fig. 19 that layer 1 plays a more significant role in
generation. However, this trend shifts with more
complex command sets. When ablating entire lay-
ers, the model loses performance under both mean
ablation and zero ablation across all layers.

For larger models like Qwen, accuracy drops to
20% regardless of the number of layers ablated.



Model Dataset | Layer0 | Layerl

BMI1_CS1_Syn | CS1 [1,8,10,7] | [13,4,2,1]
BM1_CS1_Syn | CS1_Syn | [1,8,10,7] | [13,4,2,8]
BM1_CS2_Syn | CS2 [1, 10,8, 14] | [13,8,4, 1]
BM1_CS2_Syn | CS2_Syn | [1, 10, 8, 14] | [13, 8,4, 1]
BM1_CS3_Syn | CS3 [1,10,8,14] | [6,2,1,9]
BM1_CS3_Syn | CS3_Syn | [1,10,8,14] | [6,2,1,9]

Table 5: From SAE feature analysis, important attention
heads for generating table name tokens accurately.

Model | Dataset | Layer0 | Layerl

BM1_CS2_Syn | CS2 [1, 10,8, 14] | [13,8,1,4]
BMI1_CS2_Syn | CS2_Syn | [1, 10,8, 14] | [13,8,4, 1]
BMI_CS3_Syn | CS3 [1,10,8.14] | [6 2.1, 13]
BM1_CS3_Syn | CS3_Syn | [1, 10,8, 14] | [6,2, 1, 13]

Table 6: From SAE feature analysis, important attention
heads for generating order by and sort by tokens accu-
rately.

G SAE analysis

We show the important heads in BM1 for generat-
ing table tokens next in Table 5. We also consider
the important SAE features for generating the field
tokens used for "ORDER BY" or "GROUP BY"
type queries in Table 6.

Note that for response table names, Head 1
in Layer O is consistently the most important.
Whereas we see in Layer 1, that BM1_CS3_* mod-
els consistently use Head 6 as opposed to BM1 and
BM2 which use Layer 13.

The high degree of overlap between the heads
used for processing the table names, and the field
tokens, suggests that either these heads are polyse-
mantic, or that the model uses a similar mechanism
for selecting parts of the prompt to be used in the
final response.

We show now the SAE features most involved
in filling out the table name tokens, in par-
ticular for BM1_CS1_Syn, BM1_CS2_Syn and
BM1_CS3_Syn. See Figures 10, 11 and 12 for the
top activating SAE features by average magnitude.

We can map these to the actual attention outputs,
see for instance Figures 13a, 13b and 13c. We aver-
age over these to determine the influential attention
heads.
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Top Features by Layer for RESPONSE_FIELD on BM1_ON_CS1_SYN
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Figure 10: Average SAE activations for BM1_CS1_Syn
on CS1_Syn table fields.

Top Features by Layer for RESPONSE_FIELD on BM1_ON_CS2_SYN
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Figure 11: Average SAE activations for BM1_CS2_Syn
on CS2_Syn table fields.

Top Features by Layer for RESPONSE_FIELD on BM1_ON_CS3_SYN
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Figure 12: Average SAE activations for BM1_CS3_Syn
on CS3_Syn table fields.



Attention head outputs for BM1_on_CS1_transformer.h.0.attn_1688
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(a) BM1_CSI1 Attention outputs by head for SAE feature 1688
on Layer 0.

Attention head outputs for BM2_on_CS2_transformer.h.0.attn_1230
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(b) BM1_CS2 Attention outputs by head for SAE feature 1230
on Layer 0.

Attention head outputs for BM3_on_CS3_transformer.h.1.attn_2508
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(c) BM3_CS3 Attention outputs by head for SAE feature 2508 on Layer 1.

Figure 13: Attention outputs by head for selected SAE
features across models and layers.
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Figure 14: EAP results for different models and command set CS1: BM1_CS1_SYN (row 1), BM1_CS3_SYN
(row 2), BM2_CS1_SYN (row 3) and BM3_CS1_SYN (row 4). Each row presents results for EngTableName,
EngFieldName, DefTableName, and DefFieldName in that order.
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Figure 15: EAP results for model BM1_CS3_SYN on command set CS2: Results are for EngTableName, EngField-
Name, DefTableName, DefFieldName and OrderBy in that order.

Figure 16: EAP results for model BM1_CS3_SYN on command set CS3: Results are for EngTableName, EngField-
Name, DefTableName, DefFieldName, OrderByField, OrderByDirection, AggegrateField and AggregateFunction
in that order.

Layer 0 Head Ablation Layer 1 Head Ablation Layer 0 Head Ablation Layer 1 Head Ablation
(Layer 1 Heads Active) (Layer 0 Heads Active) (Layer 1 Heads Active) (Layer 0 Heads Active)
095 [o—— T e o ]
0.8 0.85 e
%’ 0.8 E —e— Mean Ablation E‘ ‘E —e— Mean Ablation L
o B0.90  —m— Zero Ablation S 06 o —=— Zero Ablation
£ 0.6  —e— Mean Ablation £ ---- Model Without Ablation [=he —e— Mean Ablation £ 080 Model Without Ablation
n —m— Zero Ablation & 0.85 n 0.4 | = Zero Ablation n
© 0.4 | ---- Model Without Ablation o Q@ " | -~ Model Without Ablation o
2 20.80 2 2
§ 02 § E’ 0.2 § 0.75
0.75
<00 < <o z
2 4 6 8 1 2 3 4 5 6 25 50 75 100 125 2 4 6
Number of Active Heads in Layer 0 Number of Active Heads in Layer 1 Number of Active Heads in Layer 0 Number of Active Heads in Layer 1
Layer 0 Head Ablation Layer 1 Head Ablation
(Layer 1 Heads Active) (Layer 0 Heads Active)
508 5,08 [e— O ——+—<
= =
So.6 " So7
£ —e— Mean Ablation / £ —e— Mean Ablation
o4 —=— Zero Ablation 0.6 —=— Zero Ablation
& | Model Without Ablation & - Model Without Ablation
Y To5
" .\_/.\_\’_/ g
< ke
00 0.4
2 4 6 8 10 1 2 3 4 5 6
Number of Active Heads in Layer 0 Number of Active Heads in Layer 1

Figure 17: Ablation results showing accuracy trends as more attention heads remain unablated. (Top-left)
BM1_CS1_Syn with CS1 data, (Top-right) BM1_CS3_Syn with CS1 data, (Bottom) BM1_CS3_Syn with CS2 data.
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Figure 18: MLP ablation results across different models and datasets. Each subfigure presents accuracy changes

when ablating MLP outputs for specific configurations.
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