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Abstract

Large Language Models (LLMs) encode fac-
tual knowledge within hidden parametric
spaces that are difficult to inspect or control.
While Sparse Autoencoders (SAEs) can decom-
pose hidden activations into more fine-grained,
interpretable features, they often struggle to re-
liably align these features with human-defined
concepts, resulting in entangled and distributed
feature representations. To address this, we in-
troduce AlignSAE', a method that aligns SAE
features with a defined ontology through a “pre-
train, then post-train” curriculum. After an ini-
tial unsupervised training phase, we apply su-
pervised post-training to bind specific concepts
to dedicated latent slots while preserving the
remaining capacity for general reconstruction.
This separation creates an interpretable inter-
face where specific relations can be inspected
and controlled without interference from unre-
lated features. Empirical results demonstrate
that AlignSAE enables precise causal interven-
tions, such as reliable “concept swaps”, by tar-
geting single, semantically aligned slots.

1 Introduction

While Large Language Models (LLMs) have
rapidly advanced in capability, their internal mech-
anisms remain largely opaque. Mechanistic in-
terpretability (Bereska and Gavves, 2024; Saphra
and Wiegrefte, 2024; Huben et al., 2024) seeks to
bridge this gap by reverse-engineering these mod-
els and decomposing their internal computations
into interpretable components. Early efforts fo-
cused on inspecting individual neurons (Nguyen
et al., 2019; Elhage et al., 2022; Bills et al., 2023) ,
operating under the assumption that specific neu-
rons would map one-to-one onto human concepts.
However, this approach faced a fundamental bar-
rier known as superposition, i.e., neural networks
represent more independent features than available

*: Corresponding Author
'Work is still in progress.

neurons by encoding each feature as a linear com-
bination of neurons (Ferrando et al., 2024). Con-
sequently, individual neurons become difficult to
interpret, as their activations represent entangled
mixtures of distinct concepts.

This limitation of neuron-level analysis directly
motivated the development of Sparse Autoencoders
(SAEs). The idea is to disentangle these superim-
posed neurons into more interpretable features, by
learning an overcomplete, sparse representation of
neural activations (Shu et al., 2025). By mapping
LLM’s hidden states into higher-dimensional space,
SAEs often learned features that are cleaner and
more interpretable than individual neurons (Leask
et al., 2025; Chanin et al., 2025; Yan et al., 2025).

Ideally, features learned by an SAE would corre-
spond to atomic, independent, human-interpretable
concepts, so that a human can easily inspect, in-
terpret, and steer model behavior. For example,
one would expect a single SAE feature to exclu-
sively represent the relation BIRTH_CITY, such
that manipulating this feature alone would precisely
control the model’s output regarding birth cities.
However, because standard SAEs are trained in
an unsupervised fashion, it has no explicit incen-
tive to align its latent features with human-defined
concepts. In practice, this leads to two major chal-
lenges in interpreting the SAE feature space: 1)
Feature interpretation is non-trivial: determining
which feature corresponds to a target concept is
difficult. To infer a feature’s semantics, practi-
tioners often rely on constructing minimal con-
trast pairs (Jing et al., 2025; Li et al., 2025) or
inspecting top-activating examples (Cunningham
et al., 2023; Bereska and Gavves, 2024; Shu et al.,
2025). 2) Features remain entangled: concepts
are often fragmented across multiple features, and
conversely, a single feature may respond to multi-
ple unrelated concepts, as shown in Figure 1 (left).
These limitations undermine downstream applica-
tions that require reliable feature-level control, such
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Figure 1: An overview of our approach. Left: An unsupervised SAE trained post hoc on frozen LLM activations
optimizes only reconstruction and sparsity, so each concept tends to be spread across multiple features, making
interventions unreliable. Right: Our Concept-Aligned SAE adds a supervised binding loss that maps each concept
to a dedicated feature, yielding clean, isolated activations that are easy to find, interpret, and steer.

as safety steering (Bereska and Gavves, 2024; Bhat-
tacharjee et al., 2024; Ghosh et al., 2025; O’Brien
et al., 2025), knowledge editing (Makelov et al.,
2024; Guo et al., 2024; Farrell et al., 2024; Zhao
et al., 2025; Karvonen et al., 2025), and data at-
tribution (He et al., 2024; Muhamed et al., 2025;
Paulo and Belrose, 2025).

To mitigate these issues, we take inspiration
from the training pipeline of LLMs. As illustrated
in Figure 1, we view conventional SAE training as
analogous to LLM pre-training: an unsupervised
phase that discovers a broad latent feature space
but does not guarantee alignment with human con-
cepts. In LLMs, this misalignment is addressed by
post-training steps such as instruction tuning (Wei
et al., 2022; Zhang et al., 2025) or RLHF (Ouyang
et al., 2022). By analogy, we propose an SAE post-
training stage that introduces guidance on top of
the unsupervised SAE. The goal explicitly is to
align the SAE’s feature space with a set of chosen
concepts, turning it from a reconstructive tool into
a reliable concept-level interface.

Concretely, we attach a large SAE to one layer
of a frozen base LM and train it in two phases:
first unsupervised, then supervised. After the SAE
has learned a general reconstruction-oriented code
(the pre-training phase), we “fine-tune” the SAE
with concept supervision. We designate K special
latent feature slots in the autoencoder, each slot cor-
responding to a specific target concept from a given
knowledge ontology, while the remaining dimen-

sions form a free feature bank to preserve overall
reconstruction fidelity. We then augment the train-
ing objective with additional losses to bind and iso-
late each concept in its corresponding feature slot.
In particular, we impose: (i) a concept binding loss
that forces a one-to-one mapping between each la-
beled concept and a dedicated feature, (ii) a concept
invariance loss that makes each concept feature in-
variant to irrelevant variations and decorrelates it
from the free features, and (iii) a sufficiency loss
that trains an auxiliary answer head to rely only
on the concept slots for predicting concept-related
information. Together, these objectives encourage
the encoder to route concept-specific evidence into
the appropriate slot rather than dispersing it across
the latent space. The result is an SAE feature space
that directly corresponds to human-interpretable
concepts, as shown in Figure 1 (right).

Empirically, our Concept-Aligned SAE yields
a feature representation that is significantly more
interpretable, disentangled, and controllable than
a standard SAE baseline. Each target concept in
our experiments cleanly maps to its own single
feature (Figure 3 & Figure 4). The concept-aligned
features exhibit monosemantic behavior, activating
precisely for their concept across varied phrasings
and contexts, which yields improved generalization
to unseen prompt templates. Moreover, we find
that we can reliably steer the model’s outputs by
intervening on these features: toggling a concept’s
slot activation causes the model to add, emphasize,



or suppress information about that concept in its
response, with minimal side effects on unrelated
content (Figure 5 & Table 3).

2 Related Work

We overview two main directions that influenced
this work, Sparse Autoencoder Steering and Con-
cept Binding, which focus on aspects of inter-
pretable control and concept alignment, respec-
tively. Our work takes inspiration from these direc-
tions, introducing a lightweight, concept-aligned,
and interpretable SAE framework.

Sparse Autoencoder Steering. Sparse Autoen-
coders (SAEs) provide an interpretable, lightweight
interface to LLM activations by decomposing su-
perposed, polysemantic neuron activity into sparse,
overcomplete features (Bricken et al., 2023; Cun-
ningham et al., 2023). This representation enables
SAE steering, where intervening on specific fea-
tures can causally influence model outputs toward
desired behaviors or concepts (O’Brien et al., 2025;
Marks et al., 2025; Arad et al., 2025). A grow-
ing body of work improves feature quality through
training objectives and architectural choices (e.g.,
JumpReLU, Top-k sparsification, and better dic-
tionary structure) (Rajamanoharan et al., 2024;
Bricken et al., 2023; Cunningham et al., 2023; Shu
et al., 2025; Sharkey et al., 2025). However, be-
cause SAE features are learned purely unsuper-
vised, they are not guaranteed to align with a user-
specified concept set: a target concept may be frag-
mented across multiple features, and individual
features may mix unrelated signals. As a result,
practical steering often still relies on manual fea-
ture identification, including contrast pairs and fea-
ture search heuristics (O’Brien et al., 2025; Jing
etal., 2025; Bayat et al., 2025; Chalnev et al., 2024;
Yang et al., 2025). To address this, we introduce an
SAE post-training stage with concept supervision
that learns the concept-to-feature mapping during
post-training: we reserve dedicated concept slots,
bind each ontology concept to a fixed slot, and
thereby make interventions targetable and repro-
ducible without post-hoc feature hunting.

Concept Binding. Posterior Regularization (PR)
(Ganchev et al., 2010) and Logic Rule Encoding
(LRE) (Hu et al., 2016) are two traditional frame-
works widely adopted to bind human-defined con-
cepts to neural models by imposing soft constraints
on posterior distribution, or integrating first-order

logic rules into the learning objectives. Prior work
has applied PR to reading comprehension by en-
forcing linguistic concept-level constraints (Zhou
et al., 2019), and to question answering by map-
ping event triggers to sentence-level conceptual
constraints (Lu et al., 2023). LRE works (Hu et al.,
2016; Fischer et al., 2019; Yang et al., 2023) re-
construct the training objective by combining the
task loss with a logical rule loss, thereby binding
logic-level concepts to model predictions via pa-
rameter updates. Although LRE addresses the soft-
constraint issue of PR and yields stronger empirical
performance, it still remains a black-box mecha-
nism that cannot be used to interpret or control spe-
cific internal representations of the model. Concept
Bottleneck Models (CBM) (Koh et al., 2020) were
proposed to transform the outputs of intermediate
layers of base models into human-understandable
concepts by adding a concept-mapping loss to the
training objectives. However, such heavy-weight
intervention into the base model architecture is
not easily scalable to large-scale models. To ad-
dress these gaps, we propose a lightweight and
interpretable framework, AlignSAE, which binds
human-readable concepts to the intermediate repre-
sentations of a frozen base model.

3 Method Overview

Our primary goal is to transform the implicit, dis-
tributed knowledge of a Large Language Model
(LLM) into an explicit, verifiable, and controllable
interface. We achieve this by training a Concept-
Aligned Sparse Autoencoder (SAE) based on the
activations of a frozen LLM.

Terminology In this work, we instantiate con-
cepts as relation types drawn from a domain on-
tology. By an ontology, we mean a finite in-
ventory of relation types that capture semantic
links between entities (e.g., BORN_IN, FRIEND_OF,
WORK_CITY). A relation is one such type, and
each relation mention in text is represented as a
triple (eq,r, e2), where r is the relation type and
e1, ez are the participating entity mentions—for
example, ("Marie Curie", BORN_IN, "Warsaw").
We treat these relation types as atomic concepts
for convenience; our framework is agnostic to this
choice and could equally bind other forms of do-
main knowledge (e.g., attributes, events, or scien-
tific categories) to supervised SAE slots.



Concept Binding in Activation Space Let the
model’s knowledge be represented by a set of
triples £ = {(z,r,y)} C € x R x V, where £
is a set of entities, R is a finite set of relations,
and V is a set of values. LetZ : £ Xx R — X be
a prompt generation function mapping a subject-
relation pair to a natural language query ¢ € X.
We consider a frozen language model M and de-
note the activation vector at layer ¢ for input ¢ as
h = My(q) € R% We posit that h encodes the
relation r in a recoverable subspace.

Our objective is to learn a sparse decomposition
z = E(h) € R¥ via a Sparse Autoencoder (SAE).
We explicitly partition the latent features into two
sets: concept features zeoncept and monosemantic
features z.s. The concept features are supervised
to align one-to-one with our ontology R, while
the monosemantic features remain unsupervised to
capture other distributional statistics. Formally, we
seek an injective mapping 7 : R — {1,..., K}
identifying the indices of concept features. For any
query ¢ = Z(x,r), we enforce that the specific
concept feature z (. is active (i.e., zr() > T),
while other concept features z (. for r’ # r are
suppressed. This ensures that z, () serves as a
verifiable indicator for relation .

A Verifiable Interface Unlike standard probing,
which is primarily diagnostic, our approach con-
structs an operational interface that can be vali-
dated by intervention rather than relying on mini-
mal comparison pairs. Specifically, (i) verification:
we can check whether the model is using a particu-
lar relation by observing whether the correspond-
ing concept slot activates; and (ii) control: we can
causally steer the computation by manually activat-
ing or suppressing that slot, directly influencing the
model’s downstream prediction.

We apply this method to a single intermediate
layer of the LLM, effectively treating it as a read
and write head for the model’s internal state. The
following sections detail the architecture of this
interface (§4) and its validation on a biography
reasoning task from a knowledge graph (§5).

4 Implementation

We build on a frozen decoder-only transformer,
instantiated as GPT-2 for concreteness. Given
an input biography question z, the model yields
token-level hidden states at each layer. We extract
a pooled representation h € R? from a fixed inter-
mediate layer ¢ (e.g., mean over the question span).

Freezing the language model preserves its general
linguistic competence and places all supervision
on a light-weight interface trained on top of these
activations.

4.1 Concept-Aligned Sparse Autoencoder

We introduce a large supervised sparse autoencoder
(SAE) that exposes an interpretable control surface
aligned with the ontology R while delegating re-
maining variance to a large bank of unsupervised
features. The encoder £ : R? — RX maps h to a
sparse code z = ReLU(W_.h + b.). We partition
zasz = [Zconcept; Zmono}, where Zconcept € RIRI are
supervised concept slots and zpono € RE-IRI are
unsupervised monosemantic features. The decoder
D : RE — R reconstructs h = Wyz + by. We
use a large K (e.g., K =~ 100k) to give the model
ample capacity without burdening the |R| inter-
pretable slots. A light value head V : R/Rl - RC
consumes only zeoncept t0 score candidate answers.
This design aims to keep concept slots clean, ad-
dressable, and directly useful for prediction, while
the monosemantic bank preserves reconstruction
quality and absorbs nuisance factors.

4.2 Objectives

We train the encoder, decoder, and value head
jointly. Our objective extends the standard SAE
loss with (i) a binding term that assigns each on-
tology relation to a dedicated concept slot, (ii) a
decorrelation penalty that reduces leakage of re-
lation signal into non-concept features, and (iii)
a value loss that forces the same concept slots to
support answer prediction.

Lsak = Meecllh = 1|3 + Aspl| 11, (1
Lyina = CE(softmax(zconcept) Yrel ) (2)
L1 = ||corr(zconcepts zrest) || s 3)
Lya = CE(softmax(V (zconcept) ) Yans ) )

L = LsAE + MvindLoind + ALL1 + AvaLlva. (5)

Here CE denotes cross-entropy and corr(-,-) is a
mini-batch correlation estimate. Ly;,q makes re-
lation identity directly readable from the concept
slots (i.e., selecting the intended slot recovers yre1),
while L, forces these same slots to be sufficient
for predicting the answer label via V'(-), creating
a consistent slot-level bottleneck that can be vali-
dated by intervention. The weak penalty £ dis-
courages correlation between Zconcept and Zres;, re-
ducing leakage of relation information into non-
concept (distributional) features and stabilizing the



semantics of the designated slots. At the scale of
K =100k features, we do not decorrelate within
Zrest for efficiency; concept-rest decorrelation is
sufficient in practice. Details are provided in Ap-
pendix C.3.

4.3 SAE Pre-training and Post-training

Directly optimizing the full objective from scratch
can produce brittle or unstable slot formation, so
we adopt a two-phase curriculum that parallels
LLM pre-training and post-training. In the pre-
training phase, the SAE is trained primarily on re-
construction and sparsity with only a weak binding
signal, allowing the decoder to form a stable, high-
capacity dictionary before any semantic commit-
ments are imposed. In the subsequent post-training
phase, we strengthen the binding and value losses
and activate the orthogonality penalty, which sys-
tematically reshapes the latent space so that super-
vised slots become clean, disentangled carriers of
atomic concepts while remaining decoupled from
the free feature bank. This curriculum retains the
benefits of joint optimization (concept slots that are
simultaneously interpretable and task-predictive)
while avoiding the degenerate minima that arise
when strong supervision is applied before the un-
derlying representation has cohered.

5 Experimental Setup

We validate our approach on a biography ques-
tion answering task over a fixed, small ontology.
Complete implementation details, including dataset
generation procedures, model training hyperparam-
eters, SAE architecture specifications, and evalu-
ation metric definitions, are provided in Appen-
dices A-D.

Ontology and Dataset Let R = {BIRTH_DATE,
BIRTH_CITY,UNIVERSITY,MAJOR,EMPLOYER,
WORK_CITY} denote six atomic relations. For
a person p and relation r € R, a canonical
table provides the gold value y* = ¢g(p,r) (e.g.,
Wesleyan University for UNIVERSITY). An input x
is a natural-language question mentioning p and
implicitly targeting one r* € R.

We generate 1,000 synthetic person profiles with
5 biography variants each, drawn from a vocabulary
of 411 first names, 461 middle names, 1,002 last
names, 341 universities, 101 academic majors, and
327 companies (see Appendix A for complete en-
tity vocabulary details). The dataset is constructed

to separate semantic binding from template mem-
orization. Question surfaces are generated from
paraphrase templates that vary syntax and lexical
cues while preserving the underlying relation. We
partition templates into disjoint sets to induce two
regimes (see Appendix A.3):

* Training: Uses 2 templates mixed with vari-
ous persons.

* Test-Unseen-Template: Holds out 2 tem-
plates never seen during training

This protocol ensures that high scores require
relation-level generalization rather than reliance
on surface form artifacts. The full question-answer
template set is detailed in Appendix A.

Model Training We fine-tune GPT-2 on biog-
raphy memorization and question-answering tasks
for 80,000 steps with batch size 96 (see Appendix B
for details). Hidden states are extracted from the
residual stream at the final question token across
all 12 layers.

Our supervised SAE consists of 100,000 unsu-
pervised free slots plus 6 supervised relation slots,
trained in two stages: 50 epochs of reconstruction-
only followed by 100 epochs with the full multi-
objective loss combining reconstruction, sparsity,
alignment, independence, orthogonality, and value
prediction terms (Appendix C provides the com-
plete loss function formulation and hyperparameter
justification).

Metrics We evaluate relation binding by com-
paring the predicted concept feature 7; =
arg max; zc(f)zlcept ; with 7

1 N
Acching = N Z 1[r =77].
i=1

To assess one-to-one quality independent of slot
permutations, we report diagonal accuracy, i.e.,
the fraction of mass on the diagonal of the rela-
tion—concept feature confusion matrix after a sin-
gle global permutation is fixed from validation. We
additionally use an Unseen Template binding score
computed on the held-out paraphrase set to quantify
phrasing-invariant concept capture.

For controllability, we evaluate a swap test in
which a question targeting r* is perturbed at in-
ference time by injecting a decoded basis D(e;)
for another relation j # r* with strength o > 0.
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Figure 2: Comparison of binding generalization and causal intervention mechanisms.
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Figure 3: Relation—slot binding at a shallow layer (a)
versus a mid layer (b) of GPT-2. At layer 0, supervi-
sion for each relation is dispersed across multiple slots,
whereas at layer 6 the SAE learns a perfect one-to-one,
diagonal binding, indicating that mid-layer represen-
tations are far more amenable to clean, controllable
relation binding.

A swap is counted as successful if the generated
answer switches to the gold value g(p,j) under the
perturbation. Formal definitions of all metrics in-
cluding top-k accuracy, margin, answer accuracy,
reconstruction quality, and swap controllability are
provided in Appendix D.

6 Results

We evaluate the proposed interface across trans-
former layers, data regimes (Train, Test—-Unseen-
Template), and controllability settings. Metrics fol-
low Section 5. All language-model parameters are
frozen; only the SAE and value head are trained.

6.1 Layer-wise performance

Figure 2a summarizes the layer sweep. Perfor-
mance peaks in the middle of the stack: at layer 6

the model attains perfect one-to-one binding (diag-
onal accuracy = 1.00), strong swap controllability
(swap success = 0.85 at o =~ 2), and strong gen-
eralization to paraphrases (7est-Unseen-Template
slot acc = 0.912), while maintaining faithful recon-
structions. Early layers underperform (e.g., layer O
diagonal accuracy = 0.238, swap success = 0.08),
consistent with representations that are too local
to support concept-aligned slots. Deeper layers
exhibit increased reconstruction error, suggesting
heavier task compression that makes clean slot in-
terfaces harder to preserve.

Metric Layer 0 Layer6 A (L6-L10)
Diagonal Accuracy 0.238 1.000 1T 0.76
Swap Success 0.040 0.850 17 0.81
Train Slot Acc 0.232 1.000 T 0.77
Test Unseen Acc 0.165 0.912 1 0.75

Recon MSE 6.53 x 107° 7.42 x 1072 1~ 1.1kx

Table 1: Performance comparison between Layer 0
(early) and Layer 6 (middle). Higher is better for accu-
racy metrics; lower is better for reconstruction MSE.

6.2 Structure of binding: early vs. middle
layers

The contrast between layer 0 and layer 6 illustrates
how concept alignment emerges. At layer 0O, the
relation—slot confusion matrix is diffuse with sub-
stantial off-diagonal mass and overlapping activa-
tions, indicating entangled features that fail to iso-
late ontology relations. At layer 6, the same matrix
collapses to a sharp diagonal with negligible off-
diagonal mass, yielding a stable permutation that
assigns each relation to a single slot. Figures 3
visualize this effect.
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Figure 4: Layer-wise concept fragmentation and concentration for AlignSAE (post-training) and a traditional SAE

(pre-training only).

Table 1 highlights the massive difference in per-
formance between early and middle layers. Layer
0 shows poor binding accuracy with scattered, over-
lapping slots, while Layer 6 demonstrates perfect
1-to-1 slot activation. The reconstruction MSE
at Layer 6 is significantly higher than Layer O
(7.42 x 1072 vs 6.53 x 1079), but this trade-off
yields a +76.2% improvement in diagonal accuracy
and a +81% improvement in swap success. This
suggests that semantic concept binding emerges in
middle transformer layers where rich contextual
representations are developed, rather than in early
layers that process raw token embeddings.

6.3 Layer-wise concept fragmentation and
alignment (Pre-training vs. Post-training)

To quantify how cleanly each concept is repre-
sented at different depths, we compare a traditional
SAE trained purely unsupervised on pre-training
activations with AlignSAE, which adds concept-
supervision as a post-training signal. Let z; € RE
be the sparse code for example 7, and let ¢(7) be its
concept label (e.g., one of six ontological relations).
We first define the average activation of concept c
on feature k as

Ack = Eic(iy=c|2ik] (6)

and normalize over features to obtain a con-
cept—feature distribution

A
Bc,k = ok .
Zk/ Ac,k’ + €

From B.. we derive two summary metrics for
each concept c:

(7

Effective number of features (EffFeat). We
measure how many features are effectively used
to represent a concept via the entropy of B, .:

EffFeat(c) = exp ( - Z B log Bc,k); (®)
k

where smaller values indicate that a concept is con-
centrated on fewer features (i.e., lower fragmenta-
tion).

Top-1 concentration (Top1Conc). We also track
how much of a concept’s mass is captured by its
single most responsive feature:

Top1Conc(c) = mkax B, 9)

where larger values indicate that one feature clearly
dominates the representation of concept c.

Figure 4 shows layer-wise averages of these met-
rics across six concepts for AlignSAE and the tra-
ditional SAE. The traditional SAE (pre-training
only) exhibits extreme fragmentation at every layer:
EffFeat is on the order of hundreds to thousands of
features per concept and Top1Conc remains near
zero, indicating that no single feature clearly en-
codes any concept. In contrast, AlignSAE uses
post-training supervision to dramatically reduce
fragmentation (EffFeat typically ~ 1) and achieve
much higher concentration. From mid layers on-
ward, each concept is represented by a small, com-
pact set of features; in the deepest layers, Align-
SAE approaches near one-to-one bindings, where a
single feature dominates each concept. This layer-
wise analysis confirms that adding a concept-level



Orig — Swap Question Target (swap) Generated

COMPANY_CITY — UNIVERSITY What is Grace Wendy Florida International Univer- Florida International Univer-
Rivera’s work city? sity sity

COMPANY_CITY — MAJOR What is Grace Wendy Electrical Engineering Electrical Engineering
Rivera’s work city?

COMPANY_CITY — EMPLOYER  What is Grace Wendy Blackstone Blackstone
Rivera’s work city?

UNIVERSITY — BIRTH_DATE Where did Thomas Heath 2,March,1981 2,March,1981
Stafford go to college?

UNIVERSITY — MAJOR Where did Thomas Heath Dance Dance

Stafford go to college?
BIRTH_DATE — WORK_CITY
lencia born?
BIRTH_CITY — BIRTH_DATE
Gates born?
MAJOR — UNIVERSITY
Pruitt’s major?

When was Megan Kian Va-
Where was Angela Maddox

What was Jennifer Donovan

Framingham, MA Framingham, MA

27, November, 1950 27 November, 1950

University of Wisconsin-
Madison

University of Wisconsin-
Madison

Table 2: Correct swap examples from our evaluation set (Layer 6; a=2 throughout).

post-training signal turns the SAE feature space
from a diffuse, many-to-many mapping into a com-
pact, interpretable interface where specific con-
cepts are easy to find and control.

6.4 Inference-Time Interface

Because each concept slot decodes to a direction
in representation space, the interface naturally ex-
poses an interpretable control: given relation index
j and strength o > 0, we may form b’ = «, where
e; selects the j-th concept slot. This optional steer-
ing, used only for qualitative analyses, illustrates
that the ontology-aligned slots are addressable and
can modulate answer type without modifying the
base language model. Further details about layer
selection, pooling, and training schedules appear
in the Appendix B.

6.5 Controllability

We probe whether ontology-aligned slots serve as
usable control knobs by amplifying decoded di-
rections during inference. Figure 5 shows swap
success across layers and amplification strengths.
Moderate amplification (« ~ 2) reliably switches
the answer type at layers 5-11. For example, at
Layer 6:

* a = 1.0: Success Rate = 0.54. The model
begins to switch but is not fully consistent.

* a = 2.0: Success Rate = 0.85. The model
reliably switches to the target answer.

* a = 10.0: Success Rate = 0.23.
amplification causes instability.

Over-

Swap Controllability: Layers vs Alpha
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Figure 5: Swap controllability across layers (rows) and
amplification « (columns). Lighter is better; mid layers
sustain robust control around o~ 2.

These results indicate a specific operating range
in which the interface is both effective and pre-
dictable.

6.6 Qualitative swaps

Qualitative examples corroborate the quantitative
trends. For a birth-date question about Reginald
Deandre Barber (“What is Reginald Deandre Bar-
ber’s birth date?”’), the model originally answers
“24, March, 1964”. By amplifying the UNIVERSITY
slot with =2, the generated answer switches to
Wesleyan University, demonstrating that slots are
not merely diagnostic but causal control handles.
This confirms that the SAE has learned separate,
controllable representations for different semantic
concepts. Please see Table 2 for more examples.
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Figure 6: An illustrative example for swapping.

6.7 Error analysis

Even when swap steering fails to hit the exact gold
entity, it often preserves the answer category of the
intended swapped relation (city/date/university/ma-
jor/employer). Table 3 reports Category Preser-
vation, computed only over failed swaps. Under
moderate amplification (a=2), 74.7% of failures
remain in the correct category; under strong am-
plification («=10), this rises to 83.0%, suggesting
that larger interventions more reliably move the
model onto the right type manifold even as exact
entity selection degrades.

Concretely, in the example (Table 4) we swap
a UNIVERSITY question into the MAJOR slot at
a=10. The model does not output the gold major
(Physical Therapy), but it still outputs a plausible
major (Geography), i.e., the steering succeeds at
changing what kind of attribute is produced while
failing at the finer-grained which entity decision.

a=2 (Error 15%) «a=10 (Errors 77%)
Same Diff Same % Same Diff Same %

birth_city 36 20 643 91 50 645
birth_date 20 0 1000 139 0 100.0
employer 8 1 88.9 134 3 97.8
major 1 0 1000 77 51 602
university 42 10 80.8 101 1 99.0
work_city 9 7 56.2 94 25 790

Overall 115 39 747 636 130 83.0

Target swap

Table 3: Category retention on failed swaps at Layer 6.
“Same” means the generated answer falls in the correct
semantic class for the swapped relation (even if the
entity is wrong); “Diff” means it falls outside that class.

6.8 Takeaways

Middle layers furnish the cleanest substrate for
ontology-aligned slots: binding is perfect, control-
lability is reliable under moderate o =~ 2, and re-
construction remains acceptable. Early layers lack
sufficient abstraction, and very deep layers trade off
reconstruction for compressed task features, com-
plicating clean interfaces. The results suggest that

Swap Q: Where did Jesse Kian Tate go to college?
Original: UNIVERSITY — Swap to: MAJOR
Outputs Baseline: Rochester Institute of Technology

Gold target: Physical Therapy
Generated: Geography (rype v/ entity X

Table 4: A failure case: steering («=10) flips the answer
type correctly (to a major) but misses the exact entity.

post-training concept alignment at mid layers is
a viable path toward explainable and controllable
world-knowledge access in frozen LMs.

7 Conclusion

We presented a practical route toward adding world
models to LLMs by encoding ontological knowl-
edge into a frozen model’s mid-layer through a
concept-aligned SAE post-training interface. Train-
ing on verifiable reasoning traces ties slot iden-
tity to ontology relations and makes answers pre-
dictable from those slots alone, yielding an inter-
face that is simultaneously explainable and con-
trollable. Across multiple small ontologies, we
observed robust relation binding under paraphrase,
reliable slot-level interventions that steer answers
via decoded directions, and a consistent sweet spot
in the middle layers where one-to-one alignment
emerges most cleanly.

This approach shifts the focus from probing dis-
tributed representations to operating an address-
able world-knowledge interface without changing
base LM weights. In doing so, it narrows the gap
between “no world model” and actionable struc-
ture: named concept slots act as stable variables
that can gate tools or condition decisions in agents
and domain-specific robots. While full dynamical
world models remain a longer-term goal, our re-
sults indicate that modular, post-hoc concept align-
ment is a viable first step—turning shallow, dis-
tributed encodings into auditable, steerable handles
for knowledge manipulation.

Future directions include scaling to richer, hier-
archical ontologies, coupling slots to external mem-
ories and tools for closed-loop planning; enforcing
cross-slot consistency and causal constraints; and
extending beyond first-token targets to structured,
multi-step answers. These avenues move from
static alignment toward interactive, verifiable world
modeling grounded in controllable interfaces.



Limitations

Our method is currently evaluated only on single-
hop factual queries, where each question corre-
sponds to a single concept feature. Extending the
approach to multi-hop reasoning remains an open
challenge. In particular, modeling interactions be-
tween multiple concept features across different
layers of the LLM, such as composing relations
or tracing multi-step inference chains, is still in
progress. We leave the development of multi-hop
concept binding and cross-layer reasoning circuits
for future work.
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A Dataset Generation

A.1 Synthetic Biography Dataset

We generated 1,000 synthetic person profiles, each
containing six factual attributes: birth date, birth
city, university, major, employer, and work city.
Each person was paired with 5 biography vari-
ants constructed from template-based generation.
For question-answering evaluation, we employed
a template-split strategy: templates O—1 were des-
ignated for training (in-distribution), while tem-
plates 2-3 served as out-of-distribution test cases
to evaluate semantic generalization beyond pattern
matching.

A.2 Entity Vocabulary

The dataset drew from the following entity sets:

* First names: 411 diverse given names spanning
traditional and modern choices

* Middle names: 461 names used for middle name
generation

* Last names: 1,002 surnames representing com-
mon American family names

* Birth cities: 8 major U.S. cities (New York, Los
Angeles, Chicago, Houston, Phoenix, Philadel-
phia, San Antonio, San Diego)

 Universities: 341 U.S. colleges and universities
spanning liberal arts colleges, research universi-
ties, technical institutes, and military academies

e Majors: 101 academic fields ranging from
STEM disciplines (Computer Science, Mechan-
ical Engineering, Biochemistry) to humanities
(Philosophy, Art History, Creative Writing) and
professional programs (Business Administration,
Nursing, Architecture)

* Companies: 327 major U.S. corporations with
associated headquarters cities, covering diverse
industries including technology, finance, health-
care, retail, and manufacturing

This vocabulary size enables the generation of
approximately 411 x 461 x 1,002 x 8 x 341 x
101 x 327 ~ 1.66 x 10'6 unique person profiles,

ensuring minimal memorization pressure and fo-
cusing evaluation on semantic understanding rather
than rote learning.

A.3 Question-Answer Templates

Each of the six semantic relations was probed us-
ing four distinct question templates, enabling con-
trolled evaluation of template generalization. Ta-
ble 5 lists all templates used in our experiments.

This template design ensures semantic diversity
while maintaining consistent information content,
allowing us to test whether the SAE captures ab-
stract semantic relations rather than surface-level
linguistic patterns.

B Base Language Model Training

B.1 Model Architecture

We employed GPT-2 with 124M parameters as
the base causal language model, featuring 768-
dimensional hidden representations and 12 trans-
former layers.

B.2 Training Objective

The model was trained using a two-component
curriculum: (1) biography memorization, where
the model learned to predict entire biography se-
quences, and (2) pure question-answering, where
only answer tokens contributed to the loss while
question prompts were masked (label = -100).

B.3 Optimization Hyperparameters

Training was conducted with the following config-
uration:

¢ Maximum training steps: 80,000

o Effective batch size: 96 (distributed across avail-
able GPUs)

* Learning rate schedule: Linear warmup to
1 x 1073 over 1,000 steps, followed by cosine
annealing to 1 x 10~*

* Optimizer: AdamW with weight decay 0.1 and
e=1x1076

¢ Gradient clipping: Maximum norm 1.0

* Maximum sequence length: 512 tokens

* Checkpoint frequency: Every 10,000 steps

B.4 Activation Collection

Hidden states were extracted from the residual
stream at the final token position of the question
prompt (immediately before answer generation),
representing the point where the model “decides”



Relation Template Question Format
TO What is {FULL_NAME}’s birth date?
Birth Date T1 When was {FULL_NAME} born?
T2 Can you tell me the birth date of {FULL_NAME}?
T3 On what date was { FULL_NAME} born?
TO What is {FULL_NAME}’s birth city?
Birth Cit T1 Where was {FULL_NAME} born?
Y Can you tell me the birth city of {FULL_NAME}?
T3 In what city was {FULL_NAME} born?
TO Which university did {FULL_NAME} attend?
Universit T1 Where did {FULL_NAME} go to college?
M V) What is {FULL_NAME}’s alma mater?
T3 Which college did {FULL_NAME} attend?
TO What did {FULL_NAME} study?
Maior Tl What was {FULL_NAME}’s major?
J T2 What is {FULL_NAME}’s field of study?
T3 What field did {FULL_NAME} study in?
TO Who does {FULL_NAME} work for?
Emplover T1 What is {FULL_NAME}’s employer?
ploy T2 Which company employs {FULL_NAME}?
T3 What company does { FULL_NAME} work for?
TO Where does {FULL_NAME} work?
Work Cit T1 What is {FULL_NAME}’s work city?
Y 1 In which city is {FULL_NAME} employed?
T3 What city does {FULL_NAME} work in?

Table 5: Question-answer templates for probing each semantic relation. Templates TO-T1 are used for training
(in-distribution), while T2-T3 are held out for testing generalization (out-of-distribution).

what information to retrieve. We collected acti-
vations from all 12 transformer layers indepen-
dently to analyze the emergence of semantic bind-
ing across network depth.

C Supervised Sparse Autoencoder

C.1 Model Architecture

Our supervised SAE extends the standard sparse
autoencoder architecture with explicit relation slots
and value prediction heads. The configuration is as
follows:

* Input dimension: 768 (matching GPT-2 hidden
size)
* Total latent features: 100,006
— Free slots: 100,000 (unsupervised, sparse)
— Relation slots: 6 (supervised, one per se-
mantic relation)
* Encoder: Linear projection (768 — 100,006)
with bias
* Decoder: Linear projection (100,006 — 768)
with bias, initialized as pseudo-inverse of en-
coder
* Value heads: 6 independent per-relation MLPs,
each (1 — 256 — 50,257). Value head i maps
relation slot 7’s activation to vocabulary logits.

During training, only the value head correspond-
ing to the ground-truth relation receives gradients.
These heads are used only for diagnostic evalu-
ation of slot informativeness, not for the main
controllability experiments.

Binding Mechanism. The 6 relation slots use
a softmax-based classification mechanism: p(r |
r) = softmax(ze1), where z¢ € R contains the
activations of relation slots 100,001-100,006. The
alignment loss applies cross-entropy between this
distribution and the one-hot ground-truth relation
label, encouraging winner-take-all dynamics where
the correct relation slot dominates.

C.2 Multi-Stage Training Protocol

Training proceeds in two stages to ensure stable
convergence:

* Stage 1 (Reconstruction-Only): 50 epochs fo-
cusing solely on autoencoding quality before in-
troducing binding constraints

e Stage 2 (Full Supervision): 100 epochs with
complete loss function

C.3 Loss Function

The total training objective (see Section 4 of the
main paper) combines six components. In Stage 1



(50 epochs), only reconstruction loss is active to sta-
bilize the encoder-decoder. In Stage 2 (100 epochs),
all six losses are jointly optimized:

['total = )\recon»crecon + )\sparse['sparse + )\align['align

+ )\indepﬁindep + )\ortho»cortho + )\valueﬁvalue
(10)

Each component serves a specific purpose:

Reconstruction Loss.

Lyecon = MSE(h, h)

@J»—‘

d
Zh—h (11)

Measures mean squared error between original acti-
vation h and reconstructed activation i = Wiec - 2,
where d = 768 is the hidden dimension. This
ensures the SAE preserves information necessary
for the language model’s downstream predictions
while learning a compressed latent representation.

Sparsity Loss.
B Niree
»Csparse = B Z Z ‘ij| (12)
Nfree b1 j=1

Enforces L1 penalty on the 100,000 free slots
across batch size B, encouraging the model to ac-
tivate only a small subset of features per sample.
Sparse activations improve interpretability by en-
suring each latent feature captures distinct semantic
properties rather than distributing information dif-
fusely.

Alignment Loss.

(13)

exp (Zb nferr)

Latign = CrossEntropy(softmax(zrel), Y)

= _*Zzybrlog

b=1r=1
(14)

Provides supervised guidance where y is a one-hot
vector with yp, ryie jax, = 1 indicating the ground-
truth relation type. This cross-entropy loss over
softmax-normalized relation slot activations en-
forces that the 6 relation slots (indices nfee + 1
through ngee + 6) form a probability distribution
with mass concentrated on the correct semantic re-
lation. This is the binding loss used in all main ex-
periments, enabling explicit classification of ques-
tion types to specific latent dimensions.

/ =1 exXp (Zb Nifree 17 )

Independence Loss.

2
1 B
Lindep = Z (B Z(zb,i — %) (2 — Zj))
i#j b=1
(15)
where z; = % Zle 2p; is the mean activation

of slot ¢. This penalizes off-diagonal covariance
among free slots, encouraging decorrelation to re-
duce redundancy. Disentangled features enable
better interpretability and more efficient use of the
latent space.

Orthogonality Loss.
6 Niree B

zz( S (s )l
r=1 j=1

(16)
Enforces statistical independence between super-
vised relation slots and unsupervised free slots by
minimizing their cross-covariance. This prevents
relation slots from encoding information already
captured by free features, ensuring clean separation
between task-specific and general-purpose repre-
sentations.

Value Prediction Loss. To ensure that each re-
lation slot carries enough information to recover
the answer, we add an auxiliary value prediction
objective. For each training example b, we take
the activation of the ground-truth relation slot
rp, = rule_idx, and pass it through a relation-
specific value head to predict the first token of the
answer:

B

1
5 Z CrossEntropy (Vrb (2 ngeetrs)» tb) ,
b=1

»Cvalue =

(17)
where {t;, is the first token of the ground-truth an-
swer and V, is a two-layer MLP (1 — 256 —
50,257) that maps the activation of relation slot r
to value heads’ vocabulary logits.

We instantiate six separate value heads, one for
each relation type, and only the head that matches
the ground-truth relation 7 is applied and updated
for example b. This design forces each relation
slot to be predictive of the corresponding answer
token and provides an additional training signal
that aligns slots with answer semantics. However,
these value heads are used only during training; our
controllability experiments in Section 5 rely solely
on the full LLM’s generation after we intervene on
h.

~—



C.4 Loss Weight Selection

The loss components are weighted to balance com-
peting objectives:

* Arecon = 1.0 — Highest priority given to faithful
reconstruction to maintain model performance.
This ensures the SAE does not distort the infor-
mation flow through the network.

* Agparse = 1 X 1073 — Gentle L1 penalty on
free slots. This small weight prevents over-
suppression of activations while still encouraging
selective feature usage. Stronger sparsity penal-
ties (A > 1072) caused excessive dead neurons
and degraded reconstruction quality in prelimi-
nary experiments.

* Aalign = 1.0 — Strong supervision signal to en-
sure reliable slot-relation binding. This weight is
balanced with reconstruction to achieve > 95%
binding accuracy on in-distribution templates
(97.8% reported in Section 5.1, Table 2).

* Aindep = 1 X 102 — Moderate decorrelation
pressure among free slots. This encourages disen-
tangled representations without interfering with
primary reconstruction and binding objectives.
The quadratic covariance computation scales as
O(n?..), so this loss is only computed when
nfee < 10,000 for efficiency. In our configura-
tion with 100,000 free slots, this term is skipped.

* Aortho = 1 x 1072 — Moderate orthogonality
constraint between relation and free slots. This
maintains separation between supervised and un-
supervised features, preventing information leak-
age that could compromise the interpretability of
relation slots.

* Avae = 0.5 — Balanced weight for answer pre-
diction. This auxiliary task provides a training
signal to ensure relation slots encode semanti-
cally meaningful information, but is weighted
lower than alignment to avoid dominating the
optimization. Value heads achieve > 90% an-
swer accuracy (91.2% reported) when predicting
directly from relation slots.

C.5 Training Hyperparameters

Optimizer Configuration. We use
AdamW (Loshchilov and Hutter, 2019) with
the following settings:

e Learning rate: 1 x 1073 (constant, no warmup
or decay)

* Weight decay: 0.0 (L2 regularization disabled
to avoid interfering with explicit sparsity con-
straints)

* Betas: (0.9,0.999) (default momentum coeffi-
cients)

* Epsilon: 1 x 108 (numerical stability constant)

» Batch size: 64 samples per update

e Gradient clipping: None (training was stable
without clipping)

Training Schedule. The constant learning rate
without decay was chosen because the two-stage
training protocol naturally provides curriculum
learning: Stage 1 establishes a good initializa-
tion for the encoder-decoder using traditional SAE
framework (Shu et al., 2025), after which Stage 2
refines the latent structure, as defined as SAE
post-training. Preliminary experiments with cosine
annealing showed no improvement over constant
learning rate for this setting.

D Evaluation Metrics

This section provides detailed mathematical defini-
tions for all evaluation metrics reported in Section 5
of the main paper.

D.1 Binding Accuracy Metrics

We evaluate the quality of semantic binding us-
ing multiple complementary metrics reported in
Table 2 and Figure 3 of the main paper:

Slot Binding Accuracy. The fraction of ques-
tions that activate the correct relation slot, defined
as:

N
AccChinding = % Z 1 [argmax zr(;) ;= ri] (18)
i=1 J
where zr(él) is the relation slot activation vector for
question ¢ and r; is the ground-truth relation. This
metric measures one-to-one mapping quality and
is the primary metric reported in Table 2.

Top-k Accuracy. A relaxed metric checking
whether the true relation slot appears in the top-
k predictions:

N
1 i
ACCtop—k = N ZHA[TE € TOPK(Zr(el))] (19)
=1

This metric is useful for understanding near-miss
cases where the correct slot has high but not maxi-
mal activation.



Margin. The logit difference between the top-
1 and top-2 slot predictions, measuring binding
confidence:

N
Margin = N Z(zr(él) i zr(;) ) (20)
i=1
where j; and jo are the indices of the highest and
second-highest activations. Higher margins indi-
cate more confident and unambiguous binding. We
report average margins in Section 5.3 when analyz-

ing binding robustness across layers.

Answer Accuracy. Exact-match accuracy for
generated answers:

N
1 .
AcCanswer = N z;“é[az = ai] (21)
e

where the normalization function handles multiple
date formats (e.g., “Day, Month, Year”; “Month
Day, Year”; “YYYY-MM-DD”) to avoid penaliz-
ing formatting differences.

This metric is computed in two distinct exper-
imental contexts:

1. Value Head Accuracy (Binding Validation):
Measures direct answer prediction from the six
trained value head MLPs without any interven-
tion. For each question, we use arg max(zre])
to identify the predicted relation slot, then ap-
ply the corresponding value head to generate
an answer token. This validates that: (a) rela-
tion slots correctly bind to semantic concepts,
and (b) slots contain sufficient information for
answer generation. Reported accuracy: 91.2%.
This is a diagnostic metric that does not involve
the full LLM.

2. Swap Intervention Accuracy (Causal Con-
trol): Measures the full language model’s an-
swer generation after latent manipulation in
swap experiments (Section 5.4). After modify-
ing relation slot activations (z;’rlg 0, z;arget —

«), we decode to obtain h = Wiece - 2’ and feed

this modified activation through the remaining

transformer layers to generate text using the

LLM’s standard autoregressive generation. The

value heads are not used in these experiments.

This validates causal control over model behav-

ior. Optimal swap success: 85% at o ~ 2

(Layer 6).

These two metrics serve complementary pur-
poses: value head accuracy demonstrates that

slots learn semantically meaningful representations,
while swap intervention accuracy validates that
these representations causally influence the full
model’s behavior.

Diagonal Accuracy. Quantifies the one-to-one
mapping quality between ground-truth relations
and predicted slots using the confusion matrix:

R
) 1
Diag = = Z Cii (22)
i=1
where R = 6 is the number of relations and C'
is the normalized confusion matrix with Cj; =
% Perfect binding yields Diag = 1.0,
while random assignment gives Diag ~ 0.167.
Confusion matrices are visualized in Figure 4 for
layer-wise analysis.

D.2 Reconstruction Quality

We measure the fidelity of the autoencoder’s recon-
struction using mean squared error:

N
1 . e
MSErecon — N E Hh(’l) _ h(l)”Q (23)
=1

where h() is the original 768-dimensional acti-
vation vector from GPT-2’s residual stream and
(@ = Wiee 2 is the reconstructed activation
after encoding and decoding through the SAE. The
reconstruction target is the raw activation, not nor-
malized or preprocessed. Layer 6 achieves MSE
~ 7.42 x 1072, representing a trade-off between
reconstruction fidelity and semantic structure—
early layers achieve lower MSE (e.g., Layer O:
6.53 x 107°) but lack meaningful concept bind-
ing. The relatively higher MSE in middle layers
reflects the cost of enforcing interpretable slot struc-
ture while maintaining sufficient information for
downstream task performance.

D.3 Swap Controllability

To test causal control over model behavior (See
Section 6.5), we measure the success rate of an-
swer swaps when intervening on SAE latents. The
intervention procedure:

1. Identify the original activated relation slot ¢
for a given question .

2. Suppress the original slot: z;"'¢ < 0

Amplify a different target slot j: z;.mget —a

4. Decode the modified latent vector and gener-

ate an answer

98]



We evaluate swap success across multiple ampli-
fication strengths to understand the sensitivity of
the intervention:

a € {0.1,0.5,1,2,5,10, 20, 50, 100, 200, 500, 1000}

(24
Swap controllability is defined as:

M
Swap,, = % > Haw® =rr],  (25)
m=1

where M is the number of swap experiments, gy, ~

is the relation predicted by the full language model
after the intervention, and r}, is the ground-truth
target relation for example m. The prediction gy *
is obtained by decoding the intervened SAE code 2’
into a modified latent vector h = Wiecz' and then
feeding h through the remaining transformer layers,
and }¥[-] denotes the indicator function (1 if the con-
dition holds, 0 otherwise). Intuitively, Swap, mea-
sures how often amplifying a learned relation slot
successfully steers the model to the corresponding
target relation (e.g., changing a BIRTH_DATE ques-
tion to produce a BIRTH_CITY answer). As shown
in Figure 5, performance is maximized at moder-
ate amplification a = 2, where Layer 6 reaches
85% swap success. Smaller values (« < 1) pro-
vide too weak a steering signal, while very large
values (o > 10) lead to instability and degraded
performance.

E Layer-wise SAE Feature Comparison

This section presents a comprehensive compari-
son of top-50 activated features across all 12 trans-
former layers (Layer 0—11) of GPT-2. Each visu-
alization compares two conditions: (1) with SAE
post-training (supervised sparse autoencoder ap-
plied), and (2) without SAE post-training (base-
line activations). This comparison reveals how su-
pervised alignment shapes feature representations
and demonstrates the emergence of clean semantic
binding in middle layers, while also highlighting
artifacts that appear in deeper layers without SAE
regularization.

E.1 Analysis

These layer-wise visualizations reveal several criti-
cal insights about the role of supervised SAE train-
ing across network depth:

Early Layers (0-3): Limited Semantic Structure.
In shallow layers, both conditions (with and with-
out SAE) show relatively diffuse activation patterns

with weak relation-specific structure. This reflects
that early transformer layers primarily process lo-
cal token-level features and have not yet formed
abstract semantic representations suitable for clean
concept binding. The SAE provides marginal im-
provements but cannot overcome the fundamental
limitation that these layers lack the representational
capacity for high-level semantic concepts.

Middle Layers (4-8): Emergence of Clean Bind-
ing. The most dramatic differences appear in mid-
dle layers, particularly Layer 6. With SAE post-
training, we observe sharp, diagonal activation pat-
terns indicating successful one-to-one binding be-
tween ontological relations and designated slots.
Without SAE supervision, these same layers show
more scattered, overlapping activations that fail
to achieve clean separation between semantic con-
cepts. This demonstrates that while middle layers
contain the raw representational power for concept
binding, explicit supervision through the SAE’s
multi-objective loss is essential to crystallize these
latent capabilities into interpretable, controllable
structure.

Deep Layers (6-11): Artifacts Without SAE. A
particularly interesting phenomenon emerges in
deeper layers without SAE post-training. Starting
around Layer 6 and becoming more pronounced
in Layers 9-11, the baseline (no SAE) condi-
tion exhibits strange, irregular activation patterns—
potentially including sparse, extreme activations,
feature collapse, or unexpected clustering. These
artifacts likely reflect the model’s aggressive com-
pression of task-relevant information in preparation
for final output generation. The supervised SAE
mitigates these irregularities by enforcing recon-
struction fidelity, sparsity constraints, and orthogo-
nality between relation and free slots, resulting in
more stable and interpretable features even in deep
layers.

Optimal Layer for Intervention. These visual-
izations provide empirical justification for choosing
Layer 6 as the primary layer for semantic inter-
vention experiments (as reported in Section 5 of
the main paper). Layer 6 achieves: (1) mature se-
mantic representations that support clean binding,
(2) strong separation between concepts under SAE
training, (3) minimal artifacts compared to deeper
layers, and (4) acceptable reconstruction error that
preserves model functionality.
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Figure 7: Layer-wise comparison of top-50 feature activations with and without SAE post-training across all 12
GPT-2 layers. Each subplot shows two conditions side-by-side. Early layers (0-3) show diffuse, entangled features
regardless of SAE training. Middle layers (4-8) demonstrate the strongest benefit from SAE supervision, with clean
diagonal binding emerging. Deep layers (9—11) reveal interesting artifacts: without SAE post-training, features
exhibit irregular patterns and potential over-compression, while SAE-trained models maintain more structured
representations. Layer 6 represents the optimal layer for semantic binding, achieving perfect diagonal accuracy with
controllable relation slots.



The Role of Supervised Training. Across all
layers, SAE post-training consistently produces
more structured, interpretable activation patterns.
The supervised losses—particularly alignment loss
(enforcing relation-slot correspondence) and or-
thogonality loss (separating supervised and un-
supervised features)—act as powerful inductive
biases that shape the latent space into a form
amenable to human interpretation and causal in-
tervention. Without this supervision, even layers
with rich semantic content fail to expose that struc-
ture in an accessible format.
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