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Abstract—Large language models (LLMs) are now widely used
in interactive dialogues, where behaviour depends on context and
conversational dynamics. Despite their impressive success, they
are often treated as black boxes, with limited understanding of
the internal mechanisms that maintain a consistent behavioural
stance across turns. Inspired from neuropsychological approaches
to understanding the human brain, we develop Lezak as a
general-purpose ablation-based algorithm to probe black-box
dialogue models. Lezak, named after the famous neuropsychol-
ogist, uses sparse autoencoders (SAEs) to decompose model
behaviour before performing target ablations while preserving
conversational context. We apply Lezak to therapeutic dialogues
as a proof-of-principle for our approach, where context depends
on more than semantic correctness. We find that different
aspects of therapeutic behaviour evolve across deeper layers.
Results suggest that Lezak can be useful as a causal tool to
identify mechanistic regions of interest within LLMs, with future
directions to expand our case-study into a generalised tool.

Index Terms—Mechanistic Interpretability, Cognitive AI,
Therapeutic LLMs, Causal Interpretability

I. INTRODUCTION

The past few years have seen rapid progress in large lan-
guage models (LLMs), transforming them from task-oriented
systems into interactive agents. As these systems move from
benchmark settings to real-world use, their impact increasingly
depends on behavioural properties expressed in interaction,
including how they sustain tone, follow conversational norms,
and adapt to user context over time. This creates a particular
challenge for interpretability because such properties are rarely
tied to a single component or representation [1]. Rather, lan-
guage architectures are shaped by conversational history, and
embedded across multiple layers. As a result, understanding
model behaviour involves relating patterns of interaction to
model’s internal processes that span multiple levels of repre-
sentation. A closely related distinction has long been central in
neuroscience, where lesions are used as interventions to test
which brain regions are necessary for particular behaviours
[2]. This intervention process supports functional attribution
by providing causal evidence about which components are
necessary for specific behaviours [2].

Recent work in mechanistic interpretability has made sub-
stantial progress in connecting internal structure in LLMs to
specific capabilities [3]. Studies have localized token-level

behavior and identified internal circuits [3] using targeted
interventions, such as activation patching and causal tracing
[4]. These approaches are particularly effective when the target
behavior is well defined, and tightly linked to particular inputs
or outputs. Behavioural properties expressed in interaction,
however, differ in important ways. They unfold across turns
and are shaped by many small lexical and stylistic choices,
which makes it challenging to map internal components to
the model’s output in context. This motivates interpretability
approaches that connect internal structure to behavioural pat-
terns across interaction instead of isolated outputs alone.

To address this gap, recent work emphasises targeted
intervention to study internal functions in LLMs [5]–[7].
Intervention-based approaches go beyond treating internal
activations as explanations by examining how ablating internal
components causally changes model behaviour. This approach
is well established in neuroscience, where lesions are used
to test how disrupting specific structures affects behaviour
and to support functional attribution [8]. This connection is
also relevant in AI interpretability [9], where LLMs are often
studied as models of language processing and interventions
provide a direct way to test internal function.

Therapeutic dialogues provide a compelling setting for
studying behaviour in interaction. Effective therapeutic re-
sponses depend not only on semantic relevance but also
on subtle linguistic choices that convey tone, empathy, and
appropriateness at all turns. Small changes in wording can
alter how a response is perceived, even when its propositional
content remains similar. This makes therapeutic conversation
sensitive to disruptions that affect linguistic expression and
subtext, rather than what is conveyed at a coarse semantic
level. In this work, therapeutic dialogue is used to analyse
model behaviour over a multi-turn context instead of single-
step outputs.

Motivated by this, we propose Lezak, a framework for
layer-wise, intervention-based analysis of behaviour in LLMs
using sparse internal representations. Inspired by classical
neuropsychological lesion studies, we name this framework
Lezak, referencing the established tradition of neuropsycho-
logical assessment [10]. Lezak builds on recent advances in
sparse autoencoders (SAEs) to identify interpretable features,



and uses targeted ablation of these features during generation
of model response to examine their functional contribution.
Unlike prior intervention studies that focus on single responses
or narrow tasks, Lezak is designed to probe how internal
mechanisms support behavioural patterns that unfold across
extended interaction. In this work, therapeutic dialogues are
used as a compelling setting, where small ablations can
alter tone, coherence, and perceived appropriateness without
necessarily changing semantic content. This setting allows
a systematic examination of how different layers contribute
to distinct aspects of behavioural expression under realistic
conversational conditions.

The contributions of Lezak are as follows: (i) Lezak permits
the analysis behaviour in LLMs across layers and interaction
contexts, which is theoretically task and domain-agnostic. (ii)
Lezak enables layer-wise causal analysis of therapeutic dia-
logue, demonstrating how sparse internal features contribute to
behavioural properties beyond semantic correctness. (iii) We
provide an explicit assesment of representational redundency,
useful for making networks more efficient or testing how
sparsity in networks can support more abstract features. We
show this by conducting controlled feature ablations across
multiple layers and evaluate the resulting behavioural changes
over multi-turn context, and assess intervention effects using
lexical, semantic, and confidence-based metrics to characterise
changes in generated behaviour. The implementation of Lezak
is available at: https://github.com/ai-voyage/Lezak.git .

II. RELATED WORK

Large language models (LLMs) have achieved remarkable
performance across a wide range of applications, from dia-
logue systems and assistive technologies to decision support
and multimodal reasoning [11]. Despite these advances, the
internal representational mechanisms of LLMs remain poorly
understood. This has motivated increasing interest in inter-
pretability methods toward analysing internal representations,
such as intermediate activations, and their causal role in model
behaviour [3].

A central challenge in this line of work is that neuron
activations in LLMs are typically polysemantic. Individual
neurons in large models often respond to several unrelated pat-
terns, making it unreliable to treat single units as interpretable
components [1]. As a result, recent work has moved away
from neuron-level analysis toward the study of features. In this
context, “features” are commonly treated as recurring activa-
tion patterns that reflect coherent internal functions extracted
from dense representations [12]. This perspective recognises
that meaningful structure in LLMs is often distributed across
many dimensions.

Earlier approaches to analysing internal representations re-
lied mainly on probing and attribution methods, which mea-
sure correlations between hidden states and linguistic prop-
erties [3]. Although these methods are useful for describing
what information is present in a representation, they do not
systematically establish whether particular components or sets
of components are responsible for differences in model output.

For this reason, recent research in mechanistic interpretabil-
ity has focused on analysing internal computations directly,
including how representations change across layers and how
specific components contribute to downstream behaviour [13],
[14].

SAEs have been proposed as a practical tool for addressing
polysemanticity by decomposing dense residual stream acti-
vations into sparse, disentangled features [15]. By enforcing
sparsity constraints, SAEs encourage representations in which
individual latent units correspond more closely to monose-
mantic concepts, enabling finer-grained analysis of internal
informational structure. Recent studies have demonstrated that
SAEs can uncover meaningful abstractions across deep layers
that are otherwise obscured in dense representations [3]. These
advances position SAEs as a powerful mechanism for studying
internal representations at scale, particularly when combined
with layer-wise analysis.

In addition to representation analysis, several works have
also explored causal interventions such as neuron ablation,
feature suppression, and circuit-level manipulation to as-
sess the functional importance of internal components [3].
Such intervention-based analyses provide stronger evidence
of causal necessity than attribution or probing alone. However,
existing studies [6], [7] have typically focused on narrow tasks,
with limited analysis of how intervention effects vary across
depth. Our approach applies systematic layer-wise causal
interventions on sparse feature representations to analyse how
internal components contribute to behaviour under context-
dependent settings, such as therapeutic dialogue.

III. LEZAK

Here we describe Lezak for identifying and causally testing
internal representations, with a case-example of therapeu-
tic dialogue generation. The framework combines residual-
stream activation extraction, sparse representation learning,
and targeted intervention during generation. By progressively
ablating learned sparse features and measuring the resulting
changes in model output, we aimed to distinguish correlative
and causative features that maintain therapeutic quality (see
Figure 1 for a summary).

A. Activation Extraction (Therapeutic Agent)

Let M denote the agent fine-tuned on a corpus of ther-
apeutic dialogues D = {(ui, ai)}Ni=1, where ui represents
client utterances and ai denotes therapist responses. The
model consists of L = 32 transformer layers, each containing
multi-head self-attention and feed-forward (MLP) sublayers
with residual connections. We extract internal representations
from the post-MLP residual stream at layer ℓ ∈ L. For
a sequence of tokens X = {x1, . . . , xt}, a forward pass
through the model yields hidden states H(ℓ) ∈ RT×dmodel at
layer ℓ. Tokens belonging to the assistant (agent) responses
are retained by identifying the assistant boundary in each
sequence. The resulting activation matrix A(ℓ) ∈ RNℓ×dmodel

contains post-MLP residual activations for Nℓ assistant tokens
at layer ℓ. In addition, a mapping from each activation row
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That's a great goal! It's important to remember that everyone 
experiences stress, and it's normal to feel overwhelmed at times…...

That's a great goal! It's important to remember that you experiences stress 
differently and it's okay to feel overwhelmed sometimes…

That's a great goal. It sounds important to remember that you has stress differently 
and it's okay. feel overwhelmed. times... 

That's a great goal to.'s important to be that you has stress at and it's important. 
feel overwhelmed. Times….

That's be.... want?? you? you want want you you you want you, do it you what. You 
you you….

I think gaining more control over my 
reactions in stressful situations would 
be a good start. I tend to ………

That’s a clear and achievable goal. 
Let’s think about strategies…. …

That sounds good. I feel like I'm 
aware of my problems but…….

Last session, we touched on 
some of the challenges you're 
facing that seem to…….

A sample of conversations at a therapy session from E-THER Dataset 
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Fig. 1. Flow diagram of the proposed Lezak framework. Post-MLP residual stream activations are extracted from a fine-tuned therapeutic language model
and encode them using Topk-SAE to obtain interpretable sparse features. Causal interventions are performed by ablating subsets of these features during
generation, while preserving full multi-turn conversational context. The resulting responses are compared against human therapist references and the model’s
unablated baseline to analyze depth-dependent effects on therapeutic behavior.

to its original token index is recorded, enabling subsequent
alignment between internal features and generated response
text.

B. Sparse Feature Discovery Agent

We employ sparse dictionary learning [5] to uncover inter-
pretable and causally testable internal features associated with
therapeutic behaviour. Specifically, we train a Top-K SAE
on residual stream activations extracted from the therapeutic
agent. The objective is to learn an overcomplete, sparse
representation in which each activation is reconstructed using
a small, fixed number of latent features.

Let A(ℓ) = {xj}Nℓ
j=1 denote the set of post-MLP residual

activation vectors corresponding to assistant tokens at layer
ℓ ∈ {1, . . . , L}, where L denotes the total number of layers in
M. Each activation x ∈ Rdmodel represents a single token-level
residual stream state. Here, dmodel denotes the dimensionality
of the model’s residual stream. Prior to training, activations are
normalised feature-wise using statistics computed over A(ℓ):

x̃ =
x− µ

σ
, (1)

where µ,σ ∈ Rdmodel are the empirical mean and standard
deviation. The encoder maps the normalised activation into an
overcomplete latent space:

h = Wencx̃+ benc, (2)

where Wenc ∈ Rdhidden×dmodel and dhidden = α · dmodel with
expansion factor α > 1. To enforce structured sparsity, we
apply a hard Top-K operator to the encoder activations. Let

IK denote the indices of the K largest-magnitude elements of
h:

IK = TopK(|h|,K). (3)

The sparse latent vector z ∈ Rdhidden is defined as:

zi =

{
hi, i ∈ IK
0, otherwise.

(4)

which enforces an exact ℓ0 sparsity constraint, ensuring that
each token activation is represented using a fixed number of
active features. The decoder reconstructs the original activation
from the sparse latent code:

x̂ = Wdecz+ bdec, (5)

where Wdec ∈ Rdmodel×dhidden . The Top-K SAE is trained to
minimise mean squared reconstruction error:

LSAE = ∥x̂− x̃∥22. (6)

We train separate SAEs independently for each layer ℓ ∈ L.

C. Ablating Neurons

To establish the causal role of discovered sparse features
in model behaviour, we conduct systematic intervention ex-
periments through feature ablation. The procedure operates
on full multi-turn conversations, where dialogue context is
accumulated across turns to preserve conversational state.
This ensures that interventions are evaluated under realistic,
context-dependent generation conditions. For a layer ℓ, we
record the layer-ℓ residual stream states associated with the
generated assistant tokens. Let R(ℓ) = [r

(ℓ)
1 , . . . , r

(ℓ)
G ]⊤ ∈

RG×dmodel denote the sequence of residual vectors collected



for the G generated tokens, where G is the number of tokens
generated in the assistant continuation. Using the trained Top-
K SAE for layer ℓ, we encode R(ℓ) to obtain sparse latent
activations:

Z = [z1, . . . , zG]
⊤ ∈ RG×dhidden , (7)

where each zg contains at most K non-zero entries. We refer
to each latent dimension of the SAE as a feature.

To intervene, we define an ablation set of feature indices
S ⊆ {1, . . . , dhidden} and suppress these features by setting:

(z′g)k =

{
0, k ∈ S,
(zg)k, otherwise,

for all k ∈ {1, . . . , dhidden}, g ∈ {1, . . . , G}.
(8)

The ablated latent activations are decoded back into residual
space to produce modified residual vectors R(ℓ)′ ∈ RG×dmodel .
When generating responses with the intervention applied, we
replace the layer-ℓ residual stream states for generated tokens
with R(ℓ)′, yielding an intervened response. By increasing |S|
according to activation magnitude (percentile-based selection),
we obtain a controlled family of outputs under progressively
stronger feature ablations. This enables causal assessment of
how sparse features influence therapeutic behaviour.

D. Evaluation Metrics

To quantify the behavioural effect of Lezak interventions,
we generate an ablated response y(p) at ablation level p for
each dialogue turn and compare it to the human reference
y⋆. We report lexical and semantic similarity using BLEU-
2 [16] and BERTScore F1 [17], and report perplexity to
quantify deviation from the unablated baseline. Scores are
averaged across turns for each p and analysed as a function of
intervention strength; BLEU-2 captures stable local phrasing
in open-ended dialogue, while BERTScore F1 provides a
balanced semantic similarity measure. Together, these metrics
provide a controlled proxy for therapeutic behaviour change
under intervention and enable identification of causal neurons
driving the observed shifts.

IV. EXPERIMENTAL RESULTS

This section evaluates the causal contribution of sparse
internal features to therapeutic dialogue generation using the
Lezak framework. Inspired by lesion and ablation studies in
neuroscience, Lezak systematically ablates neurons identified
via Top-K SAE neurons and measures the resulting changes
in model behaviour. By analysing degradation patterns across
depth, we assess where and how internal representations sup-
port therapeutic competence. Following [14], we group layers
into early (Layer 7), mid (Layers 15 and 23), and late (Layer
31) stages.

A. Dataset

In our experiments, we used the E-THER (Empathic THER-
apy conversations) [18], which is a corpus of therapist–client
interactions drawn from 18 sessions conducted by certified
clinical psychologists with clients. The dataset comprises 789

dialogue pairs and 1,578 utterances. Our experiments are
conducted on the text component of the dataset.

B. Experimental Setup

We use Llama3.1-8B [19] fine-tuned on E-THER [18]
corpus as a baseline for our therapeutic agent. Following the
experimental protocol of [18], we set the therapeutic agent’s
training hyperparameters as follows: learning rate 3e−2.5,
batch size 16, 2 training epochs, and LoRA settings with rank
8 and α = 64. We conducted a series of sweep experiments
to select the best Sparse Feature Discovery Agent for each
target layer. Specifically, we varied the learning rate over
1× 10−4, 3× 10−4 and the expansion factor over 4, 8, while
keeping the batch size fixed at 128 and setting the sparsity
coefficient to λ = 1 × 10−3. Each configuration was trained
for up to 100 epochs with early stopping. We selected the
SAE for each layer by maximizing cosine similarity to prior-
itize directional alignment between original and reconstructed
activations while reducing sensitivity introduced by sparsity
regularization. Based on these empirical results, we chose
a learning rate of 1 × 10−4 across all layers. We selected
an expansion factor of 4 for layers 7 and 31, achieving the
highest cosine similarities of 0.9941 and 0.9947, respectively.
For layers 15 and 23, we selected an expansion factor of
8, achieving cosine similarities of 0.9968 and 0.9966. We
performed all our experiments using an NVIDIA RTX A6000
GPU.

C. Lezak Interpretability

Figure 2 presents the behavioural effect of interventions
against human therapist references under progressive feature
ablation. Across early, mid, and late layers, increasing ablation
leads to a consistent decline in both BLEU and BERTScore.
This pattern indicates that SAE features are causally linked
to therapeutic response generation. Notably, BLEU degrades
substantially faster than BERTScore across layers. This sug-
gests that the ablated sparse features mainly support lexical
and stylistic realisation, while semantic alignment remains
comparatively more robust. Tables I and Table II quantify
the behavioral impairment and reveal the following three key
patterns.

0 2 4 6 8 10 12 14
Ablation %

0.005

0.010

0.015

0.020

0.025

0.030

BL
EU

 v
s H

um
an

Lexical Similarity (Therapeutic)
Layer 7
Layer 15
Layer 23
Layer 31

(a) Lexical Similarity

0 2 4 6 8 10 12 14
Ablation %

0.75

0.76

0.77

0.78

0.79

0.80

0.81

BE
RT
Sc
or
e 
F1
 v
s H

um
an

Semantic Similarity (Therapeutic)
Layer 7
Layer 15
Layer 23
Layer 31

(b) Semantic

Fig. 2. Layer-wise effects of sparse feature ablation on LLM-human similarity
across layers. For selected layers (early, mid, late), we report a) changes in
lexical similarity (BLEU), b) semantic similarity (BERTScore) as increasing
top-k features are ablated. We show that sparse features are more critical for
surface-level therapeutic expression than for preserving semantic intent.



TABLE I
EFFECT OF ABLATION ON THERAPEUTIC QUALITY AGAINST HUMAN
THERAPIST REFERENCES. VALUES ARE THE PERCENTAGE CHANGE

BETWEEN THE UNABLATED CONDITION AND THE HIGHEST ABLATION
LAYER. ARROWS INDICATE THE DIRECTION OF DEGRADATION.

Layer ∆ BLEU ↓ ∆ BERT ↓ ∆ PPL
7 −75.4% −7.6% −73.1%

15 −83.4% −3.3% +641.8%

23 −80.8% −5.6% +245.0%

31 −63.3% −5.5% −25.5%

First, Table I reports that lexical similarity to human ther-
apist responses (BLEU) exhibits severe degradation across all
layers, with endpoint reductions of approximately 63% to 83%
at the highest ablation level relative to the unablated condition.
This suggests that the ablated sparse features are critical in
the surface-level realisation of therapeutic language. Second,
semantic similarity (BERTScore) declines more moderately
(≈ 3–8% across layers). This asymmetric degradation sug-
gests that semantic intent of the model is partially preserved
even when the therapeutic style is disrupted. Third, model
confidence (perplexity ratio) responds non-uniformly across
depth. Mid layers (Layers 15 and 23) show dramatic perplexity
increases (up to +642%), whereas early (Layer 7) and late
(Layer 31) layers exhibit smaller or even decreasing per-
plexity despite substantial quality loss. This depth-dependent
dissociation suggests that model confidence is not uniformly
aligned with therapeutic competence. These results indicate
that the SAE neurons are causally necessary for therapeutic
behaviour, but their functional contribution varies by layer. In
the following sections, we analyze how Lezak enables layer-
wise causal attribution.
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Fig. 3. Comparison of ablated outputs against the unablated model baseline:
a) Lexical similarity (BLEU) and b) Semantic similarity (BERTScore) are
computed relative to the model’s original (non-ablated) output. Across all
layers, ablation causes substantial divergence from the model’s original
output, with stronger degradation in lexical form than semantic content. This
demonstrates that Lezak interventions induce systematic behavioural shifts
beyond reduced alignment with human references.

Figure 3 quantifies model drift by measuring similarity
between each ablated output and its corresponding 0% abla-
tion output (i.e., the model’s own baseline response for the
same prompt). Across all depths, similarity to the model’s
own baseline response decreases sharply: BLEU drops by
≈85–95% from its 0% ablation, while BERTScore drops
more moderately (≈10–14%). This demonstrates that Lezak

TABLE II
BEHAVIOURAL CHANGE RELATIVE TO THE UNABLATED OUTPUT UNDER

ABLATION. VALUES ARE THE PERCENTAGE CHANGE IN BLEU AND
BERTSCORE SIMILARITY TO THE MODEL’S UNABLATED OUTPUT AT THE

HIGHEST ABLATION LAYER.

Layer ∆ BLEU ↓ ∆ BERT ↓
7 −93.3% −13.7%

15 −94.8% −10.4%

23 −90.5% −12.0%

31 −85.1% −9.6%

lesions do not merely reduce match to a human reference; they
induce a strong and systematic behavioural shift relative to the
model’s own unablated output therapeutic responses. The same
asymmetry observed in human-reference evaluation reappears
internally: lexical form is highly sensitive to sparse-feature
removal, whereas semantic similarity is more resilient. In
neuroscience terms, this resembles lesion effects where high-
level intent can remain partially intact while the realisational
form of behaviour deteriorates [2]. The following layer-wise
analysis draws on both human-reference degradation (Table I)
and behavioural change relative to the model’s unablated
output (Table II) to attribute functional roles across depth.

D. Lexical Fragility

Layer 7 exhibits strong degradation in lexical similarity to
the human reference in Table I (BLEU -75%), alongside the
largest semantic drop among the tested layers (BERTScore -
7.6%). Table I also reports a substantial decrease in perplexity
ratio (-73%), meaning the model becomes more confident
despite degraded therapeutic alignment. In Table II, the same
layer exhibits a large reduction in BLEU relative to the model’s
unablated output. This pattern suggests that early-layer sparse
features support lexical and stylistic realisation of therapeutic
phrasing patterns. Moreover, removing these features produces
a substantial behavioural change without a corresponding
increase in predictive uncertainty, consistent with a lesion-style
dissociation between competence and confidence.

E. Therapeutic Coherence and Control

Layers 15 and 23 show the most pronounced confidence dis-
ruption in Table I with perplexity increasing sharply (+642%
and +245%). In contrast, semantic similarity to the human
reference declines only modestly (BERTScore −3.3% and
−5.6%), while lexical similarity collapses (BLEU ≈−83%
and −81%). This pattern suggests mid-layer sparse features
are critical for stabilising the generation dynamics that support
coherent therapeutic responses. Under ablation, the sharp
rise in perplexity reflects loss of generative control, while
preserved semantic similarity suggests that therapeutic intent
remains but is expressed incoherently.

F. Therapeutic Tone

Layer 31 shows the smallest degradation in lexical similarity
to the human reference in Table I (BLEU −63%), while still
exhibiting a large reduction in BLEU relative to the model’s



unablated output in Table II (−85%). The perplexity ratio
decreases moderately (−25.5%), indicating that confidence
is not a reliable proxy for therapeutic quality. This pattern
suggests that late-layer sparse features primarily contribute to
output-level shaping, such as wording choices and therapeutic
tone, rather than upstream generation stability. Ablation of
this layer alters the expressed form of therapeutic responses
without producing the sharp uncertainty increases as observed
in mid layers.

Lezak yields a depth-dependent lesion profile with clear
dissociation: (i) lexical form is consistently fragile across
depth, (ii) semantic similarity is comparatively resilient, and
(iii) confidence disruptions concentrate in mid layers, while
early and late layers can show reduced perplexity despite
degraded therapeutic quality. These findings support the Lezak
interpretation that TopK-SAE features are not only correla-
tional but causally necessary sparse mechanisms whose func-
tional contribution varies by depth. This mirrors neuroscience-
style ablation studies, where specialisation is inferred from
behavioural deficits and dissociation [2].

V. CONCLUSION

We introduced Lezak, a layer-wise intervention framework
for interpreting LLM behaviour. Lezak ablates sparse internal
features during multi-turn generation to test their causal role.
When applied to therapeutic dialogue, Lezak uncovers a depth-
dependent lesion profile with clear dissociation between and
within layers. We find that the expressed therapeutic form,
including wording and style, is fragile under ablation, while
semantic similarity is comparatively more resilient. Further-
more, mid-layer lesions produce the strongest disruptions to
generative control, whereas early and late layers can exhibit
reduced perplexity despite degraded therapeutic alignment.
Overall, the impairment profile suggests sparse features play
causally necessary roles in shaping therapeutic behaviour.

The presented results establish Lezak in one therapeutic
configuration, and broader generalisation remains to be tested.
Future work should include evaluating additional LLM ar-
chitectures and datasets. It can also assess alternative SAE
variants, and extending interventions to other transformer
components such as attention pathways.
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