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Abstract

Mechanistic interpretability aims to elucidate the internal reasoning of Large
LanguageModels (LLMs) by reverse-engineering their latent representations.
It is a very broad field of research, that spans across many different hypothe-
sis and research questions. Since it is impossible to provide a complete log-
ical and mathematical explanation of how an LLM reasons and operates, re-
search instead focuses on testing and validating small hypotheses that, collec-
tively, help build a broader understanding. For example, the work of Chen et
al. [4] has demonstrated the feasibility of ”model stitching” within the same
model family. Their work aims to prove that an affine mapping exists be-
tween residuals stream of language models, and that this affine mapping can
be use in practical ways, such as transferring sparse autoencoders’ (SAEs)
weights. This work extends their investigation to inter-family stitching, ad-
dressing the challenge of bridging models with distinct architectures and tok-
enizers. In the context of interpretability, model stitching is a tool that helps
us understand and measure how two models differ. It does so through a“re-
verse engineering”approach: once two models are stitched together, we can
analyze how the stitching operates, potentially revealing new insights about
the individual models themselves. Focusing on open-weights models such as
Llama-3, Gemma-2, and Qwen-2.5, this thesis explores the alignment of latent
spaces using affine transformations and sparse autoencoders. The methodol-
ogy investigates the transferability of hidden states across different families,
tackling the vocabulary mismatch problem through dataset alignment and di-
rect latent mapping. Experimental results on standard benchmarks, including
HellaSwag and MMLU, indicate that functional hybrid models can be con-
structed with performance degradation comparable to intra-family baselines.
In particular, the Llama-3 to Qwen-2.5 configuration demonstrates significant
semantic coherence. Additionally, the research highlights the ”Single Tok-
enizer” phenomenon: when two models are stitched together, it is possible to
use the tokenizer of the first model to decode the outputs of the second model
B (without modifying the second model weights) and still obtain a functioning
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system. This suggests that high-level semantic alignment between the mod-
els can allow one of them to operate effectively within an alien token space.
These findings suggest that, despite architectural differences, LLMs converge
towards linearly mappable internal representations, supporting the broader hy-
pothesis of a shared semantic space.



Chapter 1

Introduction

Mechanistic interpretability seeks to reverse engineer neural networks, simi-
lar to how one might reverse engineer a compiled binary computer program.
After all, neural network parameters are in some sense a binary computer
program which runs on one of the exotic virtual machines we call a neural
network architecture ~ Chris Olah. [12]

Mechanistic interpretability, as a field, is quite recent. Until now, development
and focus have been centered on creating new architectures, often overlooking
the fact that most current Artificial Intelligence (AI) models are black boxes1.
Dario Amodei, CEO of Anthropic, argued in a blog post [1] that interpretabil-
ity and technological progress should advance in parallel. He posited that only
by fully understanding how these systemswork canwe truly improve them and
overcome their limitations.
Moreover, the recent proliferation of Large LanguageModels (LLMs) as chat-
bots, such as ChatGPT [14], Gemini [7], and Perplexity [16], has democratized
the usage of such models. Their rapid technological advancement in such a
short period, including multimodal support and media generation, has created
many social dilemmas that still need to be answered: is it acceptable to use
them in serious context, for example in courts or in medical fields? Can we
trust these systems in mission critical environment? Are they safe, or can be
made safe, for underage users?

1A black box AI is an AI system whose internal workings are a mystery to its users. Users
can see the system’s inputs and outputs, but they can’t see what happens within the AI tool
to produce those outputs. [10]
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For example, the Italian Minister of Education, Giuseppe Valditara, stated in
an interview [17] that he is interested in the opportunities such models of-
fer in an educational context, while emphasizing the importance of human
interaction in the classroom. OpenAI has also highlighted the health-related
capabilities of its newest model, GPT-5 [15], suggesting it could be useful for
addressing users’ concerns about their health. Many people have started us-
ing LLM-based chatbots instead of Google (or other search engines) [11]. But
how can we be confident in delegating the responsibility of verifying sources
and claims to a model that often hallucinates providing false or plainly wrong
information [9]?
The term “hallucination”, in the context of LLMs, refers to instances in which
a model generates false or illogical information while presenting it in a very
confident manner. This can be potentially dangerous, as it may lead to harmful
consequences if the correctness of the model’s output is taken for granted.
For this reason, the field of interpretability is critically important: understand-
ing how these models “reason” could help us prevent, and even correct, hal-
lucinations at their root cause or just before the next token is generated. This
would allow them to be used in more critical contexts, such as education or
even mental health. As of today, however, this goal is still out of reach.

1.1 Contributions and Outlines

This work tackles mechanistic interpretability from a high-level perspective,
seeking to understand if different models, based on slightly different archi-
tectures and trained on different data, share a common knowledge space. It
also explores how we can transfer the “thinking process” of one LLM to an-
other by stitching the two models together. These hypotheses are based on
the semantic hub hypothesis [24], which posits that the capabilities learned
by a language model emerge from a shared representation space across het-
erogeneous data types. If proven, the semantic hub hypothesis would be a
significant step forward for interpretability, as it would simplify the entire
process. Instead of studying each LLM individually, research efforts could
be focused on studying the semantic hub, and the findings would apply to all
existing Transformer-based LLMs, since they would all share this common



1.1 Contributions and Outlines 3

knowledge space.
This work takes this hypothesis and applies it to model stitching betweenmod-
els from different families, with the goal of achieving a functional hybrid
model. The objective is not to create a better model or to optimize compu-
tation, but to demonstrate that such an operation is possible.
The following sections detail how the work was conducted. An analysis of
related work (2) situates this thesis within the current state of the art in mech-
anistic interpretability. Chapter 3 then introduces the fundamental building
blocks upon which the main experiments are based. Finally, Chapters 4 and 5
present the hybrid model architecture and evaluate it across different bench-
marks. Chapter 6 concludes the thesis by outlining possible future work and
summarizing the main findings.



Chapter 2

Related Work

This work is heavily inspired by two strands in current literature: “model
stitching” and “activation steering”.

2.1 Model Stitching

Model stitching is the task of aligning the latent space of two different models
in order to create a bridge capable of translating the latent space of a giver
model to the latent space of a receiving model. The goal of this task is to eval-
uate how functionally similar the representations learned by independently
trained neural networks are. In the context of large language model, the task
can be rephrased as how similarly two independently trained large language
models represent natural language. This task is directly linked to the semantic
hub hypothesis: if the semantic hub hypothesis were demonstrated to be true,
then model stitching would be almost trivial, because learned representations
of different models of natural language would converge to a universal repre-
sentation; it would be easy to translate one representation to another. Unfor-
tunately, the success of model stitching does not imply that the semantic hub
hypothesis is true, but it is indeed a step forward towards that direction.
The work of Chen et al. [4] tackles model stitching by posing strong assump-
tions: within the same model family, i.e, models trained on the same training
data by the same team using almost identical architecture, model stitching is
possible, and it is achievable using an affine transformation. They test the de-
gree of success of hybrid models bymeasuring the degradation in performance
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in the next token prediction task, which is the standard training objective for
large language models. Most notably, they observe that a hybrid model cre-
ated by stitching a small model (A) to a bigger model (B), and then stitching
the same bigger B model back to model A (the stream of information gets pro-
cessed by A, then B and then again by A) produces a negligible degradation in
performance, meaning that the translation process is practically lossless. To
achieve a functional stitching, they assume that the translation is bidirectional
(i.e. from a layer in model B it is possible to reconstruct the output of a layer in
model A), hence the loss signal in their training is produced by the reconstruc-
tion error of two transformation matrices: one that transforms states from A to
B, and another that transforms states fromB to A. Once the training is finished,
they discard the second transformation matrix and they use the first one as the
stitching layer. They preferred this loss signal because, given the assumption,
it would be easier to compute and manage compared to the traditional cross
entropy loss function over the next token prediction task.
The plasticity with which they are able to “translate” the latent space of one
model to another, and the limitations highlighted in their work, was the driv-
ing force behind this thesis. Particularly, this work focuses on inter-family
model stitching, meaning that the task of aligning latent spaces is being done
on models trained by different teams, possibly using different training data
and with different architectures.

2.2 Activation Steering

Activation steering, while not being directly linked with model stitching, is
the second research strand that motivated this work. “Activation steering” is
an umbrella term that includes all techniques used to modify (“steer”) the be-
havior of a large language model directly within the latent space. While the
same results achievable with activation steering techniques are probably ob-
tainable by crafting an ad hoc prompt, these techniques are inherently stronger
because they operate inside the “black box”, directly on the latent space. In
its simplest form, activation steering is achieved by computing a “semantic
vector” for a specific sentiment (for example the “happiness vector”, or the
“anger vector”) and then it is introduced inside the large language model, for
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example by adding it to a latent space, to steer the internal reasoning of the
model.
Recently, there have been different works on the topic: for example, a frame-
work 1 have been developed to uncensor (i.e bypass their guidelines on sen-
sitive contents) almost any open source model via activation steering. In an-
other blog post on Huggingface 2, activation steering is used to make Llama-
3 “think” it is the Eiffel Tower. Even if the same results can be achieved
by working at a higher level, crafting specific prompts (prompt engineering),
these works are inherently more fascinating because they empirically demon-
strate that working on the latent space can produce concrete results.
This opens the doors to many different works. The work proposed byWang et
al. [23] demonstrate how injecting the “truth” vector inside a model improves
its capabilities on benchmarks and reduces hallucinations. Additionally, the
work of Thasarathan et al. [20] demonstrates that it is possible to create a Uni-
versal Sparse Autoencoder (USAE) that aligns interpretable concepts between
different vision models. That is, from one model it is possible to extract one
vision concept and feed it to another model under consideration. This work
further strengthens the idea that probably an hidden state can be translated
from one model to another, keeping coherent generation.
Finally, the work of Bello et al. [2] bridgesactivation steering andmodel stitch-
ing. In their work, they demonstrate that it is possible to “translate” a steering
vector created for one model to another via a linear transformation. This work
in particular was my second source of motivation for my work: what if it were
possible to translate a whole hidden state from one model to another?

1https://huggingface.co/blog/mlabonne/abliteration
2https://huggingface.co/spaces/dlouapre/eiffel-tower-llama



Chapter 3

Background

This chapter establishes the theoretical foundations underpinning this thesis.
It provides an overview of the core components of modern Large Language
Models (LLMs), ranging from low-level tokenization and embeddings to the
high-level Transformer architecture. Furthermore, it introduces a core element
for this work, Sparse Autoencoders, that will be central to many experiments
involving affine transformations between latent spaces.

3.1 Tokenizers

The tokenizer serves as the interface between raw text and the numerical com-
putation of an LLM. It functions as a deterministic mapping system that con-
verts a string of text into atomic units of text, known as tokens. These tokens
are then mapped, via a dictionary or a hash map, to a unique numerical value
that can be fed to models, such as large language models. The detokenization
works in the opposite direction: a model predicts a numerical indices that are
mapped to tokens. Multiple tokens produce a human readable sentence. This
tokenization process fundamentally defines the granularity at which a model
processes information, as illustrated in Figures 3.1 and 3.2.
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Hello, I am Luca Tokenizer [123, 412, 554, 512]

Large Language
Model

[123, 412, 554, 512,...]TokenizerHello, I am
Luca. Hi Luca!

Figure 3.1: The standard pipeline for processing and generating text in an
LLM.

Modern tokenizers typically rely on sub-word algorithms, such as Byte-Pair
Encoding (BPE) [18], to efficiently handle rare words andmorphological vari-
ations while maintaining a fixed vocabulary size. However, the specific seg-
mentation rules and vocabulary size vary significantly across model families.
For instance, the string ‘sunglasses’ might be tokenized as ['sun', 'glas-
ses'] by one model, but as ['sunglasses'] by another. In the context of
this work, this possible discrepancy between tokenizers will be problematic.
Continuing the previous example, if one model has conceptualized the object
as a single token, ‘sunglasses’, but another has internalized the same con-
cepts using two tokens, ‘sun’ and ‘glasses’, the alignment gains an additional
complexity layer. Instead of being injective as in the related works (in model
stitching within the same family the tokenizers of both receiving and giving
model are the same, in steering vector translation the steering vector is not
related to any token but it is already an abstract object), the mapping function
(i.e., the stitching layer) would become surjective, because the latent space of
one token maps to possibly more than one different token in the second model
latent space. This mismatch necessitates alignment techniques that will be
detailed in chapter 4.
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Tokenizer

Dictionary

123 Hello,

412 I

554 am

512 Luca

Figure 3.2: The internal structure of a tokenizer represented as a mapping
between text units and integer IDs.

3.2 Embeddings

Once tokenized, each discrete token ID is mapped to a continuous, high-
dimensional vector known as an embedding. These vectors populate the em-
bedding space, a geometric space where semantic relationships are encoded
as distances and directions.
As illustrated conceptually in Figure 3.3, both position and direction carry
meaning. Semantically related terms cluster together, and vector arithmetic
can often recover analogical relationships, such as the vector operation v⃗king −
v⃗man + v⃗woman ≈ v⃗queen.
This peculiar property of embedding is called vector semantics [3] and it is
not unique to large language models. Prior to the advent of transformer-
based architectures [22], there were already models capable of creating em-
beddings starting from tokens or even documents. Outside the mechanistic
interpretability field, where these properties are used to study how a model
process and store informations, these properties are mainly used to do infor-
mation retrieval tasks.
The concepts behind vector semantics are really important for this work. If
these complex relations between vectors could be translated between latent
spaces of different models using an affine transformation it would mean that
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most probably transformer based models learn an approximation of an univer-
sal vector space, and these representations differ only for an affine transfor-
mation. This idea of universalization is the same that is behind the semantic
hub hypothesis.
In this work the main focus is on trying to achieve a latent space translation
between a selection of open weight large language models of different fam-
ilies. The goal is to provide preliminary results towards the aforementioned
direction.

King

Male

Boy

Queen

Female

Girl

Grandmother

Grandfather

Lizard
Geko

Cat
Dog

Figure 3.3: A conceptual 2D projection of word embeddings.

3.2.1 The Impact of Training Data

These representations are learned as an emergent property from the training
corpus. Consequently, the embedding space mirrors the statistical properties
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and biases of the data. When dealing with models within the same family, the
training data is most probably the same, because constructing a pretraining
dataset for a large language models is very expensive time wise, so the same
dataset is used for all models within a generation. This guarantee does not
hold when dealing with models from different families, as the training dataset
could be different. Unfortunately, this difference is not measurable, because
most open weight models are not totally open source, meaning that the source
of the data for the training is not publicly available.
This unknown could invalidate the semantic hub hypothesis on which all the
subsequently ideas of this thesis are based on: if the sources of the data are
substantially different (for example, a model trained only on source code and
a model trained only on the Italian language), their internal representation will
diverge almost certainly. Fortunately, as detailed in depth in Chapter 4, it is
safe to assume that large language models trained for general text generation
share an overlap in their training data big enough to make them converge to-
wards a shared representation.

3.2.2 The Forward Pass and Residual Connections

Understanding the data flow, or forward pass, is crucial for comprehending
the mechanism of model stitching. The core innovation allowing deep Trans-
formers to train effectively is the Residual Stream. Instead of passing the
hidden state through a function xl+1 = F (xl), the Transformer employs a
residual connection:

xl+1 = xl + F (xl) (3.1)

where xl is the input to layer l, and F represents the processing block (Atten-
tion or Feed-Forward Network).
This implies that the hidden state x acts as a shared memory, or ”stream”,
that travels through the network, with each layer reading from it and writing
a residual update back to it. This additive property suggests that the represen-
tations at layer l and layer l + 1 share the same vector space and are relatively
close to each other. This architectural feature is theoretically what permits
identifying a mapping between the residual streams of different models.
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3.3 Activation Steering

Activation Steering, or Activation Engineering [21], is a technique to control
model behavior by intervening in the residual stream. A ”steering vector” is
added to the hidden state at a specific layer to bias the generation towards a
desired attribute, such as honesty, refusal, or sentiment. Figure 3.4 shows a
conceptual representation of how steering vectors are extracted from models.

Happy prompts

Happy direction

Sad prompts

Sad direction

-

Happiness vector

Figure 3.4: Extraction of a steering vector by contrasting activations of op-
posing concepts.

Recent research [13] has demonstrated that these vectors can be translated be-
tween different models, implying that the directions encoding semantic con-
cepts are preserved across architectures. This thesis extends this concept by
investigating whether it is possible to translate the entire hidden state rather
than a single vector.

3.4 Sparse Autoencoders (SAEs)

Sparse Autoencoders are a primary tool in mechanistic interpretability [19]
used to disentangle the polysemanticity of neurons. In a standard Transformer,
a single neuronmay activate for unrelated concepts. This phenomenon, known
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as superposition, means that a single concept is represented by a distributed
linear combination of many neurons.
Conceptually, SAEsmap the dense hidden state into amuch higher-dimensional,
sparse latent space (Figure 3.5). By enforcing a sparsity penalty during train-
ing, the SAE forces the model to represent information using a small number
of active features.

Figure 3.5: Architecture of a Sparse Autoencoder applied to an LLM layer.

These sparse features often correspond to monosemantic concepts, such as a
specific feature for ”pointers in C code” or ”references to The Beatles”. Con-
cepts in the latent space of a model are updated layer by layer, with their re-
spective vector undergoing many translations and transformations detailed by
the attention and feed forward layer (section 3.2.2). For this reason, the con-
struction of a SAE is local and specific to a single layer.
Training a Sparse Autoencoder is not a simple task, because it must respect
two strict criteria: it must be able to reconstruct its input with high fidelity
and its internal hidden state must be sparse, in order to be interpretable. To
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achieve both task, the training follows two distinct loss functions: the L1-
norm (defined as the sum of the absolute values) of its hidden state ensures
sparsity, because solutions that produces distributed high values are penalized.
The reconstruction capability is instructed by the L2-norm of the difference
between the input and the reconstructed output. This loss function is called
Mean Squared Error (MSE), and it measures how different are two vectors by
averaging the sum of the squared difference elements wise.

Encoder

D
ecoder

Figure 3.6: Structure of a sparse autoencoder. It is composed by an encoder
and a decoder

Figure 3.6 depicts an architectural overview of a sparse autoencoder. It is
composed by two parts: an encoder, that project the input into an higher di-
mensional vector, and a decoder, that downproject the hidden state back to
its original dimension. While the decoder is a simple feed forward layer, the
encoder is composed by both a feed forward layer and an activation function,
specifically the Rectified Linear Unit (ReLU). The ReLU activation function
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has a very important role, because it flattens all negative values to zero, while
positive values remains untouched. This assures that the sparse autoencoders
do not degenerate to an identity function, that would keep a dense nature. With
the ReLU and the L1-norm, negative values do not contribute to its internal
representation, and positive values are instructed to be as small as possible.
Joined with the L2-norm signal, that instruct the sparse autoencoder to recon-
struct the input, the results is that only few neurons are activated per forward
pass.

3.5 The Semantic Hub Hypothesis

The Semantic Hub Hypothesis posits that large language models, driven by the
structure of natural language and shared training data distributions, converge
towards a universal internal representation of concepts.

Semantic hub

Model A internal
representation Model B internal

representationIs this translation possible?

Figure 3.7: A visual representation of how different models might converge
toward a similar semantic representation.

While prior work has explored this convergence within model families [4],
this thesis investigates whether this universality holds across different archi-
tectures, such as between Llama and Gemma. Figure 3.7 schematizes this
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idea. Given two LLMs, A and B, if their internal representations can be inter-
preted as projections of a shared universal semantic space, a natural question
arises: is it possible to translate the semantic representation of concepts from
A into the semantic representation used by B? Moreover, can this transla-
tion be achieved through a linear transformation, or at least approximated as
closely as possible by one?
The Stitching Layer proposed in this work is the mechanism designed to learn
such a transformation. Once this mapping is obtained, future work could in-
vestigate whether its existence is evidence for the presence of a shared seman-
tic hub, or whether it emerges from other structural properties of the mod-
els. Due to time constraints, however, this work focuses solely on empirically
demonstrating that such a transformation can be learned, without further in-
vestigating the underlying mechanisms that make it possible.



Chapter 4

Inter-family Model Stitching

This chapter introduces the technical details that underliemywork. The goal is
to understand whether it is possible to create a stitching layer between models
of different families, with different architecture and tokenizer. The intuitions
underlying my approach to this task can be summarized as follows, formu-
lated according to the concepts described in Chapter 2 and Chapter 3: two
Large Language Models (LLMs) trained on sufficiently large datasets con-
verge to similar representations and the latent space of a model is directly
tied to its tokenizer, and different models utilize different tokenizers. Despite
the inability to confirm, for the first intuition, that the training data for some
open-weights LLMs are identical, we can assume, particularly for recent mod-
els, that the training corpora are at least substantially similar. This is because
most open-source and closed-source datasets aggregate data from the same
major web sources. Given that high-quality data sources are finite, it is log-
ical to infer that, above a certain scale threshold, there is significant overlap
between the training corpora of different models. If this hypothesis holds, the
task of translating hidden states between models using a mostly linear trans-
formation becomes feasible, as supported by the work of Chen et al. [4]. The
second assumption poses a challenge, because, if true, it would necessary to
separate ”raw concepts”, which are hypothesized to be independent of the to-
kenizer, from their corresponding tokenizer-bound latent space. To achieve
this goal, I trained Sparse Autoencoders (SAEs) on specific candidate layers
intended for stitching. If the aforementioned hypotheses hold, a simple lin-
ear layer should be sufficient to translate the hidden state from one model to
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another via this sparse feature space, because the sparse autoencoders is able
to extract concepts from their dense representation, and concepts should be
alignable.
Unfortunately, as introduced in Chapter 3, SAEs are specific to one layer,
and cannot be generalized for all layers of a model. For this reason, given a
starting model that processes the input and a ending that processes the output,
the stitching point for all experiments is fixed at a specific depth different
from each model. On this stitching point, a SAE is built for both model and a
stitching layer is trained between the encoder of the starting model’s SAE and
the ending model’s decoder. Conceptually, this stitching layer will learn how
to align concepts extracted from the starting model according to the decoder
of the ending model.
The following sections detail the structure of my work, by firstly declaring the
hardware constraints I had to follow. Then, Section 4.2 reports all the training
procedures I followed to train sparse autoencoders. Section 4.3 introduces the
procedure to train a stitching layer between sparse autoencoders of different
models. Sections 4.3.1 and 4.3.2 introduce two additional stitchingmodalities,
by changing the the starting assumptions.

4.1 Computational resources

Due to the order of magnitude of LLMs in terms of parameters, and limited
hardware resources (restricted to 24 GB of GPU memory), several constraints
and premises apply to this work. All training experiments, if not specified,
were executed with the following configuration: 2 epochs, a sequence length
of 128, 3.6 × 105 training samples, 1.0 × 104 validation samples, a batch size
of 4, and a gradient accumulation size of 32, utilizing bfloat16 precision.
These figures translate to a total of 3.6 × 105 × 128 = 4.6 × 107 unique to-
kens per epoch. Typically, when pre-training LLMs, the order of magnitude
for unique tokens is approximately 1.0 × 1012, which is five orders of magni-
tude larger than the availability in this setup. Additionally, the training data
used for the stitching layer is composed exclusively of English text, whereas
the base models are multilingual. Given the training methodology presented
later, this setting implies that the stitching layer is restricted to learning only
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English token mappings. This constraint actually provides an interesting test-
ing ground for zero-shot cross-lingual capabilities, which will be discussed
in a later section. While these factors ensure reproducibility in a domestic
hardware environment, they likely pose significant challenges for a compre-
hensive training cycle and must be taken into consideration when evaluating
the results.

4.2 Training Sparse Autoencoders

Despite being increasingly common in mechanistic interpretability, training
Sparse Autoencoders (SAEs) presents numerous challenges. There is cur-
rently no single standardized architecture or training recipe, andmany variants
exist. For my experiments, I selected the most standard approach, illustrated
in Figure 3.5.
Each SAE is specific to a single layer, constructed with the objective of recon-
structing the output of that underlying layer. In addition to the reconstruction
loss, calculated as the L2-norm (MSE) between the real and reconstructed out-
put, a sparsity loss (L1-norm) is introduced to force the activation of as few
neurons as possible. The complete loss formula is as follows (4.1):

LSAE = MSE(y, ŷ) + α∥ĥ∥1 (4.1)

where y is the output of the underlying LLM layer, ŷ is the reconstructed output
from the SAE, ĥ represents the SAE hidden activations, and α is a coefficient
weighting the contribution of the L1 norm.

4.2.1 Training pipeline

Training a sparse autoencoder required a strong multi-step pipeline, due to
the task itself and to the hardware requirement. Since a sparse autoencoder is
trained to reconstruct an hidden layer of a large language model, two prerequi-
sites are needed: the layer index on which the reconstruction will be done and
the specific layer’s activation. The layer’s index for each model is selected by
taking an index at approximately 70% − 80% of the total depth. For example,
if a model has 10 layers, the stitching would be done on the 7-th or 8-th index.
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For the activation, a naïve solution would be to load a LLM in memory, com-
pute the forward pass up the layer’s index, and then use the layer’s output to
train the sparse autoencoder. This solution would waste most of the computa-
tion in the forward pass of the large language model, and given the hardware
constraints, it was infeasible.
Instead, I precomputed and stored the layer’s hidden state prior to the SAE
training. In particular, I stored 30′000 activations with a sequence length of
128 obtained from the OpenWebText [6] dataset. The stored activations cor-
respond to 30′000 × 128 = 3′840′000 tokens, but since they are latent spaces
and not activations, assuming for sake of simplicity an hidden size of 2048 per
models and fp16 precision, to store all the activations 3′840′000 × 2048 =
7′864′320′000 numbers = 15′728′640′000 bytes ≈ 15 GB are needed. For an
hybrid models, two SAEs are required (one for the model in the first sec-
tion and one for the model in the second section), increasing the disk us-
age to 30 GB. Assuming two models with 20 layers each, 40 SAEs would
be required to test all possible stitching combinations. This would require
40 × 20 = 800 GB only to store the activations needed to train each SAE.
This was unfeasible, both time wise and storage wise. For this reason, I de-
cided to test my experiments only on one layer per model, meaning that the
stitching point is fixed for every experiments. Table 5.1 details the stitching
layer for every layer considered in my experiments.
To ensure that a sparse autoencoder is trained correctly, I created a validation
split containing the 25% of the training data. This validation set was used to
compute two metrics: average L0-norm and average explained variance. The
total explained variance is computed using the equation 4.2 and it is averaged
across the number of batches

explained variance = 1 − MSE

V ar(y)
(4.2)

A sparse autoencoder is considered valid only if it has an average L0-norm
below 0.20 and an average explained variance above 0.90. This design choice
was employed because a good sparse autoencoder should be sparse (low L0-
norm), and most importantly must be able to reconstruct its input (high ex-
plained variance). The threshold values have been found empirically, because
there exists a tradeoff between the two dimensions: a sparser model would
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have a lower explained variance, and vice versa. These threshold ensured that
the sparse autoencoders were good enough for the task.
During my experiments, I observed high sensitivity to training hypeparame-
ters: SAE expansion factor, batch size, warmup steps, learning rate and L1

coefficient. Initially, to ensure the best combination as possible, I ran a grid
search over different combinations of there hyperparameters, but the result-
ing search space turned out to be too big to be explored in usable time. For
this reason, I decided to fix some hyperparameters, while others would be
ran over a grid search: the SAE expansion factor was fixed to 8, this means
that the hidden size of a sparse autoencoder is 8× the hidden size of the
large language model. The batch size was set to 128 and the warmup was
set to 5% of the total training steps. The learning rate was selected between
5 × 10−5, 5 × 10−4 and 1 × 10−4 while the L1 coefficient varied between
1 × 10−4, 5 × 10−5, 1 × 10−5, 5 × 10−6, 1 × 10−6 and 5 × 10−7.
This grid search yields different SAE that are within the imposed thresholds.
These potential SAE are then ordered by a score function defined in equation
4.3

score = αL0 − βV ar (4.3)

where α weights the L0 norm and β weights the explained variance. Varying
α and β modify how important is one loss with respect to the other. All SAEs
are then sorted in ascending order, and the first one is selected. Since for
the goal of the task, having an higher explained variance is more important
than to have a sparser SAE, I set α = 1.0 and β = 2.5. These values were
chosen empirically, and they align really well with what I would have chosen
manually.

4.2.2 Additional finetuning

For the sake of training a sparse autoencoder, the previous pipeline covers
all the requisite and should produce an efficient SAE. Despite this, for this
work, the sparse autoencoder is employed as a substitute for its underlying
layer, because the stitching will be made between two sparse autoencoders,
and each sparse autoencoder must be able to ensure that its output is good
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enough to replace the output of the underlying layer. The explained variance
is not enough, because mathematical similarity in this context does not neces-
sarily means functional similarity. For these reason, to finalize the training, a
second stage is performed in which the SAE layer fully replaces the underlying
layer within the model. The loss signal is derived from the LLM’s reconstruc-
tion error (Cross-Entropy Loss) on the next-token prediction task. This stage
is conducted with a fixed learning rate of 5×10−5. While it is highly beneficial
for decreasing the model’s perplexity, it often slightly degrades sparsity and
reconstruction fidelity, though they remain above the established thresholds.

4.3 Stitching in the SAE Space

Once that SAEs are trained, I concentrated my work in making a functional
hybrid model. This section details how a stitching layer can be trained be-
tween sparse autoencoders of differend models, in order to obtain an hybrid
model. In this architecture, the input sequence is processed by the first model
(Model A) up to the target layer. It is then up-projected by SAE A’s encoder.
The affine stitching layer processes this sparse representation, which is subse-
quently down-projected by SAE B’s decoder before processing continues in
the second model (Model B). The hypothesis is that if the high-level concepts
of two LLMs differ only by an affine transformation, joining two SAE layers
via a linear map should be feasible, as the stitching layer aligns the high-level
semantic features. Figure 4.1 illustrates the architecture and the stitching pro-
cess.

Input
sequence Model A

SAE A

Stitching
layer SA

E 
B

Model B Output
sequence

Figure 4.1: Architectural overview of the stitching process over SAE layers.

To train an hybrid model, I employed the standard next-token prediction task
used in traditional LLM pre-training. The error signal generates at the second
model’s head and backpropagates directly to the stitching layer, as all other
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weights are frozen. This training objective differs from that employed by
Chen et al. [4], who used a reconstruction-specific loss under the assumption
that the translation between hidden states is reversible. Given that reversibil-
ity may not hold when employing SAE layers, due to the non-linearities and
information filtering inherent in sparse encoding, I opted to train directly on
next-token prediction.

Aligning Datasets

A critical aspect of inter-family model stitching is the necessity of aligning
datasets. Empirically, I found that training on a general English dataset re-
sulted in extremely poor performance for the stitchedmodel (in terms of Cross-
Entropy Loss and completion quality), probably due to the concepts explained
in section 3.1. I resolved this by filtering the dataset to retain only sequences
that are tokenized into the same set of tokens by both tokenizers and, crucially,
yield the same text when de-tokenized.
For example, the compound word ”milestone” might be segmented differently
by two tokenizers. The first check ensures that the sequence length is identical
for both; for instance, a length of 2 vs. 2 passes, but different lengths fail. If
this assertion holds, the next step is to check whether the text is tokenized
into the same tokens. For example, if both tokenizers yield the segments
[”mile”,”stone”], the check passes. However, if one yields [”milest”,”one”]
and the other [”mile”,”stone”], the check fails, because the word is tokenized
differently by the two tokenizers.
This imposes strong limitations on the dataset:

• Tokenizer Assumption: There is no guarantee that two different to-
kenizers share identical tokens, even at different indices. Fortunately,
for the models selected, sufficient overlap exists to create an aligned
dataset, probably because tokenizers are trained on similar corpora of
data.

• Sequence Length constraint: The longer the sequence, the rarer this
alignment becomes. I found that a sequence length of 32 yielded a
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good tradeoff between context and the percentage of usable aligned se-
quences. Reducing the length from 128 to 32 further complicates train-
ing by limiting context. Despite this additional limitation, the results
remain promising.

I term this constraint temporal alignment. In practice, I am not modifying the
tokenizers to force alignment but rather selecting a subset of data that naturally
satisfies the requirement of being ”consumed” at the same rate by bothmodels.
We consider the time dimension here as the reading direction and the implicit
ordering of words. If two tokenizers feed the network at the same pace, the
n-th latent vector of Model A corresponds temporally to the n-th latent vector
of Model B. Without this, the stitching layer faces a dual burden: translating
the semantic concepts and managing a temporal shift (e.g., aligning token 5
of Model A with token 7 of Model B). By providing an aligned dataset, the
temporal mismatch is removed, allowing the stitching layer to focus solely on
semantic translation.
Given the aforementioned considerations, for each pair of tokenizers, corre-
sponding to a pair of models used to assemble an hybrid model, an aligned
dataset is built considering 360′000 record from OpenWebText [6] with a se-
quence lenght of 32. The filtering process resulted in a 30% − 40% data loss,
meaning that only 70% − 80% of the records were alignable. Unfortunately,
increasing the sequence length drastically increased the data loss during the
filtering process, and 32 was found as a tradeoff between sequence length and
data retainment.
While filtering data to avoid the root cause of misalignment is indeed a limi-
tation, it allows to determine if the fundamental task of cross-family stitching
is possible under ideal conditions. Generalizing this to unaligned sequences
is a prominent direction for future work.

4.3.1 One-block Direct Stitching

The previous section detailed the procedure for training a stitching layer be-
tween two frozen, pre-trained SAE layers. While methodologically sound and
strict with respect to the ”semantic hub” hypothesis, we can relax some as-
sumptions to simplify the process.
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If we treat the encoder of the first model’s SAE, the stitching layer, and the
decoder of the second model’s SAE as a single composite block, the optimiza-
tion problem changes. In this ”One-block” approach, the stitching mechanism
gains a source of non-linearity, as the encoding part of the SAE retains its
ReLU activation (see Figure 4.2).

Input
sequence Model A Stitching

layer Model B Output
sequence

Encoder

ReLU

D
ec
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Figure 4.2: Representation of how one-block stitching works.

While introducing non-linearity makes the resulting transformation less inter-
pretable (as it is no longer strictly affine), this training procedure is signifi-
cantly easier to manage, as it removes the need to train SAE layers indepen-
dently. This opens the door to testing multiple stitching positions efficiently.
However, to maintain comparability with the independent SAE approach, I
did not investigate multiple positions further in this thesis.
Including this modality, there are four comparisons: with and without aligned
datasets, and with independent SAE layers versus the direct one-block ap-
proach. Additionally, I investigated a fifth modality: utilizing the same tok-
enizer for both the input and output models, despite their architectural differ-
ences.
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4.3.2 Single Tokenizer Stitching

Input
sequence Model A Stitching

layer Model B Output
sequenceTokenizer A Tokenizer A

Figure 4.3: Single tokenizer stitching scheme. The input tokenizer (Model A)
is used to de-tokenize the output logits generated by Model B.

This setup, discovered by chance via a configuration error, involves de-tokenizing
the output sentence using the input model’s tokenizer, even though the output
model belongs to a different family with a distinct vocabulary size and dictio-
nary.
For this setup to function without errors, a strict mathematical requirement
must be met: the vocabulary size of the output model must be greater than
or equal to the vocabulary size of the input model. This is necessary because,
when computing the Cross-Entropy Loss during training, the target labels (de-
rived from the input model’s tokenizer) must be valid indices within the output
model’s logit vector. If the output vocabulary is larger, this requirement is al-
ways satisfied.
This works due to the properties of the indexing operation in the loss calcula-
tion. Consider the Cross-Entropy formula:

CE = −
∑

i

P̂ (i) log P (i) (4.4)

Since the target distribution P̂ is one-hot encoded, this simplifies to:

CE = − log(P (target_index)) (4.5)

Let P be the logits of the output model (size 6) and P̂ be the labels from the
input model (size 3).
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 =⇒ target_index = 0 (4.6)

Mathematically, the vectors have different dimensions. However, the imple-
mentation calculates the loss by looking up the logit at the target index pro-
vided by the label. Since the index (0) exists in the larger vector P (indices 0
to 5), the operation is valid:

Loss = − log(P [0]) = − log(0.1) = 2.30 (4.7)

Conversely, if the input vocabulary were larger than the output vocabulary, the
target index could exceed the bounds of P , causing an index error.
While this explainswhy the computation is possible, conceptually it is difficult
to grasp what the stitching layer is learning. The stitching layer must map the
internal representation of Model A to a representation for Model B such that
Model B produces a logit distribution where the maximal value corresponds
to an index valid in Model A’s vocabulary. This implies that the stitching layer
is forcing Model B to act as if it was built to work for Model A’s tokenizer.
In this context, the Cross-Entropy Loss value loses its standard interpretation.
The output logits are distributed over a larger space (Vout) than the relevant
targets (Vin). Since Vout > Vin, a significant portion of the probability mass
may be assigned to indices that represent ”impossible” tokens for the input
tokenizer, rendering them mathematically irrelevant to the specific target but
creating noise in the distribution.
During inference, this setup does not have a hard constraint preventing the
output model from generating an index i > |Vin|. If this occurs, decoding with
the input tokenizer fails. However, surprisingly, for in-distribution generation
(e.g., common English sentences), the hybrid model is able to produce tokens
within the valid range of the input tokenizer and maintains context.
This setup, while theoretically unorthodox, suggests that the an alignment be-
tween latent spaces may allow for forcing a model to operate within an alien
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token space purely via activation steering. A more in-depth discussion fol-
lows in later chapters, after presenting benchmarks and ablation studies for all
setups.



Chapter 5

Results and benchmarks

In Chapter 4, I introduced six distinct stitching strategies. These can be cat-
egorized into stitching within the SAE dimension and One-block stitching,
with a further variant involving the use of a unified tokenizer for both models.
This chapter presents the quantitative results achieved, analyzed in terms of
Cross-Entropy Loss, where applicable, and standard benchmarks such as Hel-
laSwag [25] and Massive Multitask Language Understanding (MMLU) [8].
For the experiments involving open-weights Large LanguageModels (LLMs),
I selected Gemma-2-2B by Google, Llama-3-8B by Meta, and Qwen2.5-7B /
Qwen2.5-3B by Qwen. The stitching layer’s for each model, and the corre-
spective vocabulary size, is reported in table 5.1:

Model Stitching Layer Vocabulary Size

Qwen/Qwen2.5-7B 20 151’665
google/gemma-2-2b 20 256’128
meta-llama/Meta-Llama-3-8B 25 128’256
Qwen/Qwen2.5-3B 27 151’665

Table 5.1: Model names and corresponding stitching points and vocabulary
size.

The models were paired following the constraints outlined in previous sec-
tions: the vocabulary size of the second model (the receiver) must be larger
than that of the first, and the parameter count of the first model (the sender)
should ideally be higher to ensure sufficient representational density. Table
5.2 details the pairs that compose the three hybrid models I created. Each
hybrid model is tested with all six stitching modalities.
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First Model Second Model

Qwen/Qwen2.5-7B google/gemma-2-2b
meta-llama/Meta-Llama-3-8B google/gemma-2-2b
meta-llama/Meta-Llama-3-8B Qwen/Qwen2.5-3B

Table 5.2: Model’s pair composing the hybrid model under examination.

Model Avg CE Loss

Llama-3-8B (Meta) 2.1853
Gemma-2-2B (Google) 2.4173
Qwen2.5-3B (Qwen) 2.2308
Qwen2.5-7B (Qwen) 2.1987

Table 5.3: Baseline performance of Vanilla models on the test set.

5.1 Cross-Entropy Loss

Cross-Entropy (CE) loss serves as the standard training objective for Large
Language Models. It indirectly measures the model’s surprise when encoun-
tering the ground truth label given its predicted distribution. This metric is
intrinsically linked to perplexity (PP ), defined as:

PP = eH

where H represents the Cross-Entropy loss. Due to this exponential relation-
ship, even a marginal increase in Cross-Entropy results in a significant rise in
perplexity.
While CE loss is typically a robust metric for evaluating model performance,
it is not universally applicable in this context. Specifically, for the stitching
methodology utilizing a unified tokenizer, the metric loses its standard math-
ematical interpretation, as discussed in Chapter 4. Nevertheless, for compati-
ble setups, CE loss allows for a direct comparison with the findings of Chen
et al. [4].
To establish a baseline for comparison, I computed the CE loss of the origi-
nal, unmodified models (Table 5.3) on the same test set, which consists of a
subset of The Pile [5]. These baseline values are essential for quantifying the
performance degradation in the stitched models and benchmarking the results
against reference literature.
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5.1.1 SAE Space Stitched Models

Table 5.4 presents the performance of hybrid models where the stitching layer
is trained as an affine transformation between the encoder’s SAE of the first
model and the decoder’s SAE of the second model. In this setup, all weights
are frozen except for the stitching layer.
The results distinguish between models trained on a standard dataset versus
those trained on an aligned dataset.

Model Combination Aligned Dataset Avg CE Loss

Non-aligned models

Llama-3-8B – Qwen2.5-3B False 6.7188
Llama-3-8B – Gemma-2-2B False 7.1140
Qwen2.5-7B – Gemma-2-2B False 6.3263

Aligned models

Llama-3-8B – Qwen2.5-3B True 3.2633
Llama-3-8B – Qwen2.5-3B False 10.4389
Llama-3-8B – Gemma-2-2B True 3.2716
Llama-3-8B – Gemma-2-2B False 10.7030
Qwen2.5-7B – Gemma-2-2B True 3.2597
Qwen2.5-7B – Gemma-2-2B False 11.3733

Table 5.4: Performance comparison of Hybrid SAE models with and without
dataset alignment.

The data demonstrates that dataset alignment significantly boosts performance.
For models trained on a standard (non-aligned) dataset, the loss remains above
6.32 across all combinations, corresponding to a perplexity of approximately
545. This implies that, for any given prediction, the model is uncertain among
545 different tokens. In contrast, aligned models achieve a Cross-Entropy
loss around 3.26, corresponding to a perplexity of 26, a drastic improvement
in predictive certainty.

Model Combination Reference Vanilla Avg CE Loss Degradation (%)

Llama-3-8B – Qwen2.5-3B Qwen2.5-3B 3.2633 +46.3%
Llama-3-8B – Gemma-2-2B Gemma-2-2B 3.2716 +35.4%
Qwen2.5-7B – Gemma-2-2B Gemma-2-2B 3.2597 +34.8%

Table 5.5: Performance degradation of aligned hybrid models relative to
vanilla backbones.
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Table 5.5 quantifies the performance degradation relative to the vanilla refer-
ence model (which corresponds to the second model in the hybrid pair). The
observed drop in performance ranges between 34.5% and 46.3%. These fig-
ures are comparable to the results reported by Chen et al. [4] when stitching
a smaller model into a larger one. Considering the challenges inherent to this
work, namely the use of different model families, limited computational and
data resources, and the absence of fine, tuning for stitching layer placement—
these results are highly promising. Further implications of these findings are
discussed in Chapters 6 and 6.3.

5.1.2 One-block Stitched Models

This section details the performance of models stitched using the One-block
strategy, where the stitching assembly comprises the encoder, the linear stitch-
ing layer, and the decoder as a single composite unit. The results are summa-
rized in Tables 5.6 and 5.7.

Model Combination Aligned Dataset Avg CE Loss

Non-aligned models

Llama-3-8B – Qwen2.5-3B False 4.4885
Llama-3-8B – Gemma-2-2B False 7.2558
Qwen2.5-7B – Gemma-2-2B False 5.3960

Aligned models

Llama-3-8B – Qwen2.5-3B True 3.2338
Llama-3-8B – Qwen2.5-3B False 10.3898
Llama-3-8B – Gemma-2-2B True 3.1400
Llama-3-8B – Gemma-2-2B False 10.7703
Qwen2.5-7B – Gemma-2-2B True 3.2270
Qwen2.5-7B – Gemma-2-2B False 10.4007

Table 5.6: Cross-Entropy Loss results for One-block stitched models across
aligned and non-aligned datasets.

The One-block methodology yields marginally superior results compared to
the SAE space stitching approach. This improvement is expected, as this ar-
chitecture grants the stitching layer greater degrees of freedom to learn the
required mapping. However, viewed from a different perspective, the fact
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Model Combination Reference Vanilla Avg CE Loss Degradation (%)

Llama-3-8B – Qwen2.5-3B Qwen2.5-3B 3.2338 +45.0%
Llama-3-8B – Gemma-2-2B Gemma-2-2B 3.1400 +29.9%
Qwen2.5-7B – Gemma-2-2B Gemma-2-2B 3.2260 +33.5%

Table 5.7: Performance degradation of One-block hybrid models relative to
the vanilla backbone baselines.

that the gain is minimal suggests that the added complexity is not strictly nec-
essary; the task can be effectively addressed with a simple affine layer, thus
reinforcing the core research hypothesis regarding the linearity of the feature
space.

5.1.3 Same Tokenizer Stitched Models

Finally, this section reports the results for hybrids trained using a unified to-
kenizer for both the input and output models. As previously noted, Cross-
Entropy loss loses its strict mathematical interpretation in this context; how-
ever, it remains useful for relative comparisons. The results are presented in
Table 5.8.

Model Combination Avg CE Loss

One-block stitching

Llama-3-8B – Qwen2.5-3B 6.2200
Llama-3-8B – Gemma-2-2B 7.3191
Qwen2.5-7B – Gemma-2-2B 7.1525

Stitching in the SAE space

Llama-3-8B – Qwen2.5-3B 6.5878
Llama-3-8B – Gemma-2-2B 7.6225
Qwen2.5-7B – Gemma-2-2B 7.5083

Table 5.8: Cross-Entropy Loss comparison for Single Tokenizer stitching con-
figurations.

Consistent with previous findings, models trained with One-block stitching
perform slightly better than those stitched solely via an affine layer. Even
if the metric itself is not fully interpretable in absolute terms, it allows for
a relative comparison of the same hybrid architecture, as the principle that
”lower cross entropy implies a better model” holds valid.
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The following section evaluates these models on standardized benchmarks,
enabling a comprehensive comparison of this family of stitchedmodels against
the others.

5.2 HellaSwag

HellaSwag is a challenging benchmark designed to evaluate commonsense
natural language inference. It is formulated as a multiple-choice task where
the model must complete a given context by selecting the most plausible con-
tinuation among four options.
To evaluate themodels, the standard likelihood-based approachwas employed.
For each question, the context is concatenated with each of the four possible
endings. The model computes the Cross-Entropy Loss over the tokens cor-
responding to the ending; the option yielding the lowest loss is selected as
the predicted answer. The primary metric is accuracy, defined as the ratio of
correctly predicted completions to the total number of samples.

5.2.1 Evaluation Methodology for Hybrid Models

For configurations utilizing a single tokenizer (Vanilla models and ”Same To-
kenizer” hybrids), the evaluation follows the standard procedure described
above. However, hybrid models involving distinct tokenizers for the input
(Model A) and output (Model B) introduce a significant challenge: token mis-
alignment.
Since the two tokenizers possess different vocabularies and segmentation rules,
the sequence length of the tokens generated by Tokenizer A (used to produce
input logits) often differs from the sequence length of the target labels gener-
ated by Tokenizer B. To address this, the evaluation pipeline was adapted as
follows:

1. The full sequence (Context + Ending) is tokenized by Tokenizer A and
fed into the hybrid model to generate logits.

2. The logits corresponding specifically to the ”Ending” are extracted based
on the length of the context in Tokenizer A’s space.



5.2 HellaSwag 35

3. The ground truth ”Ending” text is separately tokenized by Tokenizer B
to generate the target labels.

4. Due to the potential lengthmismatch between the predicted logits (Model
A) and target labels (Model B), both sequences are truncated to the min-
imum common length: L = min(lenlogits, lenlabels).

5. The Cross-Entropy Loss is computed on these aligned subsequences.

This methodology ensures that a comparable loss metric can be derived even
when the semantic content is distributed across a different number of tokens.

5.2.2 Results

Table 5.9 establishes the baseline performance of the unmodified (vanilla)
models. Since the task involves four choices, a random guess yields an ac-
curacy of 25%.

Model Accuracy (%)

Meta-Llama-3-8B 78.28
Gemma-2-2B 54.11
Qwen2.5-7B 76.75
Qwen2.5-3B 70.79

Table 5.9: Baseline accuracy of Vanilla models on the HellaSwag validation
set.

The results for the various stitching configurations are presented in Table 5.10.
The experiments compare three main approaches: One-block stitching, Stitch-
ing in the SAE space, and the Single Tokenizer variant, both with and without
dataset alignment.

5.2.3 Analysis

The results corroborate the trends observed in the Cross-Entropy analysis.
Models trained on aligned datasets consistently outperform their non-aligned
counterparts. Similarly, the One-block stitching strategy yields slightly supe-
rior results compared to stitching strictly within the SAE space, likely due to
the additional flexibility provided by the encoder’s non-linearities.
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A notable highlight is the performance of the Llama-3-8B → Qwen2.5-3B
hybrid model using One-block stitching on an aligned dataset. It achieves an
accuracy of 65.99%, which approaches the vanilla Qwen2.5-3B performance
of 70.79%. This combination generally outperforms the others, which can
be attributed to the stronger baseline capabilities of the Qwen2.5-3B receiver
compared to the Gemma-2-2B receiver.
Interestingly, the configurations utilizing the ”SameTokenizer” strategy achieve
accuracies significantly above chance (ranging from 35% to 48%), despite the
theoretical mismatch described in previous chapters.
It is worth noting a seeming contradiction: while the absolute Cross-Entropy
loss for these hybrid models is often high (as seen in Chapter 5), their accuracy
on HellaSwag remains relatively robust. This discrepancy arises because Hel-
laSwag is a discriminative task based on relative ranking. Even if the model’s
output distribution is noisy or has high entropy (leading to high absolute loss),
as long as the model assigns a relatively lower loss to the correct completion
compared to the distractors, it will answer correctly. This suggests that while
fine-grained probability calibration is degraded by stitching, the preservation
of relative semantic plausibility is maintained.
This reasoning extends to the MMLU benchmark, discussed in the following
section.

5.3 Massive Multitask Language Understanding

While the previous benchmark empirically measured the models’ ability to
perform commonsense reasoning and maintain syntactic coherence, the Mas-
sive Multitask Language Understanding (MMLU) benchmark evaluates the
depth of knowledge and problem-solving capabilities. MMLU consists of
multiple-choice questions covering 57 distinct tasks, ranging from elementary
mathematics and US history to computer science, law, and medicine.
Unlike generative tasks, MMLU is evaluated by providing the model with a
prompt containing the question and four possible answers (labeled A, B, C,
D). The model is required to predict the next token, and the answer is selected
by comparing the probabilities assigned to the tokens corresponding to the
four labels. The option with the highest likelihood is chosen as the prediction.
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Additionally, the model is provided with five examples picked randomly from
the categories to help the model understand the nature of the task (5-shot test-
ing). The questions and answers provided are not considered for the accuracy
calculation. Since there are four options, a random baseline yields an accuracy
of 25%.
This benchmark is particularly well-suited for cross-family model stitching
evaluation because the target tokens (”A”, ”B”, ”C”, ”D”) are represented by
single tokens across all tokenizers. This remove the tokenmisalignment issues
observed in generative tasks, allowing for a cleaner assessment of semantic
transfer.
The results are reported as the overall accuracy averaged across all categories.
Additionally, Figure 5.1 provides a heatmap illustrating performance aggre-
gated by subject area (STEM, Humanities, Social Sciences, and Other).

Figure 5.1: MMLU benchmark results, divided by subject area. The prefix St
indicates models using the Same Tokenizer stitching strategy, while Aligned
indicates models trained on the temporally aligned dataset.



5.3 Massive Multitask Language Understanding 38

5.3.1 Results

Table 5.11 establishes the baseline performance of the vanilla models.
Table 5.12 summarizes the performance of the various stitching configura-
tions. The results highlight a distinct separation between models trained on
aligned datasets versus standard datasets, as well as the efficacy of the One-
block approach over the SAE-space approach for this specific task.

5.3.2 Analysis

The MMLU results offer a more nuanced view of the models’ capabilities
compared to HellaSwag. While HellaSwag performance was relatively ro-
bust even with noisy models, MMLU demands precise knowledge retrieval.
Consequently, non-aligned models (both One-block and SAE-space) perform
at or below random chance ( 25%). This confirms that without dataset align-
ment or a forced tokenizer constraint, the semantic mapping is insufficient for
complex question answering.
Notably, only combinations utilizing Llama-3-8B as the sourcemodel achieved
performance significantly above random chance: specifically, Llama-3 →
Gemma-2 and Llama-3 → Qwen2.5. In stark contrast, the combination Qwen2.5
→ Gemma-2 consistently failed to outperform random baselines across all
stitching modalities.
The underlying cause of this discrepancy remains unclear. It suggests a poten-
tial structural or representational incompatibility between the latent spaces of
Qwen-2.5 and Gemma-2, which does not manifest when Llama-3 acts as the
source. This implies that Llama-3 might possess a more ”universal” or acces-
sible representation space, acting as a more effective donor. A comprehensive
ablation study across all permutations andmodalities would be required to iso-
late the root cause, representing a time-consuming but essential direction for
future research.

5.3.3 Qualitative Analysis: Model Inference

To qualitatively assess the generative capabilities of the stitched models, I
collected text completions produced by the Llama-3-8B → Qwen2.5-3B hy-
brid model. This specific pair was selected for its superior performance on
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benchmarks. The generation was performed using the ”Single Tokenizer”
setting (using the source tokenizer for output decoding), as it simplifies the
inference pipeline by avoiding the need for intermediate detokenization and
re-tokenization.
It is important to note that this configuration lacks a hard constraint forc-
ing the target model (Qwen) to predict valid logits for the source tokenizer
(Llama). Consequently, the model occasionally predicts out-of-vocabulary
tokens, leading to inference crashes. However, successful generations demon-
strate both factual recall and syntactic coherence. Table 5.13 reports four ex-
amples of different prompts and their completition.
While the model exhibits instability (as seen in the final example with broken
HTML/garbage text) and cannot be considered production-ready, these exam-
ples provide empirical evidence that the stitching layer effectively translates
the semantic intent and factual knowledge from one model’s latent space to
another’s.

Zero-Shot Cross-Lingual Transfer

This subsection examines the Qwen2.5-7B → Gemma-2-2B configuration, specif-
ically using aligned datasets and stitching strictly within the Sparse Autoen-
coder (SAE) space. This modality was chosen as it aligns most rigorously
with the initial theoretical premises of the Semantic Hub hypothesis.
A particularly intriguing property observed is the zero-shot cross-lingual ca-
pability. The prompts were constructed in English, but with a pivotal keyword
substituted by its Chinese character equivalent (provided below with transla-
tions for clarity). The goal was to test if the ”concept” encoded by Qwen (a
model with strong Chinese capabilities) could be correctly translated by the
stitching layer into a representation that Gemma (an English-centric model)
decodes as the correct English continuation. Table 5.14 contains the results.
Although the model does not capture the context in every instance, the suc-
cessful cases are remarkable. They suggest that the hidden state translation
occurs at a conceptual level, abstracting away from the specific language of
the input tokens. This supports the theory that LLMs converge on a language-
independent ”mentalese” or shared semantic space. The fact that the source
model (Qwen) is specialized in Chinese likely facilitates the encoding of these
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characters, but the correct decoding by Gemma confirms successful cross-
model semantic transfer.
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Model Combination Accuracy (%)

One-block stitching

Llama-3-8B – Gemma-2-2B 29.90
Qwen2.5-7B – Gemma-2-2B 29.60
Llama-3-8B – Qwen2.5-3B 49.41

Aligned one-block stitching

Llama-3-8B – Gemma-2-2B 38.78
Qwen2.5-7B – Gemma-2-2B 35.21
Llama-3-8B – Qwen2.5-3B 65.99

Same tokenizer stitching

Llama-3-8B – Gemma-2-2B 44.07
Qwen2.5-7B – Gemma-2-2B 35.44
Llama-3-8B – Qwen2.5-3B 48.53

Stitching in the SAE space

Llama-3-8B – Gemma-2-2B 29.27
Qwen2.5-7B – Gemma-2-2B 28.87
Llama-3-8B – Qwen2.5-3B 45.97

Aligned stitching in the SAE space

Llama-3-8B – Gemma-2-2B 37.54
Qwen2.5-7B – Gemma-2-2B 33.72
Llama-3-8B – Qwen2.5-3B 65.25

Same tokenizer stitching in the SAE space

Llama-3-8B – Gemma-2-2B 42.41
Qwen2.5-7B – Gemma-2-2B 33.81
Llama-3-8B – Qwen2.5-3B 44.96

Table 5.10: Accuracy comparison across different stitching configurations.

Model Accuracy (%)

Meta-Llama-3-8B 62.50
Gemma-2-2B 51.64
Qwen2.5-7B 70.76
Qwen2.5-3B 63.66

Table 5.11: Baseline accuracy of Vanilla models on the MMLU benchmark.
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Model Combination Accuracy (%)

One-block stitching

Llama-3-8B – Gemma-2-2B 22.05
Qwen2.5-7B – Gemma-2-2B 23.49
Llama-3-8B – Qwen2.5-3B 25.99

Aligned one-block stitching

Llama-3-8B – Gemma-2-2B 56.16
Qwen2.5-7B – Gemma-2-2B 19.37
Llama-3-8B – Qwen2.5-3B 34.74

Same tokenizer stitching

Llama-3-8B – Gemma-2-2B 43.78
Qwen2.5-7B – Gemma-2-2B 26.61
Llama-3-8B – Qwen2.5-3B 50.57

Stitching in the SAE space

Llama-3-8B – Gemma-2-2B 23.02
Qwen2.5-7B – Gemma-2-2B 22.91
Llama-3-8B – Qwen2.5-3B 22.94

Aligned stitching in the SAE space

Llama-3-8B – Gemma-2-2B 28.30
Qwen2.5-7B – Gemma-2-2B 24.64
Llama-3-8B – Qwen2.5-3B 42.22

Same tokenizer stitching in the SAE space

Llama-3-8B – Gemma-2-2B 22.68
Qwen2.5-7B – Gemma-2-2B 26.28
Llama-3-8B – Qwen2.5-3B 41.80

Table 5.12: MMLU Accuracy comparison across different stitching configu-
rations.

Prompt Model Completion

America is the 11th most expensive country in the world to
live in, according to a new study.

Italy is the 11th largest economy in the world and the 6th
largest in Europe.

Paris is the capital of 15,000,000 people, and it is the most free and
the most}.

Bologna is a city 40 miles north of the city of <a href=”i
1:00:00.00:00:00.00

Table 5.13: Example generations produced by the hybrid model.
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Prompt Generated To-
ken

If a round fruit is a tangerine, a苹果 (apple) is an apple
I use my车 (car) to drive
On the street I saw a狗 (dog) chasing a dog
She picked a花 (flower) from the garden
The farmer keeps his牛 (cow) in the field
At night the天空 (sky) is full of the
The小猫 (cat) was sleeping on the couch
In winter I wear a外套 (coat) to stay safe
If today is Monday,明天 (tomorrow) will be the

Table 5.14: Zero-shot cross-lingual generation examples. The first column
contains a prompt with a Chinese keyword (with English translation for clar-
ity), and second column reports the next token generated by the model.



Chapter 6

Future Work

Due to time constraints and computational limitations, this thesis could not
exhaustively explore every combination of models and stitching modalities.
Consequently, several promising avenues for future research emerge from the
findings presented.

6.1 Scaling the Training Recipe

The primary limitation of the current work is the scale of the training process.
The proposed methodology, in terms of dataset size, training steps, and batch
size, is orders of magnitude smaller than standard LLM pre-training or fine-
tuning protocols. Specifically, the maximum sequence length was limited,
and the effective batch size (tokens per step) was significantly lower than the
industry standard of 4 million+ tokens.
A larger batch size is crucial not just for speed, but for stabilizing the stochastic
gradients during the alignment of two disparate high-dimensional spaces. Fu-
ture iterations of this work should prioritize scaling up the training compute:
increasing the sequence length to 4096 tokens and processing significantly
more tokens per step would likely reduce the variance in the stitching layer’s
updates and yield more robust performance.
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6.2 Investigating the ”Single Tokenizer” Paradox

One of the most counter-intuitive yet successful findings of this research is
the viability of the ”Single Tokenizer” stitching modality. In this setup, the
stitching layer learns to map the hidden states of Model A (Input) to Model B
(Output) such that Model B produces logits compatible with Model A’s tok-
enizer, despite both model’s weights remaining frozen.
This implies the stitching layer is solving a complex optimization problem: it
crafts an ”adversarial” input for Model B’s frozen layers that forces the output
distribution to align with an alien vocabulary. To understand this mechanism,
preliminary experiments were conducted to analyze the geometry of the hid-
den states.

Figure 6.1: t-SNE visualization of hidden states in the target model. Red
points represent the ”hybrid” states (output of stitching), while blue points
represent the ”natural” states of the target model for the same tokens.
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Figure 6.2: PCA projection of the hidden states. Note the distinct clustering
between hybrid (stitched) and vanilla representations, despite encoding the
same semantic token.

As visualized in Figures 6.1 and 6.2, the hidden states produced by the stitch-
ing layer (Hybrid) and the natural hidden states of the target model (Vanilla)
for the same tokens do not overlap. Instead, they form distinct clusters.

• Compact Subspace: The PCA analysis reveals that the hybrid tokens
occupy a much more compact subspace compared to the sparse distri-
bution of the vanilla tokens.

• Terminal Convergence: Interestingly, while the intermediate repre-
sentations are distinct, the clusters appear to ”collide” or converge to-
wards the final layers.

This suggests that the stitching layer is not recreating the exact internal state
of the target model. Rather, it has discovered a functional equivalent separate
manifold in the high-dimensional space that, when processed by the target
model’s frozen weights, triggers the correct unembedding vectors. Unravel-
ing the precise geometry of this ”shortcut” mechanism is a crucial direction
for future mechanistic interpretability studies. It challenges the assumption
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that concept alignment requires precise state reconstruction, suggesting in-
stead that the ”Semantic Hub” might be more flexible, allowing for multiple
valid trajectories to the same semantic output.

6.3 Cross-Lingual andMultimodalGeneralization

Finally, the zero-shot cross-lingual results presented in the previous chapter
warrant a dedicated study. If the stitching layer can align Chinese concepts
from Qwen to English concepts in Gemma without explicit supervision, this
strongly supports the existence of language-agnostic universals in the Seman-
tic Hub.
Future work should combine the dimensionality reduction analysis with cross-
lingual inputs. By visualizing the trajectory of a concept like ”cat” (English)
and ”mao” (Chinese) through the stitching layer, one could potentially observe
the physical location of the ”universal concept” within the model’s geometry.



Conclusion

This thesis set out to validate the Semantic Hub Hypothesis through the lens
of mechanistic interpretability, specifically targeting the challenge of inter-
family model stitching. By attempting to bridge the latent spaces of distinct
architectures, such as Llama, Gemma, and Qwen, this work sought to deter-
mine if different Large Language Models converge upon a universal, shared
representation of concepts. The experimental results provide compelling em-
pirical evidence that such a translation is practically achievable.
The findings demonstrate that a linear transformation is sufficient, when em-
ploying ad hoc trained sparse autoencoders, to translate the ”thinking process”
of one model into the hidden state of another. The success of the Llama-
3 to Qwen-2.5 stitching configuration on benchmarks like HellaSwag indi-
cates that semantic reasoning capabilities can be preserved across architec-
tural boundaries. Furthermore, the counter-intuitive viability of the ”Single
Tokenizer” setup suggests that high-level semantic alignment is robust enough
to overcome low-level vocabulary mismatches, effectively forcing a model to
operate within an alien token space.
However, this work must be contextualized as a preliminary investigation.
The constraints imposed by limited computational resources and time neces-
sitated a focused scope, leaving several critical variables unexplored. Specifi-
cally, the optimal placement of the stitching layer remains an open question: I
restricted my experiments to a single depth (70-80%), but a comprehensive
sweep might reveal more efficient translation points. Similarly, the train-
ing recipe was scaled down for domestic hardware, and the potential gains
from extensive hyperparameter tuning and larger-scale training on temporally
aligned datasets have yet to be fully realized.
Despite these limitations, the core conclusion remains positive: inter-family
model stitching is possible. The barriers between different model families
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are not insurmountable walls of incompatible logic, but rather differences in
dialect that can be translated. This thesis lays the groundwork for a unified
understanding of Artificial Intelligence, moving away from viewing models
as isolated black boxes. While the bridge built here is a prototype, it proves
that the shores of different model families are connected by the same semantic
ground. Future research, leveraging the directions proposed herein, is essen-
tial to fully map this terrain and complete the picture of the universal semantic
hub.
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