
Executive Summary of the Thesis

Beyond Attention: Efficient Small Language Models for Domain-
Specific Tasks

Laurea Magistrale in Computer Science and Engineering

Author: Valerio Ceccarelli

Advisor: Prof. Matteo Matteucci

Co-advisor: Greta Corti, Paolo Cudrano, Sara Pidò

Academic year: 2025-2026

1. Introduction
For the past few years, language models have im-
proved mainly through scaling [1, 2]. Each new
generation uses more parameters, trains on more
data, and consumes more computation, produc-
ing systems of remarkable generality that are
served from large data centers, where clusters
of specialized accelerators consume hundreds of
watts and depend on gigabytes of fast mem-
ory [3].
This work follows the opposite direction. In-
stead of measuring how a model’s capabilities
improve as it scales, it asks how much useful ca-
pability a model can still retain once it is small
enough to run not in a data center but on an
edge device such as a wearable, a sensor, or a
battery-powered board [4, 5]. In this setting a
self-contained model keeps the data it processes
local, responds without a round trip to a remote
server, and continues to work where connectivity
is slow or absent, all at a fraction of the energy
and cost of a cloud deployment.
Shrinking a model below a certain size is not
only a matter of using fewer parameters. Hard-
ware components below a certain size shift the
model constraints from raw capability toward
memory, energy, and the structure of the hard-

ware itself: the self-attention mechanism that
made the Transformer [6] successful becomes
ill-suited to the small, power-efficient acceler-
ators found at the edge, which are designed
for the static, weight-stationary linear algebra
of convolutional networks rather than for the
dynamic products of activations that atten-
tion computes [7]. For this reason, alterna-
tive architectures with sub-quadratic complexity
are considered, among which this work adopts
Mamba [8] for its competitive performances and
its mature, widely supported implementations.
A second idea guides this work. A model with
few parameters cannot hold broad world knowl-
edge, so its strength must lie in focus on a spe-
cific domain. Small models, however, are usu-
ally judged on the same benchmarks used for
large models [9, 10]; yet, these benchmarks fo-
cus on general-purpose wide and multi-domain
knowledge, which small models cannot have. A
fair assessment must do the opposite and test
knowledge depth in a narrow field. For this rea-
son, four dedicated question-answering bench-
marks were designed, covering two narrow do-
mains, medicine and finance, each cast into two
task formats: a balanced yes/no format and a
multiple-choice one.
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Existing baseline models BabyLlama (58M pa-
rameters) [11], MobileLLM (125M parame-
ters) [12] and Mamba (130M parameters) [8] are
adapted and evaluated for these benchmarks.
The core contribution is BabyMamba, a 50 mil-
lion parameters model based on the Mamba
architecture and trained from scratch for this
work, first through pretraining and offline distil-
lation, and then fine-tuned on the new datasets.
Its size is deliberately placed below the small-
est model of the original Mamba study [8] while
matching that of BabyLlama, which enables two
comparisons at once: two architectures at the
same size, and two sizes of the same architec-
ture.
The results are encouraging. BabyMamba
reaches performance in line with state-of-the-
art models of comparable size, losing only a few
points on the evaluation metrics with respect to
models twice its size. The Mamba architecture
can therefore be pushed well below the small-
est size of the original work and still be special-
ized on a narrow domain, which is precisely the
regime that matters for the constrained hard-
ware where these models are meant to live.

2. Data Collection
Evaluating a specialized small model requires
benchmarks that measure how deep a model
goes in a single domain, not how widely it
ranges, which is something the common general-
purpose benchmarks are not built to do [9, 10].
Such benchmarks therefore had to be created
from scratch, starting from a suitable source of
domain text.
Two domains were chosen, medicine and finance,
each covered by a public collection of question-
answer pairs: WikiDoc [13] for medicine, taken
from a collaborative platform where clinicians
share up-to-date knowledge, and Investope-
dia [14] for finance, taken from a reference site
written for readers with no financial background.
Both keep the vocabulary and the concepts nar-
row, which is exactly what a small model needs
in order to specialize, and both are restricted
to English to avoid the curse of multilingual-
ity, by which a fixed parameter budget shared
across many languages lowers performance in
each one [15]. A third, general-purpose corpus,
a 900k-article English subset of Wikipedia [16],
is reserved for pretraining new models from

scratch.
The original pairs are written as free text (open-
ended questions with detailed answers), where
the same fact can be phrased in many ways,
which makes automatic and reproducible scor-
ing unreliable. To obtain answers in a fixed,
checkable form, the pairs were reshaped with
the large language model GPT-5 [17] into two
structured formats through a few-shot prompt-
ing strategy: a binary yes/no benchmark in-
spired by BoolQ [9] and a four-option multiple-
choice benchmark inspired by MMLU [10]. Un-
like those two benchmarks, no context passage
is supplied, so a model must answer from what
it learned during training. The result is four
benchmarks, one binary and one multiple-choice
for each of the two domains.

Example 1 Example of multiple-choice prompt
generated from the Investopedia dataset.

Question: What type of rate do home equity
loans have?
A: Variable
B: Fixed
C: Unsecured
D: HELOC
Answer:B

The benchmarks were also designed so that they
would not reward superficial cues instead of gen-
uine understanding. Because the prompts are
produced by a language model, a model under
test might guess the answer from the form of a
question instead of its content. To prevent this
in the yes/no benchmark, GPT-5 generated two
questions per source item, one answered “yes”
and one answered “no”, identical in structure and
differing only in content, and the dataset was
then balanced between the two answers. In the
multiple-choice benchmark a deterministic shuf-
fling algorithm spreads the correct option evenly
across the four positions, so that position alone
reveals nothing.

3. Baseline training
The small models BabyLlama, MobileLLM, and
the 130M Mamba are already pretrained and
they can reproduce the results of their origi-
nal papers on standard benchmarks, yet they
perform poorly on the new ones, because they
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have never been trained to answer in the re-
quired format. These baselines therefore had to
be adapted to the four benchmarks before the
new model could be built, so that the compari-
son would be fair.
Two strategies were compared. The first is di-
rect fine-tuning on each task, with the loss com-
puted only on the answer token and not on the
question, so that the model learns the required
format and acquires the task without degrading
the language understanding and the knowledge
gained during pretraining. The second is a two-
stage procedure in which a phase of continual
pretraining precedes the fine-tuning. Contin-
ual pretraining continues the next-token train-
ing with the same cross-entropy loss, but on
the plain domain text and with a deliberately
small learning rate, so that the model absorbs
the specific facts of the domain without its pre-
trained weights being ruined by catastrophic for-
getting [18]. The fine-tuning step then teaches
it to answer in the required format.
The continual pretraining variant was consis-
tently, if only modestly, better than direct fine-
tuning, which indicates that the model does ab-
sorb part of the domain knowledge from the
unlabeled text. This improvement varies with
the task format. On the multiple-choice bench-
marks both strategies reach accuracies clearly
above the random classifier (Figure 1), whereas
the binary benchmarks remain hard and unsta-
ble: none of the models performs significantly
better than a random classifier, and their re-
sults swing widely with the particular split of
the data. To check whether this difficulty was an
artifact of model size, the same task was given
to Llama 3 3B Instruct [19], a far larger and
already instruction-tuned model, which reached
the same level. The binary task therefore seems
genuinely hard when no supporting passage is
provided, and not just beyond the reach of very
small models.

4. BabyMamba
BabyMamba is a very small instance of the
Mamba architecture, built to test how far the
design can be pushed below the smallest size of
the original study.
It has 50 million parameters, roughly the size
of BabyLlama, obtained from the configuration
of the 130M Mamba by reducing the hidden size

Figure 1: Accuracy of the three baseline model
families on the wikidoc-multi benchmark. Each
family appears in four configurations: the base
model (e.g. baby-llama), fine-tuned (-fwm),
continually pretrained (-pw), and fine-tuned af-
ter continual pretraining (-pw-fwm). The base
models perform at the level of a random classi-
fier; fine-tuning teaches the output format and
clearly improves accuracy; and fine-tuning after
continual pretraining achieves the best perfor-
mance for every family.

from 768 to 384 while leaving the number of lay-
ers unchanged. Reducing the width rather than
the depth keeps the model deep and thin, in
line with the MobileLLM finding that thin, deep
architectures outperform wide, shallow ones at
this scale [12]. At such small sizes the embed-
ding layers take up a large share of the parame-
ter budget, so a smaller vocabulary would help;
the model nonetheless keeps the GPT-NeoX to-
kenizer [20] shared by the whole Mamba family,
because distillation requires the student and the
teacher to share the same output space.
Three base models were produced from scratch
on the 900k-article Wikipedia corpus. The first
is pretrained in the ordinary way with the cross-
entropy loss. The other two are produced by of-
fline distillation from a Mamba 2.8B teacher of
the same family. Because running teacher and
student together was infeasible with the avail-
able resources, the teacher soft labels are gen-
erated once and cached, which makes storage
the binding constraint: only the 40 most rel-
evant tokens of each distribution are kept, al-
ready about 200GB on disk. Two ways of choos-
ing those 40 tokens are compared, top-k, which
keeps the most probable ones, and random sam-
pling, which draws them from the teacher dis-
tribution to obtain an unbiased estimate, fol-
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Figure 2: Selective state-space model block di-
agram, on which Mamba is based; the matrices
that manipulate the recurrent state and the in-
put are a function of the input Xt itself, allowing
it to selectively accept or discard information.

lowing the sparse-logit method of Anshumann
et al. [21]. Each of the three base models is then
specialized with the same two-stage procedure
used for the baselines, continual pretraining on
the domain text followed by fine-tuning on the
task.
Two of the findings went against expectation.
Distillation did not improve on plain pretrain-
ing, most likely because of how severe the trun-
cation is: keeping only 40 tokens leaves the dis-
tillation signal only marginally informative, a
regime in which, as the same reference reports,
sparse distillation is barely better than plain
cross-entropy. For the same reason top-k and
random sampling did not reproduce the order-
ing reported in the literature. On the down-
stream tasks, however, the outcome is more en-
couraging. On the multiple-choice benchmarks
BabyMamba reaches the same class as the best
BabyLlama models, of equal size but different
architecture, while the larger Mamba and Mo-
bileLLM models keep a clear advantage (Fig-
ure 3). A 50 million parameters Mamba trained
from scratch can therefore be specialized on a
narrow domain and hold its own against a model
of the same size built on a different architecture.

Figure 3: Accuracy of the best BabyMamba
models on the wikidoc-multi benchmark, com-
pared with the best baselines; the best Baby-
Mamba model is the one trained with the top-
k distillation technique: it exceeds the perfor-
mance of BabyLlama (a Transformer of the same
size) and it loses only a few points against mod-
els twice its size.

Figure 4: Sum of the probability assigned to
each of the possible answers during the fine-
tuning phase for different learning rates of Mo-
bileLLM on the wikidoc-multi dataset.

5. Technical notes
One methodological point deserves emphasis.
All accuracies are computed with the standard
tool lm-evaluation-harness [22], which for
closed-form tasks does not read the text the
model generates but instead compares the prob-
abilities it assigns to the valid answers and se-
lects the most probable one. This scores a model
as correct whenever it ranks the right option
highest, even when the text it would actually
generate is not in the required format. Because
the two can diverge, the generated output was
also inspected throughout this work, to confirm
that the reported accuracy reflects answers the
model really produces rather than an artifact of
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the metric.
Figure 4 shows that at the start the base model
assigns very low probabilities to the possible an-
swers of the task (A, B, C and D), and only
after a few steps of fine-tuning with high learn-
ing rates these probabilities reach a critical mass
that makes the model actually output one of the
chosen tokens.

6. Conclusions
This work explored a frontier opposite to the
prevailing one, asking how little capability is
lost as a language model is made small enough
to run on an edge device. The argument that
attention is ill-suited to small, power-efficient
accelerators motivated the choice of Mamba,
a state-space architecture with sub-quadratic
complexity. To measure the focused compe-
tence that small models are actually meant
to provide, four question-answering benchmarks
were built over two narrow domains, in a bal-
anced yes/no format and a multiple-choice one.
The existing small models were adapted to
them through direct fine-tuning and through a
two-stage continual-pretraining procedure, and
BabyMamba, a 50M parameters Mamba trained
from scratch with pretraining and offline dis-
tillation, was built and specialized in the same
way. On the multiple-choice benchmarks Baby-
Mamba performed in line with BabyLlama, a
model of equal size, confirming that the archi-
tecture can be pushed well below the smallest
size of the original work and still be specialized
on a narrow domain; the binary benchmarks, by
contrast, stayed difficult for every model tested,
including the much larger Llama 3 3B Instruct.
Several directions remain open. The clearest one
concerns the data. The amount and quality of
domain-specific text available, and sources such
as WikiDoc and Investopedia are limited, so col-
lecting more and cleaner corpora would help the
most. The training of BabyMamba can also be
improved. The distillation kept only 40 tokens of
the teacher distribution, and storing more of it
is the natural next step. The final goal, however,
is deployment: running a model such as Baby-
Mamba on the embedded hardware described at
the start, and measuring its accuracy, latency,
and energy use on real devices.
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