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What a small language model cannot
do, belief by belief

Six common beliefs about small language models, each checked against published measurements
and given a verdict: supported, partly supported, not supported or not measured.
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IN PLAIN WORDS

One recent survey calls a language model small when it has between 100 million and 5 billion
internal numbers, called parameters, a range chosen with phones and other personal devices
in mind. This review checks six common beliefs about what such models cannot do against
published measurements. The evidence supports the belief that small models hold fewer facts.
It contradicts the belief that shrinking a model leaves it unchanged, since compression can
alter a model in ways a single test score hides. Three beliefs hold only in part. Larger models
share the weaknesses with reasoning and with long inputs, and a small model behaves like a
scaled-down large one on average but not on every task. Whether a small model is safer has not

been measured in a way that settles it.

Where the line for small is drawn

Lu et al. (2024) surveyed small language models and
benchmarked those with public weights. They define
the category as decoder-only transformers with 100
million to 5 billion parameters and set the upper
bound there because models of 7 billion were still
mostly served from the cloud in 2024. Microsoft's
builders describe Phi-3-mini, at 3.8 billion
parameters, as small enough to deploy on a phone
(Abdin et al., 2024). The beliefs below mostly concern
models in or near this range, though several studies
also test far larger ones, and each section ends with a
verdict.

It knows fewer facts

The most exact number here comes from a controlled
setting. Allen-Zhu and Li (2024) trained models on
synthetic biographies so that they could count how
much factual knowledge each one held. When each
fact appeared about 1,000 times in training, models
across the architectures they tested stored about 2
bits of knowledge per parameter, and facts seen only
100 times were stored at about 1 bit per parameter.
Because this is a capacity, it follows that a model a
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tenth as large can hold at most about a tenth as many
facts, other things equal. The data were built for the
experiment, and no deployed model is measured.

The builders of one small model report the same limit
in their own product. Abdin et al. (2024) scored
Phi-3-mini and several larger models through one
internal evaluation pipeline. On MMLU, one of the
reasoning benchmarks in their table, Phi-3-mini
scored 68.8 against 71.4 for GPT-3.5. On TriviaQA,
which they use as evidence about stored facts, the
distance was 64.0 against 85.8. In the same table the
7-billion-parameter Phi-3-small scored 58.1 on
TriviaQA, below Phi-3-mini, so size was not the only
factor even within one family. The authors write that
the model lacks the capacity to hold much factual
knowledge and propose connecting it to a search
engine. Apple's documentation for its on-device
model likewise refers developers whose tasks need
wide world knowledge to its pages on guided
generation and tool calling (Apple, 2026a). On a
phone such a lookup goes either to a store kept on the
device or to a server, and the second sends the
question off the phone. That last point is our
inference; none of the sources we opened measures
the trade.
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On this evidence the belief is supported, and the size
of the gap depends on how often a fact was seen in
training. Abdin et al. (2024) expect a search engine to
close it, but none of the sources measured whether it
does.

It cannot reason

Part of this belief has support. Lu et al. (2024) find
small models closing the distance to large ones on
general reasoning benchmarks, with differences
remaining in mathematics, and a wide gap on
complex reasoning between small models trained on
open data and those trained on closed data. Apple
lists basic arithmetic, writing code and logical
reasoning among requests its on-device model may
handle poorly (Apple, 2026a), and points developers
to a server model for more reasoning ability (Apple,
2026b). Against this, in the same survey, Phi-3-mini
led LLaMA 3.1, the larger reference model in that
comparison, on the mathematics task by 14.5%.

Mirzadeh et al. (2025) asked whether high scores on
grade-school maths reflect reasoning. They rebuilt
the GSM8K questions as templates so that names and
numbers could vary, and made a variant that adds
one clause which sounds relevant but does not
change the answer. They tested more than 20 open
models between 2 and 27 billion parameters, and
several closed ones. Every model lost accuracy when
the irrelevant clause was added. Within Microsoft's
Phi-3 family, whose three sizes are 3.8, 7 and 14
billion parameters (Abdin et al., 2024), the 128k
versions scored 18.0, 24.5 and 29.4% on that variant,
after scores of 83.7, 88.5 and 87.3% on the original
benchmark. GPT-40 went from 95.2 to 63.1%, and
ol-preview from 94.9 to 77.4%. The authors read the
drops as evidence that current models copy
reasoning steps seen in training without carrying out
logic; that is their hypothesis about a cause, while the
measurements show only the fragility.

So the belief holds in part. Within the Phi-3 family the
smaller models fell further on the distracting variant,

yet the weakness appeared in every model tested, and
the best small models score well on standard tests.

It cannot read long inputs

Lu et al. (2024) hid one or more facts in long texts of
up to about 32,000 tokens and asked models to
retrieve them or reason over them. Two models of 0.5
billion parameters averaged 22.13% and 43.84%.
Two models of about 3 billion averaged 57.81%
(Llama3.2-3B) and 91.71% (Qwen2.5-3B), and the
second stayed close to perfect at every length and
depth tested. Lu et al. themselves conclude that more
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parameters matter for long inputs. The gap of about
34 points between two models of similar size suggests
that training matters as well, though they do not
isolate what. They also report that small models in
general did worst when the fact sat in the middle of
the text, with Qwen2.5-3B the exception.

That middle weakness is not peculiar to small
models. Liu et al. (2023) gave open and closed
models, among them GPT-3.5-Turbo and Claude-1.3,
a question with many retrieved documents. Accuracy
was highest when the answering document came first
or last, and with it in the middle GPT-3.5-Turbo did
worse than it did with no documents at all (56.1%).
Length also costs larger models. On the RULER
benchmark, Phi-3.5-mini scored 94.3 at 4,000 tokens
and 63.6 at 128,000, while Llama-3.1-8B went from
95.5 to 77.0; for their own model, the authors suspect
too little good long-text data in mid-training (Abdin et
al., 2024). Apple's on-device model accepts up to
4,096 tokens per session (Apple, 2026a), and Apple
directs developers to a server for longer inputs
(Apple, 2026h).

This belief too holds only in part. The smallest models
did poorly, at around 3 billion parameters the answer
depends on the model, and losing track of the middle
appeared in small models and in most of the larger
models Liu et al. (2023) tested on questions over
many documents, though Qwen2.5-3B escaped it.

[tis a scaled-down large model

The belief here is that a small model does everything
a large one does, only somewhat worse. Kaplan et al.
(2020) support an averaged version of it. Test loss, a
measure of error in predicting the next word, fell
along a power law in model size, data and compute,
some of the trends holding over a range of more than
seven orders of magnitude, and the balance between
width and depth mattered little across a wide range.
Loss is an average over text, though, and can hide
differences between tasks.

Wei et al. (2022) catalogued abilities that sat near
chance in smaller models and appeared only above
some scale. GPT-3, for instance, rose above chance on
a BIG-Bench arithmetic task only at 13 billion
parameters. Schaeffer et al. (2023) found that over
92% of the emergent abilities claimed on BIG-Bench
were scored with all-or-nothing metrics, and that
with continuous metrics the models they
re-examined improved smoothly, which fits the
belief; they state that this does not show emergence
can never occur. Wei et al. (2022) themselves note
that PaLLM 62B performed above chance on 14
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BIG-Bench tasks where the larger LaMDA 137B and
GPT-3 175B did not, so scale was not the only factor.

Small models may also need a different design. Liu et
al. (2024) found that below a billion parameters depth
mattered more than width, which runs against
Kaplan et al. (2020), and their 350-million-parameter
model came close to LLaMA-v2 7B in exact-match
score on one task of calling software functions. Eldan
and Li (2023) trained models under 10 million
parameters on stories written with words a child of
three or four would know, and the models wrote
fluent, consistent stories of several paragraphs; the
authors scored the stories with GPT-4 acting as a
teacher.

The evidence pulls both ways, so the verdict is partly
supported. Average error rises smoothly as size falls,
and some abilities once called emergent also change
smoothly when measured continuously. Against that
stand the abilities Wei et al. (2022) saw appear only
above some scale, a design rule that changes below a
billion parameters, and a narrow task and a narrow
domain where very small models came close to far
larger ones.

Shrinking it changes nothing

Models are made smaller after training by pruning,
which removes weights, or by quantization, which
stores each weight in fewer bits. The belief is that an
unchanged benchmark score means an unchanged
model. Jaiswal et al. (2024) argue that perplexity, the
usual check, misses real losses. On their
knowledge-intensive benchmark every pruning
method they tested lost substantial accuracy,
sometimes with only 25 to 30% of weights removed,
while quantization held up better, and models pruned
by half or more still did well at retrieving and
summarising from text given in the input. Dutta et al.
(2024) compared six quantization schemes with the
16-bit original on seven benchmarks. Accuracy
stayed within 0 to 2%, yet all schemes except one
changed many individual answers, up to 13.6% of
them, with right answers turning wrong and wrong
ones right in roughly equal numbers.

In the synthetic setting of Allen-Zhu and Li (2024),
8-bit integers kept the full knowledge capacity while
4-bit integers cut it to about 0.7 bits per parameter.
Hong et al. (2024) compressed three models with five
methods and scored eight aspects of trustworthiness.
At 4 bits the models kept the trust scores of their
originals, pruning by half lowered them, and 3-bit
quantization lowered them considerably, in ways the
ordinary task scores did not reveal.
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The belief is not supported. A benchmark can
establish that nothing measurable changed on that
benchmark, and the finding reaches no further than
what it tests.

It is safer because it is small

For one risk the evidence favours small models.
Carlini et al. (2021) recovered hundreds of passages
memorised word for word from GPT-2's training data
and found larger models more exposed. The
1.5-billion-parameter GPT-2 memorised over 18
times as much as the 124-million one in one of their
settings. Lin et al. (2022) built TruthfulQA, 817
questions in 38 categories that some people answer
wrongly because of common misconceptions, and
found that truthfulness generally fell as the models
grew. In the multiple-choice version, the 6B
GPT-Neo/J model scored 12% lower on truthfulness
than its 125M sibling, although no model there did
significantly better than random guessing. In their
worked example the smallest model stayed truthful
only by saying nothing useful. The benchmark was
also built adversarially against GPT-3 models, and
Wei et al. (2022) report that Gopher rose more than
20% above random on it only at its largest size, 280
billion parameters. Hong et al. (2024) found that
7-billion-parameter models trained from scratch may
beat 13-billion ones on some trust measures.

Microsoft's internal benchmark, reported by Abdin et
al. (2024), gives a mixed picture. GPT-4 simulated
multi-turn conversations and scored the replies, and
the three Phi-3 sizes had been through the same
red-teaming with the same safety data, the larger two
with slightly more examples. Lower is better on every
measure in that table. On ungroundedness, scored
from O (fully grounded in the material supplied) to 4,
the smallest did worst, at 0.603 against 0.299 and
0.213. On the table's other measures the three sizes
were close. Jailbreak defect rates were 0.123, 0.107
and 0.111, and the smallest scored best on
third-party harm (0.240 against 0.253 and 0.251) and
on harmful summarisation (0.100 against 0.110 and
0.112).

As a general claim the belief has not been measured.
The answer depends on which harm is meant, and
the comparisons across sizes that we opened cover at
most four model families and a few kinds of harm.
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Six verdicts in one table

BELIEF VERDICT WHAT DECIDES IT
It knows fewer  Supported  Size and how often a fact was
facts seen; lookup proposed but

unmeasured

It cannot reason Partly
supported

Distractors hurt every model
tested, the smaller Phi-3
models most

It cannot read Partly Training of the particular

long inputs supported model; middle losses in most
models tested

It is a scaled- Partly True of average error; data,

down large supported design and narrow tasks can

model break it

Shrinking it Not Method, bit width and what

changes supported the test measures

nothing

It is safer Not Which harm, and whether

because it is measured training was matched

small

Our companion, Bloom, ships as a 2.0 GB build for
iPhone 16 and newer, so we work under the
constraints this literature describes. This review
makes no claim about where Bloom sits on any scale
above or which of these limits apply to it; technical
note 03 sets out what the finding of no measurable
loss between the 6.2 GB and 2.0 GB builds can and
cannot prove, and recall at the edges of memory is on
our list of things not yet proved.

What is not yet known

None of the studies we opened follows a small model
through long personal conversations spread over
weeks and many sessions. The retrieval tests above
hide a fact in one long text, which is a different task
from remembering across separate conversations.

The effect of size on safety rests here on comparisons
within single model families, none with all training
held fixed (the Phi-3 sizes shared safety training but
not the same pre-training), and one of them is the
builder's internal benchmark scored by another
model. An independent comparison across many
families with matched safety training was not among
the sources.

Whether a lookup closes the knowledge gap for a
model on a phone, and what it costs in privacy when
the lookup leaves the device, has not been measured
in anything we read.
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The 4-bit loss in knowledge capacity was measured
on synthetic biographies. Whether it carries over to
models trained on natural text is open, and so is
whether the answers that flip under compression
cluster in particular kinds of question.

Lu et al. (2024) found small models improving faster
than the LLaMA 7B series between 2022 and 2024,
and also caution that the best family's scores may
partly reflect overfitting to benchmarks. How much of
the recent gain is capability, and whether the pace
holds, is unsettled.
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