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Abstract

Scaling laws are a critical component of the
LLM development pipeline, most famously
as a way to forecast training decisions such
as ‘compute-optimally’ trading-off parameter
count and dataset size, alongside a more recent
growing list of other crucial decisions. In this
work, we ask whether compute-optimal scaling
behaviour can be skill-dependent. In particular,
we examine knowledge and reasoning-based
skills such as knowledge-based QA and code
generation, and we answer this question in the
affirmative: scaling laws are skill-dependent.
Next, to understand whether skill-dependent
scaling is an artefact of the pretraining datamix,
we conduct an extensive ablation of different
datamixes and find that, also when correcting
for datamix differences, knowledge and code
exhibit fundamental differences in scaling
behaviour. We conclude with an analysis of
how our findings relate to standard compute-
optimal scaling using a validation set, and find
that a misspecified validation set can impact
compute-optimal parameter count by nearly
50% , depending on its skill composition.

1 Introduction

Used both to forecast performance for early pre-
training decisions as well as decide on the opti-
mal trade-off between parameters and pretraining
dataset size given a particular compute budget, scal-
ing laws (Kaplan et al., 2020, i.a.) have played an
important role in the development of large language
models (LLMs). Famously, with a series of exper-
iments with models with different data/parameter
trade-offs, Hoffmann et al. (2022) showed that pre-
vious LLMs were all erring on the side of too many
parameters, causing a shift in the amount of train-
ing tokens to train LLMs. More recently, Dubey
et al. (2024) used scaling laws not only to deter-
mine the optimal parameter count given their avail-
able compute budget, but also to forecast the impact
of data selection decisions on evaluation scores.

In these works, the compute optima (COs), de-
scribing the optimal parameter count and number
of training tokens, are selected based on aggregate
performance estimators (APEs), in the form of neg-
ative log-likelihood (NLL) on a validation set not
part of the pretraining corpus. Little is known, how-
ever, about whether the COs of individual skills
such as mathematical reasoning, question answer-
ing (QA), or coding, align with these APE COs.
While some studies use scaling laws to predict how
downstream task performance improves with scale
(e.g. Ye et al., 2025; Held et al., 2025), none of
these studies cover whether COs themselves may
be skill dependent. Is it possible that some skills
are more data-hungry, whereas others benefit more
from extra parameters? If so, how should that
impact model training and training data selection?

In this paper, with an extensive set of experi-
ments across 9 different compute scales and 2 skills
as measured with 19 datasets across two different
splits, we study exactly that. Specifically, we focus
on the three research questions:

R1. Are COs skill dependent? First, we con-
sider how the IsoFLOP curves and corresponding
COs for code'- and knowledge-based skills com-
pare to the APE COs, given a canonical datamix.
Across the board, we find pronounced differences
between the COs for these different skills: where
knowledge QA tasks are capacity-hungry, code
tasks instead prefer data.

R2. Is this an artefact of the pretraining
datamix, or are code and knowledge skills fun-
damentally different? Using only the smallest
compute scale, we next investigate whether these
difference are a consequence of the proportion of
skill-relevant data in the pretraining datamix of our
experiments or that there is in fact a difference in
how data- or capacity-hungry the different skills

"We use code as a proxy for reasoning skills to avoid
ambiguity and the challenge of concretely defining reasoning.
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Figure 1: Isoflop curves and COs for code and knowledge QA, along with the APE COs. In (a), we see that
on average across held-out datasets, knowledge QA tends to be capacity-hungry compared to the APE CO. On
the other hand, in (b), we see that code tends to be data-hungry relative to the APE CO. We show the distribution
of these relationships in (c), where we plot distributions of the log-scale differences in parameter count between
skill-dependent COs and APE COs and find their means lie on opposite sides of the APE CO. The black curves in
(a) and (b) represent the predicted APE COs from Dubey et al. (2024), mapped to their respective IsoFLOP groups.

are. We find that both are true: changing the pro-
portion of skill-relevant data shifts the CO for that
skill, but COs for skills differ even with comparable
proportions of skill specific data.

R3. How does the existence of skill-dependent
COs impact LLM training? Lastly, we focus on
the more practical question of how these findings
should impact model pretraining. First, again using
only the smallest compute scale, we investigate if
it is possible to align the COs for the two skills
under consideration. We find that it is, but that
whether this should be considered advantageous
for overall model training depends highly on the
choice of validation set. We then investigate how
much the estimated optimal parameter count de-
pends on the choice of validation set. We find that,
on our smallest scale experiments (6 X 10'8), the
optimal parameter count for the same skill varies
by almost 50% across datamixes, and by more than
30% across validation sets. At larger scale, the dif-
ference is smaller, but it still exceeds 10% for the
three largest compute scales. These experiments
show that choosing a validation set that adequately
represents what the final model should capture is
critical to finding the right parameter counts.

Outline With our work, we contribute to an em-
pirical understanding of how different skills behave
across model scales, and explore the concrete im-
plications for CO training of LLMs. In the remain-
der of this paper, we first provide the necessary
background and definitions to understand our work
(§ 2), and we describe the data we use for our ex-
periments (§ 3). Next, in § 4, we describe our

experiments and their results. Lastly, we discuss
related works about scaling and data selection (§ 5),
and we conclude in § 6.

2 Background

When computing scaling laws, prior work typically
focused on modelling the loss on a validation set,
which is usually a general text corpus drawn from
the same distribution as the pretraining dataset. In
this setup, the loss is effectively a weighted com-
bination of all what the model should learn during
training. In contrast, we consider skill-dependent
scaling laws. In this section, we discuss the rele-
vant background and notions of scaling laws, COs,
and skills underpinning our analysis. In § 5, we
describe related efforts in more detail, and in Ap-
pendix C, we provide formal definitions of the con-
cepts that this section introduces.

2.1 Scaling laws

Neural scaling laws aim to model and predict loss
values as a function of the compute scale in FLOPs.
FLOPs are often estimated as B =~ 6pt, which in-
volves contributions from the size of the training
set in tokens, ¢, and the parameter count of the
model, p. Typically, scaling laws that model these
two quantities in relation to the loss exhibit a trade-
off between parameter count and compute scale.
These are depicted using IsoFLOP curves, where
the x-axis is the parameter count, and the y-axis
is the loss on the training or validation set. To ob-
tain those curves, Hoffmann et al. (2022) pioneered
using a 2D power law model which has separate



power law components for parameter and token
counts. In our case, we found 2D power law mod-
els to produce a poor fit to downstream evaluations,
which we attribute to noise and small dataset sizes,
compared to validation sets. Instead, we opted to
follow the approach used by Dubey et al. (2024),
which involves fitting separate degree-2 polynomi-
als to each compute scale. We extend this by fitting
a power law to the optima of the compute scales.

Compute budget and COs Central to the idea
of IsoFLOP curves, which model the loss at many
compute scales, is the idea of IsoFLOP groups
which model tradeoffs between dataset and model
size at fixed compute scales. In other words, an
IsoFLOP group is a set of models where the amount
of training data, ¢, and model size, p, is varied
subject to a fixed approximate compute budget
B =~ 6pt. This tradeoff between dataset size and
parameter count can be optimised at each compute
scale, which means that at a given compute budget,
there is a optimal parameter count and dataset size,
(p*,t*) s.t. B FLOPs. Typically, IsoFLOP curves
(and therefore COs) are computed using the loss on
the training set, or for flexibility, a validation set.
Since both the training and validation sets include
mixtures of data that might influence scaling be-
haviours differently, we refer to the losses on these
sets as aggregate performance estimators, or APEs.
Under this terminology, standard practice involves
selecting COs based on APEs. Next, we define our
notion of skills and how our analysis involves COs
based on skills instead of APEs.

2.2 Skills

Following Chen et al. (2023), we formalise the no-
tion of a ‘skill’ by starting from the metric and
dataset by which it can be quantified. More pre-
cisely, we say that a dataset D quantifies skill s if
the performance of a model on that dataset accord-
ing to metric £ correlates with a model’s ability
to perform the intended skill s. Under this defini-
tion, multiple datasets can be associated with the
same skill — something that we exploit in our ex-
periments to validate our conclusions for one skill
across multiple datasets — and in some cases one
dataset can quantify multiple skills. It is difficult to
exactly label what skills different datasets quantify,
and the extent to which they correctly do so can be
open for debate, so we largely follow the labelling
of the creators of our evaluation datasets, but we do
so under scrutiny. For simplicity, our work focuses

on two specific skills which we suspect to have dif-
ferent scaling properties: knowledge, in the form of
knowledge-based QA and code. In § 3, we discuss
which datasets we use to quantify these skills.

Skill-dependent COs Given the given definition,
the CO for a skill s at a particular compute scale B
is given by the parameter count p} and training to-
ken budget ¢} in the IsoFLOP group that optimises
the loss on the dataset D quantifying the skill,
rather than on APEs. As mentioned before, a pri-
mary aim of our work is to determine whether COs
may be skill dependent. To quantify this, we con-
sider how the COs for skills compare to the optima
computed using APEs. If a skill fares better with
comparatively more data, we call this skill data-
hungry, while if a skill prefers more parameters
than the APE optimum we call it capacity-hungry.

3 Data

In our experiments, we focus on two overarching
skills: knowledge QA and code. In this section, we
describe which datasets we use to measure models’
abilities on those skills and describe how we infer
their corresponding COs.

3.1 Skill data

For each of the two skills we evaluate, we iden-
tify a number of evaluation datasets designed to
evaluate these respective skills. We split those
datasets into a ‘hypothesis’ and ‘held-out’ split.
In our analyses, we first form hypotheses on the
hypothesis split of knowledge QA and code skills
without accessing the held-out split, and then we
validate our hypotheses on the held-out split. Our
hypothesis and held-out splits include knowledge
QA-based splits from Trivia QA (Joshi et al.,
2017), NQ (Kwiatkowski et al., 2019), SQuAD (Ra-
jpurkar et al., 2016), MMLU (Hendrycks et al.,
2021), and code-based splits from RepoBench (Liu
et al., 2024), SWE-Bench (Jimenez et al.,
2024), BigCodeBench (Zhuo et al., 2025), CAT-
LM (Rao et al., 2024), CrossCodeEval (Ding et al.,
2023), MultiPL-E (Cassano et al., 2023), Hu-
manEval (Chen et al., 2021), MBXP (Athiwaratkun
et al., 2022), and MBPP (Austin et al., 2021). Ad-
ditional details of the the datasets and splits that we
use in our experiments can be found in Table 1.
Some of our datasets consist of compound
datasets spanning multiple topics, such as MMLU.
We categorise the subtasks of these datasets sepa-
rately and then assign half of each to the hypothesis



Split ‘ Knowledge skills Code skills
. Trivia QA NQ SQuAD MMLU . CAT-LM MultiPL-E
Hypothesis (dev) (dev) (train) (train) RepoBench  BigCodeBench (test gen.) (HumanEval) MBXP
Held-out Trivia QA Tr1‘Vl'a QA NQ SQuAD MMLU | SWE-bench BigCodeBench CrossCodeEval HumanEval ~MBPP
(test) (wiki test)  (test) (dev) (val) (oracle) (test gen.)

Table 1: Hypothesis and held-out splits for code and knowledge-based skills. In all our experiments, we first
develop hypothesis on a hypothesis split and then confirm them on a held-out split containing different datasets for
the same skills. References to each of these datasets are provided in the text.

and held-out splits, respectively. We label a subtask
as being knowledge-based if the model would have
required prior knowledge of the subject area in or-
der to answer the question accurately and remove
all non-knowledge-based subtasks.

3.2 Pretraining data

Our canonical pretraining datamix comprises
roughly 58.4% documents that are high in factual
knowledge, 19.9% documents containing code, and
the remaining 21.7% did not fall under either of
these categories. To construct our training datasets
for a given token budget ¢, we randomly sample
documents from a larger pool of data from each
of these categories, according to the proportions
for each category. We vary these proportions in
§ 4.2 and § 4.3 by increasing the proportions of
code or by increasing the proportion of knowledge.
We include visualisations of the proportions for our
canonical datamix, along with the proportions used
in § 4.2 and § 4.3, in Appendix E.

4 Experiments

Now, we present the main results for our experi-
ments, starting from our finding that COs are skill
specific for our canonical datamix (§ 4.1), followed
by a deeper exploration into the impact of the
datamix on these conclusions (§ 4.2), and finishing
with a small investigation of how these results may
impact model pretraining decisions (§ 4.3).

4.1 Can COs differ between skills?

First, we consider the difference in COs for differ-
ent skills for our canonical datamix.

Methodology Roughly following the approach
used by Dubey et al. (2024), we train models for
compute budget between 6 x 10'® and 3 x 102!
FLOPs. At each compute scale, we pretrain models
ranging in size between 40M and 8B parameters.”
Using these models, we compute IsoFLOP curves

*Details about model training can be found in Appendix B.

and corresponding COs for the APE (validation
loss) and the two skills under consideration — as
measured by NLL of the target answer — using the
methodology described in § 2.1. Here, in order to
compare APE COs with the COs for skills, we first
obtain the APE CO parameter counts, p. from the
power law fit given by Dubey et al. (2024), for each
compute scale. Next, for a given skill s, for each
dataset D belonging to that skill, we fit degree-2
polynomials for each compute scale and identify
optimal parameter counts for p,. We then project
the APE COs onto the polynomial fits for s, and
fit power law curves to the APE COs and the skill-
dependent COs for s. In all our experiments, we
first analyse the results on our hypothesis split and
confirm our findings on the held-out split.

Results In Figure Figures 1a and 1b, respectively,
we show average results for the held-out code and
knowledge QA datasets (in red). For comparison,
we overlay the APE CO curve reported by Dubey
et al. (2024) (in black). The figure shows a clear
difference between knowledge QA and code: while
knowledge QA prefers capacity compared to the
APE curve — especially at lower compute scales —
code tends to be more data-hungry. This pattern is
present across all datasets belonging to the hypoth-
esis split on which we first observed this difference,
as well as for the held-out split. We show individual
plots for all datasets in Figures 11 to 14.

To make the pattern more explicit across differ-
ent scales, we consider the distribution of parameter
count ‘residuals,” or log-scale differences between
the APE optima and the skill-optima for each skill.
If at compute scale B, the residual is larger than 0,
we say that the skill is capacity-hungry at B; if it
is smaller than 0, we call it data-hungry at B. The
resulting distributions, shown in Figure Ic, con-
firm the pattern we observed before: the parameter
count residuals for code are shifted substantially to
the left with respect to the parameter count resid-
uals for knowledge QA, indicating that the latter
skill is more capacity-hungry.
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Figure 2: 6 X 108 IsoFLOP curves for various code and knowledge QA datamixes. In (a), we scale the
proportion of code pretraining data from ~ 11% to ~ 82% and see the losses improve and the COs shift toward
capacity-hunger. For (b), we scale the proportion of knowledge from ~ 22% to ~ 85% and while knowledge tasks
appear to be noisier than code, losses improve and COs shift.

4.2 Is this an artifact of the data distribution?

For our canonical datamix, we have seen a clear
difference between the COs of knowledge QA and
code datasets in their respective capacity- or data-
hunger. What is not clear from our first experiments
is whether these dissimilarities are the result of
a fundamental difference between the skills, or if
there is a disparity between the amount of data
present for these skills in the canonical datamix.

Methodology To begin to address this question,
we first investigate if we can shift the skill COs
by changing the proportion of relevant data for
that skill, which are identified heuristically by tag-
ging the relevant data sources in the pretraining
data. Starting from the proportion of our canon-
ical dataset (see Figure 7a), we create four addi-
tional datasets for knowledge and five additional
datasets for code in which we up- or downsample
the proportion of skill relevant data. Specifically,
for knowledge, we scale the original proportion
of 58% down to 22% and up to 85%. Similarly
for code, we scale the code proportion from their
original 20% down to 11% and up to 84%. With
these new datamixes, we train 16 models each with
a budget of 6 x 10'® FLOPs, which is the smallest
compute scale represented in our ISoOFLOP curves,
and recompute the skill CO for that compute scale.

Results In Figure 2, we show the results for the
code and knowledge held-out datasets. Unsurpris-
ingly, increasing the amount of skill-dependent data
(lighter colors in the plot), improves performance
for that specific skill.? This pattern is much clearer
for code than for knowledge. We hypothesise that
this is because code datapoints are easily identi-
fied and contain only code, whereas knowledge

*Increasing code data improved losses on code datasets
beyond the next compute scale on the canonical datamix.

datasets are usually more dispersed as well as more
difficult to label automatically. More relevant to
our research questions is the fact that not only the
losses, but also the COs shift. Again specifically
for code, this pattern is clear in both the hypothesis
and held-out sets — the more code data is included,
the more capacity-hungry the CO becomes. For
reference, in Appendix E, we provide individual
plots for all code and knowledge QA datasets of all
splits, across all ablations.

Finally, we use the same data to investigate the
data-hunger of knowledge QA and code indepen-
dently of the proportion of skill relevant data. To
do so, we plot the CO parameter counts for each
skill as a function of the proportion of skill relevant
data. In Figure 3, we show this for both knowledge
QA and code in the same plot.* From this figure
it is clear that even correcting for the proportion
of skill relevant data, knowledge is substantially
more capacity-hungry than code, and increases its
capacity-hunger more quickly as the proportion
of skill relevant data increases. We hypothesise
that this phenomenon, which demonstrates a fun-
damental difference between knowledge and code,
is related to the fact that knowledge is harder to
compress than code, requiring more capacity to
memorise facts. In line with this hypothesis, we
observe a larger difference between knowledge and
code when only Python code datasets are consid-
ered, as can be seen in Figure 4. We hypothesise
that models at this scale may unable to succesfully
compress ‘low-resource’ programming languages,

*The axis is aligned on proportions of skill-relevant data,
not on the datamixes themselves. For knowledge QA datasets
(purple lines), an x-value of 0.4 corresponds to a datamix with
40% knowledge, whereas for code datasets (green lines), it
corresponds to results for the datamix with 40% code.
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timal parameters increases more quickly, implying a
fundamental difference between the two skills.

though further research is required to confirm this.>

4.3 What does this imply for LLM training?

Having empirically shown and investigated the ex-
istence of skill-dependent COs, we now explore
the practical implications of these findings for pre-
training LLLMs. While the research questions that
could be explored in this realm are numerous, we
focus on two concrete questions that can be feasibly
tested within our compute budget:

1. Can we align COs of skills via data selection
to improve the validation loss?

2. What is the parameter count impact of a vali-
dation set measuring the wrong skills?

4.3.1 Aligning skill-COs

Given that COs of knowledge-related skills are
more capacity-hungry while code related skills in-
stead benefit more from data, we now ask the ques-
tion if we can improve the overall aggregate per-
formance of a model by shifting the datamix such
that the COs of the two skills are aligned. In Fig-
ure 5a, we plot the optimal parameter count for the
6 x 10'® models we trained for the results reported
in the previous subsection. We can see that there is
indeed a point where the optimal parameter counts
for code and knowledge roughly match, which is

SWe also see in Figures 1 and 2 and Appendices E and I
that datasets quantifying code have a lower loss value than
those quantifying knowledge QA— across the board — despite
large proportions of knowledge, which could suggest that code
has lower unmodelable entropy compared to knowledge.
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Figure 4: Optimal parameters for different coding
benchmarks. Coding skills that contain more and thus
less frequent programming languages, shown in yellow,
appear to become more capacity-hungry, across all cod-
ing skills in our hypothesis and held-out splits.

when code data is approximately 2.1 times as preva-
lent as knowledge data.® This is in line with our
earlier results: as we add more code data, the CO
for code will very gradually shift towards being
more parameter-hungry, whereas decreasing the
amount of knowledge data shifts the CO for knowl-
edge to require fewer parameters.

Next, we look at how this trade-off impacts the
validation loss, indicative of the aggregate model
performance. Since our original APE COs were
projected from the scaling law parameters given
by Dubey et al. (2024), we would ideally con-
duct this analysis using the Llama 3 validation set.
However, details of this validation set are unre-
leased, so, instead, we sample three different valida-
tion datasets from different publicly available pre-
training datasets: FineWeb, FineWeb-Edu (Penedo
et al., 2024) comprising educational webpages fil-
tered from FineWeb, and The Stack (Kocetkov
et al., 2022), a code-based pretraining dataset. We
randomly draw 20K samples from each of these
datasets to produce a much smaller validation set.
For FineWeb’ and FineWeb-Edu,® we draw the
samples from their 10B token sample splits. For
The Stack, we draw the samples from the subsam-
pled The Stack Smol, containing a small subset of
approximately 0.1% of The Stack.’

In Figure 5b, we show the NLL for all validation
sets, using the same axis as in Figure 5a. The ver-
tical dashed line indicates the optimal point from

®We obtain this value of 2.1 by computing the crossover
point on the hypothesis set and overlaying it onto the held-out
splits — we include a comparison between the crossover points
found on the hypothesis and held-out splits in Appendix G.
7https://huggingface.co/datasets/HuggingFaceFW/fineweb
8https://huggingface.co/datasets/HuggingFaceFW/Fineweb-edu
9https://huggingface.co/datasets/bigcode/the—stack—smol
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validation loss for the same models, with the same optimal cross-over point. Every validation set that we consider
exhibits losses that closely follow either the average knowledge QA or average code curves.

Figure 5a. A first striking observation is that all the
chosen validation sets track either knowledge QA
or code quite closely: while the loss on FineWeb
and FineWeb-Edu monotonically increases with the
amount of code data, the opposite is true for The
Stack. We do not see evidence of a mix of knowl-
edge QA and code in the validation sets, which
might have presented itself as a U-shaped curve,
rather than the monotonically increasing or decreas-
ing curves that we observe. To compute appropriate
scaling laws, none of these validation sets would
thus have resulted in COs aligned with both skills.

4.3.2 The impact of the validation set

Lastly, we study more explicitly how much vari-
ation in the predicted COs is to be expected de-
pending on the choice of validation set. In Fig-
ure 6a, considering the The stack validation set as
‘baseline,” we can see that for some datamixes, the
optimal parameter count is off by almost 50%. In
Figure 6¢, we see that, for the smallest compute
scale, for the canonical datamix there is over a 30%
difference in optimal parameter count between the
different validation sets. While the relative differ-
ence is not as stark at higher compute scales, it still
exceeds 10% for the 3 largest compute scales.
With that, our experiments show that choosing a
validation set that adequately represents a mix of
what the final model should capture — or perhaps
even a validation set that more directly measures
those skills, such as in our work — is critical to
finding the right COs. While the difference is more
pronounced at smaller scales, it persists even on
the largest compute scale in our experiments. On
the other hand, Dubey et al. (2024) points out that
IsoFLOP curves get flatter at high compute scales,
so the tradeoff between model capacity and dataset
size might not matter as much. In one of their other

results, Dubey et al. (2024) uses a fitted sigmoid of
the loss to estimate accuracies. If one were to take
their analysis a step further by applying a sigmoid
to an entire IsoFLOP curve to produce an IsoFLOP
curve of accuracy rather than NLL, we hypothesise
that this could make curves appear less flat if low
compute scales are in the flat region of the sigmoid
and high compute scales are in the linear region.
We leave this intriguing question to future work.

5 Related work

Scaling laws and compute optimality The first
large-scale empirical study of statistical scaling
laws of neural networks was done by Hestness et al.
(2017), who studied scaling laws for a variety of
tasks using the LSTM (Hochreiter and Schmid-
huber, 1997) and CNN (Lecun et al., 1998) ar-
chitectures. Their paper used power law fits to
their experimental data, and they found that the
only way to materially change the power law expo-
nent was to change the task, whereas other choices
such as hyperparameters changed only the scaling
factor. Later works extended these ideas to joint
model and dataset size scaling, such as those by
Rosenfeld et al. (2019); Kaplan et al. (2020), and
famously, the Chinchilla paper of Hoffmann et al.
(2022) which introduced the notion of CO scaling
measured using the loss on the training set. More
recently, several efforts aim to predict downstream
performance using scaling laws (Isik et al., 2025;
Bhagia et al., 2024; Polo et al., 2025), but they fo-
cus on forecasting downstream metrics, whereas
our work asks a fundamental question about how
different skills exhibit different scaling behaviour.

Data selection In addition to scaling laws, our
work is related to the rich literature on data selec-
tion and optimising the pretraining datamix. In-
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Figure 6: Fluctuation in optimal parameter count as function of validation set. In (a), we show the COs of the
validation sets that we evaluate, showing that at a high ratio of knowledge QA to code, two of the three validation
sets have COs with substantially higher parameter counts. In (b), we see this information in terms of a relative
increase in parameter count compared to The Stack, and see that the increase can be up to roughly 50%. In (c), we
show the CO scaling behaviour across compute scales between validation sets. In (d), we see the relative parameter
count increases over The Stack, and see that at high compute scales, the increase is smaller, yet it still exceeds 10%.

spired by scaling laws, the recent Data Mixing
Laws (Ye et al., 2025) aim to model the loss as a
function of the proportions of different types of data
in the pretraining datamix. Other work attempts to
improve dataset quality and therefore downstream
performance by optimising the datamix (Chen et al.,
2025; Xie et al., 2023; Held et al., 2025), as well
as Skill-It (Chen et al., 2023), which dynamically
updates the dataset proportions throughout training
using downstream validation losses and an online
mirror descent algorithm. However, these works
do not focus on how COs might shift as a function
of the pretraining datamix.

Skill frameworks Skill-It formalises the down-
stream losses that it targets as ‘skills,” which we
draw inspiration from in our work. In Skill-It, a
skill is defined as a unit of behaviour associated
with a dataset and a metric, such that if a model
is trained on samples from the dataset, its metric
improves on unseen samples. However, there are
other related definitions of skills that include more
general notions of behaviour such as reasoning abil-
ities (Xia et al., 2024; Arora and Goyal, 2023) and
the evaluation thereof (Yu et al., 2024).

6 Conclusion

In this work, motivated by the impact that scaling
laws have had on the landscape of training LLMs,
we examine the existence of skill-dependent scal-
ing laws. Specifically, we investigate how the opti-
mal trade-off between capacity (in the form of pa-
rameter count) and training data varies across skills.
Focusing on two different skills — code generation
and knowledge-based QA — we find pronounced
differences in how data- or capacity-hungry they
are: where knowledge QA is capacity-hungry, code

instead prefers data. These differences hold across
tasks and splits, and are true even if the proportion
of skill-dependent data in the pretraining datamix
is factored out. Furthermore, as the proportion of
skill-dependent data grows, the capacity-hunger of
knowledge-based skills grows more rapidly than
that of code, indicating that models are able to
compress the latter better than the former.

In the second part of our experiments, we focus
on the impact of these findings to LLM training.
We find that both the use of validation set and the
specific datamix used to do scaling experiments
have a substantial impact on the estimated compute
optimal points. In our 6 x 10'® FLOP experiments,
we find that varying the ratio of code and knowl-
edge data can result in a difference of 30% or more
in the estimated optimal parameter count for that
budget for a single validation set, and almost 50%
depending on the validation set. Similarly, the use
of validation set can result in a mismatch of over
30% on the smallest scale, and over 10% on the
largest three scales (up to 3 x 10%1). As such, our
experiments show that choosing a validation set
that adequately represents a mix of what the final
model should capture is critical to finding the right
COs as well as that doing data ablations after se-
lecting COs may result in suboptimal parameter
counts for the specific datamix.

Our analysis also opens intriguing directions for
future study, such as understanding the relationship
between compression and skills through the lens
of COs, as well as understanding the flatness or
curvature of IsoFLOP curves computed on the NLL
compared to accuracy-based metrics.



7 Limitations

The primary limitation of our analysis is that our
datamix ablation analysis in § 4.2 and part of our
analysis in § 4.3 was conducted using only the
compute scale of 6 x 10'® FLOPs, which is the
lowest that was represented in our IsoFLOP curves
from § 4.1. In the ideal case, the same analysis
would have been repeated across all of the compute
scales that we consider, but this would have been
prohibitively expensive, as it would have required
training well over 1,000 models at higher compute
scales. A second limitation is of the sizes of our
hypothesis and held-out splits. Ideally, these splits
would contain a much larger number of bench-
marks for knowledge QA and code, but we found
that it was challenging to obtain mode knowledge
QA benchmarks that were large, knowledge QA-
specific and isolated from reasoning skills, and
were sufficiently low in noise at low compute scales.
Third, we were unable to deeply explore our hy-
pothesis that non-Python languages are underrepre-
sented in the training data and are therefore harder
to compress (see Figure 4 and § 4.2). This was be-
cause we did not set out to construct the hypothesis
and held-out splits in a way that took the number of
programming languages into account, so we were
unable to rigorously validate this observation us-
ing the held-out split. Nonetheless, as discussed
in § 4.2, we leave this interesting question to fu-
ture work. Finally, while we used code as a proxy
for reasoning skills so as to avoid the challenge of
defining reasoning, there may indeed be other types
of reasoning skills that are somehow fundamentally
different from code. We hope that future work can
shed light on what constitutes reasoning, how it
relates to code, and its relationship to other skills.
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A Architecture details

All of the models used in our experiments are based on the Transformer architecture (Vaswani et al.,
2017), using a similar configuration to that used by Dubey et al. (2024). We scale the models to along
various axes to increase the parameter counts: embedding dimension, number of attention heads, and
number of layers. The number of layers that we use in our models ranges from 8 to 50, the number of
heads ranges from 8 to 40, and the embedding dimensions range from 512 to 5120.

B Model pretraining

We follow the training recipe described in Dubey et al. (2024) for their scaling law experiments. Specifi-
cally, we use a cosine learning rate schedule with 2000 steps of linear warmup from 0 and a maximum
learning rate of € [2 x 1074, 4 x 10~%], which is tuned for different model sizes, that decays to a final
value of %. Again following Dubey et al. (2024), we use a weight decay rate of 0.1. Similarly, we vary
batch sizes across compute scales from 250K to 4M tokens, keeping it constant within each scale.

C Definitions

Here, we provide formal definitions of the notions of IsoFLOP groups, APE COs, skill COs, and capacity-
vs data-hungry skills that we discussed or introduced in § 2.

C.1 IsoFLOP groups and APE COs.

Formally, IsoFLOP groups, which serve as the building block of IsoFLOP curves, are defined as follows.
Definition C.1 (IsoFLOP group). An IsoFLOP group at a compute scale of B FLOPs is an isomorphism
class on the set Gp = { ft(p Ve F. training ft(p )for ¢ tokens required B FLOPs} with the following two
isomorphisms: for a given ft(p eye. p and decreasing pto p’ : 0 < p’ < p, there is a unique ft(,p leq B
such that 0 < ¢ < ¢, and for ft(p N ye p and increasing p to p’ : 0 < p < p/, there is a unique ft(,p Vea B
such that 0 < ¢/ < t.

Next, we define the APE optimum as the CO as measured by performance on a general validation set
Xalidation drawn from the same distribution as the training dataset X,ip, as follows.
Definition C.2 (APE CO). A parameter count p* and t* training tokens is called APE CO for a dataset

Xlalidation at a compute scale of B FLOPs if f (f) R € G p has improved metric £ on samples from Xyajidation
on average compared to any other element of G g.

C.2 Skill COs and capacity- vs data-hunger.

Next, we move on to definitions of notions that are specifically introduced in our work. First, we define
COs for skills, and then we define capacity- and data-hunger, which relate skill COs to APE COs.

Definition C.3 (Skill CO). A parameter count p* and ¢* training tokens is called compute-optimal for a
dataset D that quantifies a skill s at a compute scale of B FLOPs if ft(f lea B has improved metric £
on samples from D on average compared to any other element of G'p.

We call a skill capacity- or data-hungry at a particular compute scale B depending on how it compares
to the APE optimum as reported by Dubey et al. (2024) for B. Formally, we define these as follows.

Definition C.4 (Capacity-hungry at B). A CO skill s with ps parameters and ¢, training tokens is called
capacity-hungry at a compute scale of B FLOPs if, compared to the APE CO at B, specified by p. and ¢,
we have that p; > p. and correspondingly, ts < t..

Conversely, if a skill CO is biased toward more data than the APE CO, we have the following definition.

Definition C.5 (Data-hungry at B). A CO skill s with ps parameters and ¢ training tokens is called
data-hungry at a compute scale of B FLOPs if, compared to the APE CO at B, specified by p. and t., we
have that t; > t. and correspondingly, ps < pc.
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D Evaluation dataset details
In this section, we describe the usage of MMLU and SQuAD in our hypothesis and held-out splits.

D.1 MMLU splits

Our hypothesis split of MMLU (Hendrycks et al., 2021) includes Human Sexuality, Jurisprudence,
Machine Learning, Marketing, Misc., Nutrition, Prehistory, Professional Psychology, Security Studies, US
Foreign Policy, and World Religions, The held-out MMLU split contains Astronomy, Clinical Knowledge,
College Chemistry, College Physics, Conceptual Physics, Electrical Engineering, High School Biology,
High School European History, High School Government and Politics, High School Microeconomics,
High School US History, Human Aging, International Law, Logical Fallacies, Management, Medical
Genetics, Moral Disputes, Philosophy, Professional Medicine, Public Relations, Sociology, and Virology.
We excluded all other MMLU topics, as they were either reasoning-based, or it was unclear whether they
primarily evaluated knowledge QA.

D.2 SQuAD without context

The SQuAD dataset (Rajpurkar et al., 2016) involves retrieving knowledge from a context. However, in
this work, we are primarily interested in knowledge QA-based skills that retrieve memorised facts from
the training set, and not from a provided context (which may constitute an entirely different skill, such as
in-context learning). In order to convert the SQuAD questions into a useable form for our purposes, we
omit the context from our prompts and rely only on information learned during training and stored in the
weights to answer the questions. We also discard all samples for which the answer was not contained
in the context. We include a subsampled portion of the SquAD training set with 12000 samples in our
hypothesis split and the standard SQuAD dev set in the held-out split.
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E Datamix ablation proportions

We provide our canonical datamix proportions in Figure 7a, the different proportions used during code
scaling in Figure 7b, and the proportions used for knowledge scaling in Figure 7c.
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(a) Canonical datamix proportions.

Other Other
Other
Knowledge
Knowledge
Knowledge
Code
Knowledge
Code
Code

(b) Code scaling proportions.
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(c) Knowledge scaling proportions.

Knowlei

Figure 7: Pretraining datamix proportions used in our experiments. In (a), these are the canonical datamix
proportions, (b) shows the code scaling ordered by increasing code, and in (c), our knowledge QA scaling proportions
ordered by increasing knowledge.
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F Hypothesis split skill-relevant data scaling

In Figure 8, we include a comparison of our skill-relevant data scaling analysis between the hypothesis
and held-out splits. Our conclusion from the hypothesis split indeed held on the held-out split, which we
reported in the main text.

N
o
S

»

o

S

L

W
o
o
!
w
g
1=}
L

w

1=}

<)
L

w
1=}
S}

N

a

o
N
o
o

Parameter count (millions)
Parameter count (millions)

T T T T T T T T T T T T T T T T
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Proportion of skill-relevant data Proportion of skill-relevant data
—e— Knowledge average RepoBench —e— Knowledge average —8— Code average
TriviaQA (dev) BigCodeBench TriviaQA BigCodeBench test gen.
NQ (dev) CAT-LM test gen. TriviaQA Wiki HumanEval
SQUAD MultiPL-E HumanEval NQ MBPP
—&— Code average MBXP SQUAD CrossCodeEval
(a) Hypothesis split. (b) Held-out split.

Figure 8: Comparison between hypothesis and held-out skill-relevant data scaling analyses. For both the
hypothesis and held-out splits, we find that knowledge QA exhibits a faster increase in optimal parameter count as
the proportion of skill-relevant data increases, implying that the capacity-hunger of knowledge QA is fundamental
and not an artefact of the datamix.

G Hypothesis and held-out crossover points for aligning the COs

In addition to the held-out set results in the main text, we also include hypothesis set results for our
analysis in which we computed the optimal alignment of knowledge QA and code COs in Figure 9. We
note that the crossover points that align the two COs are similar between the hypothesis and held-out sets.
We report the hypothesis crossover point in the main text to avoid a priori access to the held-out split.
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Figure 9: Comparison between hypothesis set and held-out set code/knowledge scaling ratios. We compute the
crossover point that aligns the COs of the two skills on the hypothesis split (2.1) and find that the crossover point for
the held-out split is similar (2.7). In the main text, we report the hypothesis set crossover point since we do not
assume a priori access to the held-out set.
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H IsoFLOP curves for validation sets

In Figure 10, we show the IsoFLOP curves of the alternative validation sets — FineWeb and FineWeb-Edu
— compared to The Stack. We find that they are all capacity-hungry compared to The Stack, which supports
our findings that The Stack is more code-aligned while the others are mode knowledge QA aligned.
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(a) FineWeb validation. (b) FineWeb-Edu validation.

Figure 10: APE COs and IsoFLOP curves of alternative validation sets. We show the APE optima for various
validation sets. All validation sets are subsampled from open source pretraining datasets, and compared to a
validation set subsampled from The Stack.

I Per-benchmark IsoFLOP curves

We include per-benchmark IsoFLOP curves and residual distribution plots in Figures Figures 11 to 14.
Every benchmark in our hypothesis and held-out sets were capacity-hungry if they were knowledge
QA-based and were data-hungry if they were code-based. We note that we excluded SWE-Bench (Oracle)
from our final averages because its lowest two compute scales were highly skewed towards data-hunger
(which is supported by SWE-Bench being code-based), but the skew was so extreme that the optima was
outside of the parameter count ranges of the models used to estimate the curves.

J Per-benchmark datamix ablation curves

We provide the per-benchmark plots for our datamix proportion scaling experiments in Figures Figures 15
to 18. As with our main results, we find that when we increase the proportion of knowledge QA in the
datamix, we see improved losses for knowledge QA-based datasets and when we increase the proportion
of code in the datamix, we see improved losses for code-based datasets, and vice versa. We also see that
the COs shift toward capacity-hunger as we increase the proportion of skill-relevant data. Again, we note
that we removed SWE-Bench (oracle) from the averages because the 6 x 10'® compute scale was highly
skewed outside of the empirical range.
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Figure 11: Hypothesis split knowledge QA skills. On the hypothesis split, on which we formed our initial
hypotheses about knowledge QA vs code scaling, we found that every knowledge QA dataset exhibited capacity-
hungry scaling.

Held-out knowledge QA: TriviaQA Held-out knowledge QA: TriviaQA Wiki

9 — 9 —
[ Distribution of residuals 134 [ Distribution of residuals
1.4+ 8 8
== Mean
134 %] 1.24 e
© ©
121 @ 6l 1.14 @ 6l
4 2 Capacity- 2104 B > Capacity-
Z 114 254 ungry hungry z ™ 254 hu hungry
Z £ e LD Z £ e
£1.0 S 4 5094 g 4]
] k] © s
] 534 0.8 534
0.9 é 3 é 3
0.8 3 2 0.7 229
0.7 1q 0.6 14
e .\""—"" 01— . - 0 — -
228 22 230 231 232 3 -04 -02 00 02 04 228 220 30 23 232 23 -04 -02 00 02 04
Parameter count Parameter count residuals Parameter count Parameter count residuals
Held-out knowledge QA: NQ Held-out knowledge QA: SQUAD
9 T T 9 T T
1.5 = Distribution of residuals 1.5 [ Distribution of residuals
81 —=— Mean 81 —=— Mean
1.4 84 87
} 1.4+ g
46 46
4 1.34 g Data = | % Capacity-
H 25 ungry =13 254  hungry hungry
N £ el 3 £ e
o 2 aq < 2 4q
© s © 1.2+ s
1.14 33 33
£ 3
1.0 EE 1.1 32
14 14
0.9 o 1.04 ol
228 229 230 231 2% 3 -04 -02 00 02 04 2% 22 2% 3 3 93 -04 -02 00 02 04
Parameter count Parameter count residuals Parameter count Parameter count residuals
Held-out knowledge QA: MMLU
11 9 —
[Z50 Distribution of residuals
~0— 6e+18 8
—0— le+19 8
1.04 =71
—o— 3e+19 S 1
—o- 6e+19 . 361 { -
£ apacity-
—o- le+20 Z 094 25| 1 hungry
—o— 3e+20 2 £ | region
—o— 6e+20 2 < 41
@ 5
—o— le+2l 081 53
—o— 3e+21 £
# skl CO 22
#  APECO 0.7 14

-0.2 0.0 0.2
Parameter count residuals

—-0.4 0.4

Parameter count

Figure 12: Held-out split knowledge QA skills. On the held-out split, which we did not access while forming our
hypotheses, we found that every knowledge QA dataset also exhibited capacity-hungry scaling.
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Hypothesis code: RepoBench

Hypothesis code: BigCodeBench
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Figure 13: Hypothesis split code skills. On the hypothesis split, on which we formed our initial hypotheses about
knowledge QA vs code scaling, we found that every code dataset exhibited data-hungry scaling.
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Held-out code: SWE-bench (oracle) Held-out code: BigCodeBench test gen.
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Figure 14: Held-out split code skills. On the held-out split, which we did not access while forming our hypotheses,
we found that every code dataset also exhibited data-hungry scaling.
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Figure 15: Data mix scaling curves for hypothesis split knowledge QA skills. For hypothesis knowledge QA
datasets, loss improves and COs shift to higher parameter counts with more knowledge and vice versa with code.
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Figure 16: Data mix scaling curves for held-out split split knowledge QA skills. For held-out knowledge QA
datasets except for MMLU, loss improves and COs shift to higher parameter counts with more knowledge and vice

versa with more code. We attribute the noise in the MMLU results to the fact that losses are averaged across MMLU
categories.
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Figure 17: Data mix scaling curves for hypothesis split code skills. For hypothesis code datasets, loss improves
and COs shift to higher parameter counts with more code and vice versa with knowledge. This pattern is much
more clear on code datasets than on knowledge QA datasets.

21



Held-out code: SWE-bench (oracle) Held-out code: BigCodeBench test gen.
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Figure 18: Data mix scaling curves for held-out split code skills. For held-out code datasets except for SWE-
Bench (oracle), loss improves and COs shift to higher parameter counts with more code and vice versa with
knowledge. Note that SWE-Bench (oracle) was ultimately excluded from this analysis, as its lowest compute scale
was so skewed that the estimated optima were typically outside of our empirical range.
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