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Introduction

Several years ago, humanity began an experiment. This experiment is now on track
to become one of the most expensive ever attempted. We don’t yet know what the
results of this experiment will be. Certain results could be transformative. The
experiment could not only alter the dynamics of wealth and power in human life,
but change our basic status as a species: it could put us in contact with alien minds
more capable than our own for the first time. Alternatively, some still predict that
the experiment will be largely a waste of time and energy. Despite its importance,
we don’t have a mature theory backing this experiment. And the number of people
working on such a theory in public is relatively small.
I am referring to the experiment of scaling up deep neural networks. What happens
when we train neural networks, like large language models, with as many parameters
as possible, on as much data as possible, with as much compute as possible? A
handful of private labs are running this experiment at the moment. They will each
spend some tens of billions this year, and possibly hundreds of billions or more over
the next few years. Exactly what new capabilities will the next generation of models
have? What are the limits of this process? And exactly why is so much data and so
much compute needed to train these models in the first place?
Immense resources are staked on these questions.1 Yet we lack clarity on their
answers because deep learning theory is still an immature science. The core source
of uncertainty is a fundamental one: we don’t really know how to think about what
neural networks are doing internally. Of course, a huge amount of academic work
bears on this topic. This includes empirical work on mechanistic interpretability
(Olah et al. 2020; Marks et al. 2024; Wang et al. 2022; Templeton et al. 2024), more
theoretical work on kernels (Jacot et al. 2018; Bordelon et al. 2020; Simon et al.
2021), work characterizing which algorithms transformers can express and learn
(Merrill et al. 2022; Delétang et al. 2022; Dziri et al. 2023), and much else. However,
it still feels early, like we don’t have a unified picture yet. I believe a more unified,
mature science of deep learning would provide the following:

(1) A framework for thinking about the internal mechanisms
that neural networks learn that explains how they generalize.

(2) An account of how various “engineering” choices, such as
architecture, hyperparameters, data, scale, etc., determine
which mechanisms networks learn, and how and when they
learn them.

So far, the works that arguably come closest to this ideal are models of neural
scaling. Such models attempt to describe how neural networks change with increasing
parameters, data, or training steps, and thus at least implicitly articulate a model
of what neural networks do in the first place. Some of these works include Sharma
and Kaplan (2020), Bordelon et al. (2020), Hutter (2021), Bahri et al. (2021), and
Maloney et al. (2022).
In early 2023, I proposed a model of neural scaling, together with Ziming Liu, Uzay
Girit, and Max Tegmark, in a paper called The Quantization Model of Neural Scaling
(Michaud et al. 2023), which we presented later that year at NeurIPS. This paper
was ambitious. It tried to reconcile high-level facts about neural scaling with the
way that mechanistic interpretability folks think about neural networks at a very

1In a recent interview (Amodei 2025), Dario Amodei estimated that “I would say maybe 20
trillion of capital is on the side of ‘accelerate AI as fast as possible’.”
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low level. It made some strong, though informal, conjectures about the structure
of data and the structure of the solutions that neural networks learn. It tried to
articulate a more unified picture.
Over the last two years, I have been thinking a lot about that paper and its ideas—
2about the parts that I am proud of, as well as the limitations of our theory. In
this post, I’ll share some of these thoughts. I’ll first give a refined statement of our
theory and its motivation. I’ll then discuss a variety of topics related to the theory,
including its connection to topics in mechanistic interpretability. I’ll also discuss
various potential problems with the theory itself and how/whether these problems
might be resolved. Ultimately, this discussion will end up being pretty academic.
This essay does not give satisfying answers to the most practically relevant questions
today about neural scaling. Yet I hope that this discussion will, in the bigger picture,
still help make progress on one of the most important open questions today.

What are neural networks doing internally,
and what happens when we scale them up?

Note: People mean different things when they talk about
“scaling” these days. In this post, I am just focused on
understanding pretraining scaling. But even if posttraining
scaling will be more important for improving AI capabilities
going forward than scaling pretraining, I suspect that the
discussion here will still be relevant, and that further progress
on our ability to pretrain on a wide distribution of data will
have a role to play in improving AI capabilities over the
coming years. Alternatively, if pretraining has essentially
plateaued, we ought to be curious about why it has and what
it means for what comes next.

1 The theory: “quanta” of learning

How does scaling change what neural networks learn? How do larger networks
pretrained on more data end up being different from smaller networks trained on
less data? We would like a theory of neural scaling that explains both how network
performance and network internals change with scale.

1.1 Background

The most important fact about neural scaling is that network performance, in the
aggregate, is predictable. Across domains and network architectures, a large number
of studies (Hestness et al. 2017; Rosenfeld et al. 2019; Kaplan et al. 2020; Henighan
et al. 2020; Zhai et al. 2022; Hoffmann et al. 2022) have observed that mean test
loss, taken across the whole data distribution, scales smoothly as a function of the
resources used to train the network. In particular, mean loss scales as a power law
with the number of network parameters, the number of samples in the training set,
and the number of steps of training. These predictable loss curves are referred to
as “neural scaling laws”, and since the loss follows a power law, they appear as a
straight line on a log-log plot:

2All content in this post was authored by me and not by LLMs—I just like em dashes.

3



Figure 1 of Kaplan et al. (2020), showing neural scaling laws for language models w.r.t.
compute, data, and number of network parameters. When network size is large (not a

bottleneck), then loss scales with D, the number of tokens in the training corpus as
L(D) ∝ D−0.095. When data is not the bottleneck, then loss scales with N , the number of
(non-embedding) parameters in the network, as L(N) ∝ N−0.076. Each of these are power
laws in D and N respectively. The total compute used to train the network is C ∝ N × D,

and with an optimal choice of N and D for a given compute budget C, loss scales with
compute as a power law too: L(C) ∝ C−0.050.

It is fascinating that there is this kind of predictable order to neural network
performance. As in thermodynamics, where the macroscopic behavior of systems of
many particles is predictable (e.g. doubling the temperature of a gas doubles its
pressure), the macroscopic properties of neural networks, systems of many parameters,
vary predictably too. While scaling laws like this are fairly ubiquitous in nature
(West 2017), it is striking that modeling human language, a task so complex and
perhaps indicative of intelligence, would also be so predictable.
The discovery of these scaling laws was also, more practically, a key motivator for
Dario Amodei and others at OpenAI to scale up large language models around 2019.
As long as the scaling curve has not leveled off, then there are predictable gains
to be made just by scaling up existing techniques. And so that is roughly what
OpenAI did to go from GPT-2 to GPT-3. And just scaling things up unlocked a
range of capabilities that were not present in smaller models at the time.
While network performance in the aggregate, as measured by the mean cross-entropy
loss, scales predictably, more narrow properties of models, such as their performance
on specific tasks, can be harder to predict. Indeed, it seems that for some abilities,
larger models can be sharply more capable than smaller models. Such abilities, which
large models possess but small models qualitatively do not, are said to “emerge”
with scale (Wei et al. 2022). Here are some examples of the scaling behavior for
such “emergent” abilities:
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Figure 2 of Wei et al. (2022), showing “emergent” abilities of large language models, where
performance is negligible below some threshold of scale and then jumps up after some

critical scale.

Figure 2 of Ganguli et al. (2022), showing some additional LLM emergent abilities. This
figure compiles data from Brown et al. (2020), Rae et al. (2021), and Austin et al. (2021).

One fun example of an emergent ability was demonstrated in the original GPT-4
release live demo back in March 2023, when Greg Brockman showed that GPT-4
could write a summary of an article using only words starting with the letter ‘G’.
Greg also gave GPT-3.5 this task, and it failed completely.
Sharp transitions in language model performance can also be observed over the
course of training for an individual model. The canonical example of this is the
“induction heads” phase change documented in Anthropic’s In-context Learning and
Induction Heads (Olsson et al. 2022). One thing that transformer-based LLMs learn
early in training is to be able to copy arbitrary subsequences that occur in the
context. So if [A][B] occurred earlier in the context, and the current token is [A],
then LLMs are very good at predicting [B] as the next token, for arbitrary [A] and
[B]. Anthropic described the circuit that implements this operation (it requires two
self-attention layers), and found that it forms early in training, producing a sharp
transition in the model’s subsequence copying capability:
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Figure from Olsson et al. (2022) showing that the “prefix matching score” jumps sharply
during transformer training, as long as the model has at least two self-attention layers.

These sorts of “phase changes” are somewhat common (though not necessarily
universal) when training neural networks on algorithmic tasks (tasks that can be
solved by short Turing machines). Neel Nanda documented several of these in his
post on grokking (Nanda and Lieberum 2022). One clear example, which I found
when playing around with these sorts of tasks, is the particularly sharp transition
exhibited by transformers trained to classify whether strings are palindromes, where
loss plateaus at 1 bit of cross-entropy and then drops suddenly:

Learning curve for a 5-layer GPT-2 style transformer trained to output whether the
sequence seen so far is a palindrome.

It feels like there is some tension between the smoothness of neural scaling laws and
the discreteness of emergent abilities. To understand this tension, let us consider
another model of neural scaling, that of Sharma and Kaplan (2020).
Sharma and Kaplan propose a simple model of neural scaling. In essence, they
make a very general argument from approximation theory. If we think about neural
networks as learning to approximate some true target function, then larger networks
can approximate this function with higher precision, and scaling them up gradually
improves the resolution of this approximation.
To illustrate this principle, below I plot the scaling curve of test error for a piecewise
linear approximation to an arbitrarily-chosen function R2 → R. We see (left) that

6



as we increase the resolution of this piecewise linear approximation, requiring our
model to “memorize” the value of the function at more points, that mean squared
error eventually settles into smooth power law scaling (right). “Training” points,
which the model interpolates between, are shown in the x-y plane below the surface
of the function on the left.

A frame from an animated visualization of piecewise-linear function approximation. As
resolution increases, mean squared error settles into power-law scaling.

This view can explain scaling laws, and does seem to describe neural scaling on some
datasets, but it also seems to conflict intuitively with the more discrete transitions
in performance we can observe when training language models. In these discrete
transitions, like in the “induction heads” example, the network learns an algorithm
that allows it to generalize in a manner that is more sophisticated than merely
interpolating between training points.
It seems more natural to me to think about large language models as consisting
of a large number of computational modules, each implementing some specialized
algorithm. This is like in Marvin Minsky’s “Society of Mind” picture (Minsky 1986),
where minds are thought of as being composed of many individually mindless “agents”.
If each such algorithm were learned in a discrete transition, like the induction and
palindrome examples above, then how could we reconcile this with the smoothness
of neural scaling laws?
We will explore the following resolution: that phase changes are indeed real and
common, but that each phase transition individually only affects network performance
on a small fraction of the data, and so the mean loss can decrease seemingly smoothly
as these transitions occur at different times. The discreteness is “averaged out” in
the mean loss. We will see that to recover power law scaling of the loss, we must
assume that there is a power law deep in the statistics of the data.
This basic way of thinking was suggested in Nanda and Lieberum (2022), mentioned
earlier. Neel speculated that “phase changes are everywhere”:

. . . larger models are made up of many circuits and, though each circuit
may form in a phase change, the overall loss is made up out of the
combination of many different capabilities (and thus many different
circuits). And circuits of different complexity/importance likely form
at different points in training. So the overall loss curve is actually the
sum of many tiny phase changes at different points in training, and this
overall looks smooth and convex. Regularities in loss curves like scaling
laws may be downstream of statistical properties of the distribution of

7



circuits, which become apparent at large scales.

In our paper on scaling, The Quantization Model of Neural Scaling (Michaud et al.
2023), we sharpened up this basic picture into a more precise model of neural scaling,
and then performed a variety of experiments to explore whether something like this
picture could really be going on. I’ll now summarize this work.

1.2 The Quanta Hypothesis

What sort of mind does pretraining produce? What must be learned, to minimize
loss in predicting the next token, across all the tokens in all the documents on the
internet?
I think the answer is an immense conglomeration of different skills and pieces of
knowledge. There is a huge amount of information conveyed in language, and there
are also a huge number of different computations that are performed in the processes
that have produced the text on the internet. This information, and these algorithms,
would ideally be learned by our language models (Gwern 2020; janus 2022).
Let’s imagine that we could enumerate all of the pieces of knowledge and algorithms
that networks ought to learn. Our core assumption is the following: for any piece of
knowledge or algorithm that a network ought to learn, it will either be fully learned
or not learned at all. It is not optimal for any network to allocate some capacity
to halfway learning some algorithm and some capacity to halfway learning another.
Either you succeed in implementing a computational module in the weights or you
do not. We call this basic assumption, of discreteness, the “quanta hypothesis” or
“quantization hypothesis”:

Networks must learn a variety of modules, each implementing
a different algorithm or retrieving a different piece of knowl-
edge. These modules are discrete, in the sense that they are
either fully learned or not learned at all. We call these the
quanta.

In using this terminology “quanta”, we are making an analogy to physics, to Max
Planck’s assumption in 1900 that energy comes in discrete packets: energy quanta.
Here we make a similar assumption that learning is quantized, and comes in discrete
chunks.
We just need one more assumption about these quanta, which is that some quanta
are much more frequently needed than others. For each “quantum”, we can imagine
identifying all the tokens across the corpus on which that quantum helps the model
do prediction better. Some quanta might be needed on a very large fraction of tokens
but others might only be relevant for a few tokens. This seems pretty intuitive—some
knowledge is very frequently referenced in text, and other knowledge is quite esoteric,
and so rarely needed when predicting the next token. We can imagine that these
frequencies could vary over several orders of magnitude. In order to recover neural
scaling laws, we need to assume the following:

The “use frequencies” of the quanta naturally follow a power
law.

Let’s order the quanta according to their “use frequency”. We refer to the set of
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quanta, ordered in this way, as the “quanta sequence”. Soon we will argue that
the effect of scaling, either in parameters or data, is to simply add more and more
quanta to the network in the order of the quanta sequence. Altogether, this gives an
extremely simple picture of neural scaling: scaling simply adds discrete modules, of
increasing nicheness, to the network:

Let pk be the use frequency of the kth quantum, the fraction of tokens on which it
influences the model’s prediction. Our assumption is that pk ∝ k−(α+1), a power
law. Let’s assume that adding some quantum to the model reduces the model’s
loss by an amount ∆, on average, on the tokens on which it influences the model’s
prediction. On other tokens, that quantum doesn’t influence the model’s loss. So if
we learn quantum k, this lowers the mean loss, across the whole corpus, by ∆ · pk.
We assume that this ∆ is the same across all quanta.
What if we learned the first n quanta? Then the mean loss is:

L(n) = L(0) −
n∑

k=1
∆ · pk,

where L(0) is the model’s loss when no quanta have been learned. For instance, we
could imagine L(0) being the loss of a model that outputs a uniform distribution
over the tokens, or which outputs the individual token frequencies, but otherwise has
learned no knowledge or sophisticated computational modules. If pk = Ak−(α+1),
we can approximate this sum as an integral, giving:

L(n) ≈ L(0) − ∆ · A

∫ n

1
k−(α+1) dk

= L(0) − ∆ · A

[
k−α

−α

]n

1

=
(

L(0) − ∆ · A

α

)
+ ∆ · A

α
n−α

and so:
L(n) ≈ L∞ + Cn−α.

where C = A∆/α.
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It may be unrealistic to assume that ∆ is constant for all quanta, but I think as long
as the true ∆k are independent across k then this would just add a bit of noise that
would be averaged out and not affect the scaling law much once you get far enough
out along the quanta sequence. We have shown that the mean loss scales as a power
law in the number of quanta learned n. But the number of quanta learned is an
abstract quantity, and neural scaling laws are measured w.r.t. network parameters
or dataset size, so we need to do some additional work to argue how these resources
influence how many quanta networks can learn:

Parameter scaling. Let’s imagine we train a network on plentiful data, so data
is not a bottleneck. What will the network learn? Optimally, it will learn as many
quanta as it has capacity for, in order of frequency, because the most frequent quanta
reduce the mean loss the most. If the network has N parameters, and on average
each quantum requires c parameters of capacity to implement, then the number of
quanta learned will be roughly n ≈ N/c. We therefore get scaling w.r.t. network
size: L(N) ≈ L∞ + C(N/c)−α so:

L(N) ≈ L∞ + CN N−α

where CN = Ccα. We see then that the neural scaling law w.r.t. parameters has
slope αN = α. So our power law in the quanta frequencies with slope α+1 translates
directly into a power law in the loss with slope α.

Data scaling. Let’s imagine we do multi-epoch training with a total of D samples,
with a large network, so network capacity is not the bottleneck. How many quanta
can we learn? Well, for rare quanta, where pk ≪ 1/D, it is unlikely that any tokens
involving that quantum will be in the dataset, and so it won’t be learned (the
training data does not give any incentive/signal to learn it). Let’s imagine that,
in order to learn some quantum k, τ samples (tokens) involving quantum k must
be in the training dataset. Clearly, the early quanta with higher pk will be more
likely to be learned than the later quanta. Roughly, the scale n of the last quantum
learned will satisfy: τ ≈ Dpn. So if pk = Ak−(α+1), then we get n = (AD/τ)1/(α+1).
Plugging this into L(n), we get:

L(D) ≈ L∞ + CDD−α/(α+1)

where CD = C(τ/A)α/(α+1).

Step scaling. What about scaling in training steps S for single-epoch training?
We could use a similar model as above, where a certain number of samples need
to be seen in training before a quantum can be learned, which would yield the
same scaling law. We also suggest the following model: since the amount that each
quantum reduces the training loss follows a power law, perhaps the magnitude of
the gradients for learning each quantum also follow a power law, and so SGD would
converge at different rates for learning each one. If the “distance” the network has
to move is the same for each quantum, and the “velocities” (gradients) in learning
each quantum follow a power law, then the time (steps) S = distance

velocity needed to learn
the nth quantum will be S ∝ 1/pn ∝ nα+1, and so after S steps, the first n quanta
will be learned where n ∝ S1/(α+1), giving us:

L(S) = L∞ + CSS−α/(α+1) .

This has the same scaling exponent as our scaling law for multi-epoch data scaling
above.
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The big picture

This theory appeals to me because, if true, it would give us a natural set of objects
to study in trying to understand neural networks: the quanta. These are like the
elements of the Periodic Table3, or, better, like all the genes in an organism’s DNA—
we could imagine actually enumerating them. For instance, the induction mechanism
mentioned above might be the first quantum in the quanta sequence. Somewhere
much later along the sequence, at an index we could imagine one day roughly
identifying, there’d be a quantum that enables the model to only output words
starting with a given letter, which GPT-3.5 did not have the capacity or training
time to learn, but which GPT-4 did reach. For each quantum in the sequence, we
could ask what that quantum does—what piece of knowledge it represents, or what
algorithm it implements. We could identify what data that quantum is helpful in
predicting and therefore caused that quantum to develop during training. We could
track any quantum’s evolution during training, and ask at what scale of compute it
tends to be learned.
This theory also provides a straightforward explanation of emergent abilities: they’re
just the result of new quanta being learned. Furthermore, if we could somehow
estimate the “use frequencies” (on the pretraining distribution) of some quanta we
haven’t yet learned, we could forecast the scale at which those quanta would be
learned in future pretraining runs.
We imagine that models are fundamentally modular—in some manner, they can
be decomposed into parts that can be understood independently. In hoping to
understand large networks mechanistically, we could imagine enumerating which
quanta that model had successfully learned, and then for any given sample identifying
which quanta influenced the model’s output on that sample. This is heavily inspired
by preexisting ideas in the mechanistic interpretability community, particularly by
Chris Olah and his collaborators. Indeed, on Twitter in 2022, Chris Olah said he’d
like to see a “more circuits-y” theory of neural scaling (Olah 2022), and I think that
the quanta model is one such approach. If the quanta are akin to what Chris calls
“circuits”, then all we are saying here is that scaling laws arise from an underlying
power law distribution over how frequently different circuits are needed by the
model. There has been substantial recent progress in the mechanistic interpretability
community towards identifying “features” with sparse autoencoders, and I will say a
bit about the relationship between features, circuits, and quanta later in this post
(Section 2).
In order to recover power-law neural scaling laws, we had to assume that the “use
frequencies” of the quanta follow a power law. Why would this be the case? I’m
not sure, but Zipfian distributions are common in text (e.g. word frequencies), so
it doesn’t seem implausible that there’s something a bit more abstract underlying
text that’s Zipfian. Speculatively, I wonder whether the quanta theory, and this
question about use frequencies, are actually gesturing at something quite deep. If our
neural networks are learning to reproduce the “rules” (Altman 2024) and processes
that generated the data they are trained on, then the quanta hypothesis is really
a hypothesis about the processes that produced text: human minds. Perhaps our
minds are similarly decomposable into parts, and the “use frequencies” are really
the frequencies at which these parts—all the ideas that inhabit human minds—were
alive and active in the thinking and writing process that has produced our corpus of
text across history.

3This reference to the periodic table in the context of universality in interpretability comes first
from Chris Olah’s writing in Zoom In (Olah et al. 2020).
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1.3 Multitask sparse parity

How does this theory make contact with reality? We will first show that the quanta
hypothesis roughly describes neural scaling when the data has the right structure.
Then the question will just be whether natural datasets, like autoregressive language
modeling, have this sort of structure.
To do this, we will train neural networks on a synthetic task called multitask sparse
parity. This is a binary classification problem on binary strings. Sparse parity had
been recently studied by Barak et al. (2022), as a synthetic task where networks
exhibit sharp transitions in performance during training. For instance, here is a
learning curve for a ReLU MLP with a single hidden layer on sparse parity:

Again, this is a binary classification problem on binary strings. To define the task,
some subset of the bits of the string are chosen (e.g., for 100-bit strings, indices
{17, 53, 89}), and then the label of that string is the parity (sum modulo 2) of that
subset of bits. To solve the task, the network has to figure out which bits to compute
the parity of, just from the labeled training samples. The input strings are drawn
from a uniform distribution. Typically, loss plateaus at 1 bit but then drops, giving
us a non-convex loss curve.
We will construct a multitask version of sparse parity. To do this, we introduce extra
bits to the input, which we call the “control bits”. If we want ntasks subtasks, we add
ntasks control bits to the beginning of our input strings, with n bits after these called
the “task bits”, for a total of ntasks + n bits. For each subtask i ∈ {1, . . . , ntasks},
we sample a random subset Si of k bits from the task bits. The ntasks control bits
one-hot encode the subtask, so if bit i is a 1, then the label for that string is the
parity of the task bits Si for that subtask. We impose a power law distribution over
the subtasks, so the probability that bit i is a 1 (and all other control bits are 0) is
pi ∝ i−(α+1).

The training dynamics on this task are really beautiful. We train ReLU MLPs
with a single hidden layer using the Adam optimizer. Here is how the loss for each
subtask (colored dark blue to yellow), and the mean loss (colored red), evolves
during training:
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Training dynamics for a network trained on multitask sparse parity (final frame of an
animated visualization).

We see here that while the mean loss decreases gradually, the network’s loss on each
subtask drops more sharply, and these subtasks are learned at different times. The
network achieves ≈ 0 loss on the most frequent subtask after 103 steps, but learns
the less frequent subtasks multiple orders of magnitude later (like after 105 steps).
The experiment for the plot above generated batches in an online manner, with a
large enough n so that samples were unlikely to be seen multiple times in training,
so this experiment was a study in scaling w.r.t. steps in the single-epoch regime. We
can also study scaling w.r.t. parameters, by training networks of varying width in
the same manner. And we can study scaling w.r.t. data in the multi-epoch regime
by training wide networks on finite datasets of varying size and using early-stopping
(taking the checkpoint where the test loss was lowest). Here are the combined results
from scaling parameters, steps, and data, showing mean loss scaling (top) and scaling
broken down by subtask (bottom):

Figure 2 of Michaud et al. (2023), showing scaling behavior on the multitask sparse parity
datasets. The top plots show how mean loss scales with parameters (proportional to

network width here), steps, and training set size, and the bottom plots show how scaling
decomposes by subtask. We see that as we scale up network size, steps, and data, the

network achieves ≈ 0 loss on more and more subtasks, roughly in order of their frequency.
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In line with the quanta model above, we see that tasks are learned roughly in
descending order of frequency in all regimes of scaling. As we train larger and
larger networks (left), we get roughly power law scaling in mean loss (top left),
and this averages over a bunch of discrete transitions as loss is brought from 1 bit
of cross-entropy down to 0 bits of cross-entropy on an increasing number of tasks
(bottom left). A similar story applies to multi-epoch data scaling (right).
So the quanta model roughly describes neural scaling on multitask sparse parity:

• The task decomposes into parts: our networks
must learn a variety of subtasks.

• Discreteness: our networks achieve trivial perfor-
mance (1 bit of cross-entropy) on most tasks for most
of training, then transition to good performance (~0
bits of cross-entropy). For most of training (on a log
scale), our networks either have learned or not learned
a subtask.4

• Scaling: scaling either data or network size simply
increases the number of subtasks learned, roughly in
order of frequency.

Before moving on, I will say one thing, which is that the empirical scaling exponents
αN , αS , αD that we measure on multitask sparse parity do not always relate precisely
to the subtask distribution exponent α in the manner that the quanta theory predicts.
For instance, the relation αN = α does not hold precisely across all α. See Figure 10
of the paper for more on this. Ultimately I’m not sure why this is! Is it some artifact
of how we’re measuring the scaling exponents? Are we subtly wrong about how
scaling N , D and S changes the number of quanta learned n? Later in this post
(Section 8) I’ll discuss related issues with applying the quanta theory to LLMs—it
is possible that these discrepancies with the scaling exponents in multitask sparse
parity hold clues for improving the theory more generally.

1.4 Large language model scaling

Does the quanta model describe the dynamics of training and scaling for large
language models?
As a starting point, we can look at scaling curves on individual tokens. Here, by
“token”, I mean a particular token in a particular document. One possibility is that
all per-token scaling curves look like discrete transitions, dropping rapidly after some
initial plateau. Another possibility is that all curves will look like the mean loss,
decreasing smoothly. If the loss on all tokens decreased smoothly like the mean loss,
that would be a problem for our theory.
In practice, we find that the situation is more complicated than these two extremes.
We study this with the Pythia suite of language models trained by Eleuther AI
on The Pile corpus (Biderman et al. 2023). The Pythia models range from the
10s of millions of parameters up to roughly 10 billion parameters, with over 150

4I should note however that the paper that brought the sparse parity task to my attention,
Hidden Progress in Deep Learning: SGD Learns Parities Near the Computational Limit (Barak
et al. 2022) actually argues that the underlying learning dynamics aren’t discrete at all! In fact,
one can track the network’s gradual progress internally during training, even if that progress isn’t
apparent from looking at the loss. I think this does reveal a problem with our theory, which is that
we don’t have a formal definition of what “discreteness” means in the learning process.
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intermediate training checkpoints available for each model. This allows us to study
scaling in both parameters and training steps.
Below, I show some examples of curves with different scaling behavior w.r.t. network
size (parameters). The overall scaling curve w.r.t. parameters is a smooth power
law, which averages over a large number of per-token scaling curves like these:

Some cherry-picked per-token scaling curves. The token highlighted in red is the token
which the networks are tasked with predicting from the context and which we report the loss

on.

If we assume the quanta hypothesis, then samples that have smooth scaling behavior,
showing improvement at multiple scales, must be benefitting from multiple quanta
that are learned at different scales. We call such samples “polygenic”, in an analogy
to how polygenic traits are influenced by multiple genes. When samples show
improvement at only one scale, we assume they are “monogenic”, involving a single
quantum.
We can also visualize per-token scaling curves over the course of training for a single
model. I created some interactive plots for viewing a large number of these curves
on my Space of LLM Learning Curves (Michaud 2024) post, and which I’d strongly
recommend checking out:

https://ericjmichaud.com/llm-curve-visualization
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What is apparent from looking at a large number of per-token training curves is that
the mean loss is averaging over lots of different per-token curves whose behavior is
quite diverse across tokens. Some loss curves drop quite sharply early in training,
other loss curves drop more gradually, and others exhibit stranger behavior like
inverse scaling. Here are some screenshots from that interactive plot:

Per-token training curves for the Pythia models show diverse behavior (1/2). See the
interactive plot.

Per-token training curves for the Pythia models show diverse behavior (2/2). Across the
interactive plot, we can see phase transitions, inverse scaling, and other behaviors in

different regions of the scatter plot.
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For the theory, it perhaps would have been ideal if all per-token scaling curves
exhibited sharp drops. Instead, we observe that lots of per-token scaling curves have
smoother scaling behavior. To reconcile this with the quanta hypothesis, we must
assume that most samples are somewhat polygenic. This seems like a reasonable
assumption to me—for lots of tokens, it makes sense that lots of different heuristics
could be involved in predicting that token. However, I also worry that we are adding
epicycles to the theory, and it may instead be more parsimonious to reconsider our
basic assumption of discreteness. I will continue with this discussion in the section
below on emergence (Section 4), and also in a later discussion on the role of noise in
these experiments (Section 6).

1.5 Discovering quanta

If the task of language modeling does in fact decompose into a large set of atomic
skills, what are these skills? What are the quanta in LLMs?
We’d like to automatically discover these quanta. An ideal scheme would enumerate
a set of mechanisms in the model and also identify which mechanisms were involved
in generating the model’s output on each token. We propose a method that is a bit
more limited than this. It effectively only identifies one mechanism per token, and
so assumes that all tokens are monogenic. Nevertheless, this method still finds some
really interesting behaviors automatically.
We applied our method to a small LM, again from the Pythia series, pythia-70m.
Then, we filter the tokens—we only consider tokens that pythia-70m predicts confi-
dently and correctly—tokens that the model gets low loss on. If our LLM does not
have any mechanisms for predicting some token well, we don’t want to attempt to
discover such a mechanism. We also filter out tokens that are part of a subsequence
that occurred earlier in the context (there are a large number of such tokens that our
model gets low loss on due to the induction mechanism mentioned earlier). Then,
for a subset of such tokens (we did 10,000 tokens) we compute the gradient of the
model’s loss on that token w.r.t. its parameters. Lastly, we apply spectral clustering
to these gradient vectors. This gives us clusters of tokens that have similar gradients.
Our intuition here was that if a model uses similar mechanisms when predicting
different samples, the gradients will be similar on those samples.
Spectral clustering computes the cosine similarity between all pairs of gradients.
We visualize this matrix of pairwise cosine similarities on the left plot below. If we
order the samples according to their cluster, these clusters appear as blocks along
the diagonal of this matrix. We show how cluster sizes decay on the right subplot:
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Left: a small section of the pairwise similarity matrix between language model gradients.
Gradients are approximately orthogonal on most samples, but samples that may use similar
mechanisms have gradients with nontrivial similarity. Right: cluster sizes vs. cluster rank
(the y axis should say cluster size instead of cluster frequency). Our theory predicts that

cluster sizes would decay as a power law.

This method identifies lots of interesting clusters. Here are five samples from a
couple of the most interesting clusters:

Figure 1 of Michaud et al. (2023).

The token highlighted in red is the token on which the model’s loss was backprop’ed
on. On the left, we see a cluster of tokens that all involve predicting a number to
continue a numerical sequence. This cluster has revealed a basic LLM skill: counting!
Even small language models learn this skill, since it is so common to see numbered
lists in text on the internet. On the right, we see a separate cluster of newlines
being predicted by the model. What these samples have in common is that they are
newlines in line-length-limited text. This corresponds to the skill of counting the
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length of lines, and then predicting a newline to maintain the length of the previous
lines5!
These examples are cherry picked. Some of the clusters are totally incoherent, and
most of the rest reflect much simpler patterns. Here is an interactive webpage for
visualizing all the clusters:

https://quanta-clusters.streamlit.app

While we obviously haven’t fully enumerated the quanta in LLMs with these experi-
ments, I still find them super cool. In a totally unsupervised manner, we were able
to discover some pretty interesting narrow skills of a language model (incrementing
sequences, counting line lengths). The fact that these are relatively large clusters
also tells us that these skills are very commonly needed when predicting text on the
internet.
In the paper, we also noticed that the envelope of the cluster rank versus cluster
size curves, across different choices of nclusters, eventually might follow something
like a power law. However, this is super informal, and given the limitations of the
clustering method itself, we ought to be cautious about interpreting this as decisive
evidence for the theory.
However, we could imagine one day having a much better method for automatically
decomposing language models into parts. In some ways, this has been the central
focus of mechanistic interpretability research over the last two years, which I’ll
discuss below (Section 2).

1.6 Related work

Our work built on the work and ideas of many others. It has also been heartening
to see people build on our work over the last few years. Here are just some of my
favorite prior and subsequent works:

Hutter (2021). Arguably the closest prior work to ours is Marcus Hutter’s very
nice Learning Curve Theory (Hutter 2021). Hutter develops a toy model of data
scaling where (1) the learning algorithm must learn a set of discrete “features”, (2) a
feature is learned if it is present in at least one sample from the training set, where
each sample only has one feature, and (3) the features are power-law distributed
in frequency. Hutter shows that this toy model gives rise to a power law in the
expected loss w.r.t. training set size and training steps via theoretical derivations
and toy mathematical experiments.
While Hutter also assumed that the learning problem decomposes into learning a set
of discrete things, he considered a simple “tabulation learning algorithm” that simply
stores previously seen features. For neural networks, it’s not clear a priori that the
learning problem would decompose in this way, and I think it was worthwhile for us
to place a lot of emphasis on this assumption, name it, and test it empirically. In our
multitask sparse parity experiments, we showed that real neural networks can exhibit
scaling behavior like that predicted by our model. And we also studied scaling w.r.t.
parameters in addition to scaling w.r.t. data. Overall, we were motivated by a set of
empirical observations, particularly around real-world network training dynamics

5A recent paper from the Anthropic interpretability team (Gurnee et al. 2025) analyzed in great
detail how Claude implements the linebreaking behavior (it appears universal between the tiny
model we studied and Anthropic’s much, much larger model) and found that there is a beautiful
structure to how models represent the line length. We discuss this paper again later in the post in
the section on sparse autoencoders and feature manifolds (Section 2).
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that mechanistic interpretability folks had observed, and I like the empirical focus
of our work and the simplicity of its presentation.
One concrete difference between the model of data scaling in Hutter’s work and
ours is that Hutter assumes that the number of relevant data samples needed to
learn some feature is τ = 1, whereas we assume that τ > 1. Having a threshold
τ > 1 is likely more realistic for neural networks—these sorts of thresholds, where a
particular number > 1 of samples is needed to learn some algorithm that generalizes,
has been observed in the literature on grokking (Nanda et al. 2023; Varma et al.
2023; Liu et al. 2022). When I simulate Hutter’s model, I find that with τ ≫ 1 there
is less noise in the learning curves across “runs” (10 runs for each τ) and the features
(quanta) are learned in an order that much more closely follows the frequencies of
the features:

Saxe et al. (2013). The idea that the training process proceeds in a series of
sharp transitions is not new. In the study of deep linear networks, pioneered by Saxe
et al. in Exact solutions to the nonlinear dynamics of learning in deep linear neural
networks (Saxe et al. 2013), one finds that networks learn singular vectors of the
input-output correlation matrix in order of their singular value. The “quanta” for
linear networks are the singular vectors. When network weights are initialized to be
small, the transition times at which these singular vectors are learned become more
separated, and the overall loss over training exhibits a series of clear, sharp drops.
This setting was further studied by Saxe et al. in A mathematical theory of semantic
development in deep neural networks (Saxe et al. 2019), who train linear networks
on data with hierarchical structure, where the successive learning of singular vectors
can be interpreted as learning successively finer conceptual distinctions in that data.
So the overall picture of learning in linear networks follows something like the quanta
model, with the bonus that the learning dynamics are analytically understandable
and the quanta hypothesis is not a conjecture but can be derived (assuming the
singular values of the input-output correlation follow a power law). Of course, the big
question is whether a conceptually similar story applies to large, nonlinear networks
trained on real-world data, and this question is the substance of our paper.

Bordelon et al. (2020). Another very closely related work is Spectrum Dependent
Learning Curves in Kernel Regression and Wide Neural Networks by Blake Bordelon,
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Abdulkadir Canatar, and Cengiz Pehlevan. They show that the generalization
error of kernel regression can be written as a sum over “contributions from different
eigenmodes”, similar to how we ended up writing our loss as a sum over quanta. They
also show that the expected error decays as a power law if the kernel’s eigenvalues
decay as a power law. This is a really nice, rigorous picture, and our model ended
up having a similar sort of structure with less rigor but perhaps more ambition.
Whereas we worked backwards from empirical observations about neural scaling,
Bordelon et al. worked forwards from the mathematics of kernels (though with an
assumption about the structure of the data). A big question with these sorts of
kernel regression papers is just how well the dynamics of real-world neural networks,
particularly LLMs, are described by kernels (Vyas et al. 2022). Blake, Alex Atanasov,
and Cengiz have continued in this direction in more recent work (Bordelon et al.
2024).

Simon et al. (2021) and Simon et al. (2023). Similar to Bordelon et al., in The
Eigenlearning Framework: A Conservation Law Perspective on Kernel Regression
and Wide Neural Networks (Simon et al. 2021), Simon et al. analyze kernel regression
in terms of the “learnabilities” of different kernel eigenmodes. They find a dynamic
where the eigenmodes compete for a finite “learnability” resource that is proportional
to the number of training samples. As the number of samples is scaled up, an
increasing number of modes transition from being essentially unlearned to essentially
learned, in order of their eigenvalues. So again, the quanta model is quite similar to
the story of data scaling one can derive mathematically in kernel regression, if one
assumes that the kernel eigenvalues follow a power law. I was ignorant of most of
the kernels literature when writing our paper, but it’s striking that one can derive
from first principles a picture similar to the one that we had merely conjectured.
Within a week of our preprint being released in March 2023, Simon et al. released
On the Stepwise Nature of Self-Supervised Learning (Simon et al. 2023). They
study a self-supervised learning task where learning proceeds as a series of “discrete,
well-separated steps”. This is another task, like multitask sparse parity, that could
perhaps capture some of the dynamics, particularly around emergence, we are
interested in understanding in real-world networks:

Figure 1 of Simon et al. (2023), showing learning dynamics that proceed as a series of
discrete steps.

Bahri et al. (2021). Another important piece of prior work is Explaining Neural
Scaling Laws by Bahri et al., who essentially try to unify the “approximating a
function defined on a manifold” picture of Sharma and Kaplan (2020) with the kernel
picture we’ve just discussed. This conversation is subtle and probably deserves
a separate post. But they refer to a result from Weyl (1912) that relates the
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eigenspectrum of kernels to the dimension of the manifold they are defined on.
Via this argument, there may be a way of unifying the “resolving a function on a
manifold” view and the “learning proceeds in a series of steps” view, although it is
still possible that much of what real-world LLMs do is somehow not captured by
this theory—their experiments are only on vision datasets, and not on language.

Nam et al. (2024). In An exactly solvable model for emergence and scaling laws
in the multitask sparse parity problem, Nam et al. develop a more formal model
of learning on the multitask sparse parity problem. It was great to see this more
theoretical study building on our empirical work, and to see the paper accepted at
NeurIPS last year.

Neumann and Gros (2024). In AlphaZero Neural Scaling and Zipf’s Law: A
Tale of Board Games and Power Laws, Neumann & Gros attempt to apply the quanta
model to explain the neural scaling laws seen in game-playing RL. In particular,
they find that the frequencies at which different game states are visited typically
follow a power law, and they attempt to connect this power law to the scaling laws
their RL setup exhibits. Intriguingly, they find that the games where RL exhibits
inverse scaling behavior are also the games where the state distribution exhibits
unusual structure where end-game states have high frequency (in contrast to games
like chess where particular end-game board states are likely never repeated). This
paper has me wondering whether there might be some theory, for LLMs, that unifies
pre-training and RL (“reasoning”) scaling laws, and perhaps some quanta-like story
in terms of frequencies will have a role to play there.

Brill (2024). In Neural Scaling Laws Rooted in the Data Distribution, Ari also
makes an attempt at unifying the “function approximation on manifold” theories
of neural scaling with theories like ours that assume a power-law distribution over
discrete subtasks. He does this by proposing a percolation model of data, where
different tasks each have some intrinsic value p, the probability that “adjacent pairs”
of data elements are “connected”. Above some threshold pc, the data is connected
in a single structure and the Sharma and Kaplan (2020) story holds. Below this
threshold, a transition happens and the data is broken into lots of clusters (data
manifolds) that are power-law distributed in size. Ari then develops a model of
neural network parameter scaling, where neural networks allocate different amounts
of capacity towards learning functions on the different data clusters. In this model,
there turn out to be two regimes, both producing power law scaling. In one regime,
the scaling exponent αN is still determined by the power law distribution exponent
α over the data clusters, like in our model. In another regime, the scaling exponent
is determined by the dimension of the data manifolds, like in Sharma and Kaplan
(2020). Which scaling regime a network is in depends on the distribution over the
distinct data manifolds vs. the dimension of those manifolds. This is an interesting
picture, and I’d like to see more ambitious work like this thinking about the structure
of data.

Braun et al. (2025). In Interpretability in Parameter Space: Minimizing Mecha-
nistic Description Length with Attribution-based Parameter Decomposition, Braun
et al. are interested in decomposing the parameter space of neural networks into
parts. In particular, they’re interested in writing the network’s parameter vector
directly as a sum of parts: θ⃗ = θ⃗1 + . . . + θ⃗m, where each θ⃗i implements some distinct
“mechanism”. They attempt to learn these θ⃗i so that on any particular sample, some
sparse subset of the θ⃗i are needed to implement the network’s behavior on that
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sample. This subset is chosen by computing the dot product of the model’s gradient
on that sample ∇θL with each mechanism vector θ⃗i and taking the top components.
Once these components are chosen θ⃗i1 , . . . , θ⃗ik

, the model is run with the parameter
vector

∑k
l=1 θ⃗il

. So whereas we clustered gradients in our quanta discovery work,
they are doing something closer to sparse coding on gradients. This is great, since it
can be applied to “polygenic” samples—it allows for the identification of multiple
mechanisms that contribute to a network’s output on any given sample. They test
the method on toy examples, but I am eager to see it applied to LLMs. In follow-up
work, Bushnaq et al. (2025) develop a different parameter decomposition technique
that does not use gradient information to select components.

Michaud et al. (2025a). In On the creation of narrow AI: hierarchy and non-
locality of neural network skills (Michaud et al. 2025a), with Asher Parker-Sartori
and Max Tegmark, I explored an extension of the multitask sparse parity task
where there can be hierarchical relationships between subtasks. In what we called
“compositional multitask sparse parity”, the subtasks vary in difficulty, and some
subtasks are much easier to learn after others have been learned first. This means
that the quanta for this task aren’t independent, and their learning order is not
solely determined by their frequency in the data. Instead, the quanta live in a kind
of hierarchical skill tree. This sort of structure may be more realistic—humans
can only learn some concepts and skills after first learning others—and is a nice
generalization of the structure of the quanta model. These sorts of dependencies
between subtasks (quanta) were also explored by Ziming Liu et al. in Physics of
Skill Learning (Liu et al. 2025).
I wish I could discuss all the works that have in some way built on or tested our
theory—over a hundred papers have cited our work now. But I’ll move on now to a
more detailed discussion of various topics that have come up since we released our
work. This will include some additional discussion of several other papers.

2 Features, quanta, and sparse autoencoders

Over the last few years, the mechanistic interpretability community has developed
many methods for automatically decomposing networks into sparsely activating
mechanisms. The most prominent of these methods is the sparse autoencoder. In
this section, I’ll attempt to say a bit about the relationship between what we called
“quanta” and the units that sparse autoencoders discover, “features”.
Sparse autoencoders (SAEs) decompose the activations of a neural network into a
sum of sparsely occurring features. SAEs learn a dictionary of feature directions
{f̂i}m

i=1 such that activation vectors can be approximated as linear combinations
of sparse subsets of these features. SAEs are motivated by two hypotheses. The
first is the linear representation hypothesis—that neural networks compute a large
number of “features” from their input, and these features are represented linearly
in the model’s activations, meaning that when some feature is represented by the
model, the presence of that feature is reflected by shifting the activations in some
feature direction. The second assumption is the “Superposition Hypothesis” from
Anthropic’s Toy Models of Superposition (Elhage et al. 2022). If models represent
more features m than there are dimensions in the activation space d, then these
feature directions can’t all be orthogonal, but they can be approximately orthogonal
without interfering too much with each other if the features occur sparsely.
Sparse autoencoders try to learn these feature directions {f̂i}m

i=1, and also learn an
encoder Enc : Rd → Rm which determines how much each feature “fires”, if at all,
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on each activation vector. The sparse autoencoder loss has a form like:

L =
∥∥∥∥∥x −

m∑
i=1

Enc(x)if̂i

∥∥∥∥∥
2

2

+ λ∥Enc(x)i∥0

which encourages the SAE to reconstruct activations using as few feature directions
as possible. Encouragingly, when we look at the situations in which these features
fire (Enc(x)i > 0), we find that they are often consistent, meaningful contexts:
they are more monosemantic than other units of analysis like individual language
model neurons, which fire in more varied and less consistent ways on average than
SAE features. Sparse autoencoders trained on language model activations have
been scaled up now to millions of features, and many of these features reveal that
pretty abstract properties of inputs are being represented by models. For instance,
Templeton et al. (2024) reported a feature, in an SAE with 1 million latents, that
fires on tokens which introduce syntax errors in code documents.

Figure from Scaling Monosemanticity (Templeton et al. 2024), showing positions where a
“Code error” feature fires.

It is tempting to identify these features with the quanta. For each feature discovered
by a sparse autoencoder in the activations of a model, we could imagine identifying
that feature with some corresponding mechanism or circuit in the weights of the
model which causes that feature to be computed and appear in the activations.
Indeed, the way that sparse autoencoders scale at a very coarse level is suggestive
of the quanta model. As we train larger sparse autoencoders, they seem to learn
features that activate on increasingly rare concepts in the corpus that the SAE (and
LLM) was trained on. Anthropic showed this dynamic specifically for features which
activate on references to chemical elements, where larger SAEs learn features for
more niche elements. Their plot has very similar scaling dynamics to what we saw
in multitask sparse parity (Section 1.3):

Plot from Scaling Monosemanticity (Templeton et al. 2024), showing whether SAEs of
different scales learn features which fire on specific chemical elements. Features for each

element appear to be learned roughly in the order of the frequency at which that element is
referenced in the corpus that the SAEs are trained on.
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Looking a little closer though, the properties of sparse autoencoder features and the
way that sparse autoencoders scale also has disanalogies with our quanta and the
quanta model.
One complication is the issue of feature splitting (Bricken et al. 2023). Feature
splitting is a phenomenon where, if we look carefully at the effect of training larger
SAEs, the effect of this scaling is not just to learn additional more niche features
but to replace some common features in the smaller SAE with two or more more
specific and sparsely activating features. This general dynamic means that sparse
autoencoders do not necessarily learn a canonical decomposition of the activations
of a network. Instead, it seems like there are many different decompositions of the
space, with some decompositions having a different set of features which fire more
or less sparsely than the features in other decompositions.
There is another problem with trying to identify the SAE features with quanta that
is perhaps more basic: the assumption that motivated SAEs—that the activations of
a neural network are composed of 1D linear feature directions—is not the full story.
For some features, it seems like instead of the feature taking a scalar value along
a line, the feature takes values which lie on manifolds within higher dimensional
subspaces of activation space. In order for a sparse autoencoder to reconstruct these
features, it will need to use multiple latents either as a basis for the subspace within
which the feature manifold lies or to “tile” the manifold with feature directions.
In a paper from 2024 led by Josh Engels, Not All Language Model Features are
One-Dimensionally Linear (Engels et al. 2024), we found a few instances of these
sorts of feature manifolds. These include subspaces where activations of a language
model on tokens for days of the week (“monday”, “tuesday”, . . . ) and months of
the year are arranged in a circle, in the correct order. We also found a subspace
within which tokens for years are represented as points on a curved manifold:

Figure 1 of Engels et al. (2024) showing multi-dimensional language model features. The
existence of these features further complicates the question of whether sparse autoencoder

features are a canonical set of quanta-like units to decompose neural networks into.

When these multi-dimensional feature manifolds are present in activations, multiple
sparse autoencoder latents are used to reconstruct points on that manifold. In
some work this year with Liv Gorton and Tom McGrath, Understanding sparse
autoencoder scaling in the presence of feature manifolds (Michaud et al. 2025b), we
investigated whether feature manifolds could cause sparse autoencoders to scale in
suboptimal ways. Our basic concern was that if there is a long tail of features in the
activations, sparse autoencoders could either improve their loss by further tilting
common manifolds or by allocating latents to rare features. In certain situations,
sparse autoencoders might continue to tile common feature manifolds with more and
more latents instead of learning the rare features. Funnily enough, the math that
governs whether this will happen is taken from something very similar to the quanta
model. In particular, Brill (2024)’s model of neural scaling mentioned above, where
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models approximate functions defined on different feature manifolds with power law
frequency, ends up having the mathematical structure that I think ought to describe
sparse autoencoder scaling in the presence of feature manifolds in the activations.
While I think the math here is interesting, my guess is that sparse autoencoders are
not in the regime where feature manifolds will cause pathological sparse autoencoder
scaling in practice. However, again I think the existence of feature manifolds
does indeed complicate the problem of whether sparse autoencoder features are
individually meaningful quanta-like units of model computation. If we looked at
individual sparse autoencoder feature directions, we might miss the forest for the
trees.
This point was made by some recent work from the Anthropic interpretability team.
That work, When Models Manipulate Manifolds: The Geometry of a Counting Task
by Wes Gurnee and Emmanuel Ameisen et al. (Gurnee et al. 2025) beautifully brings
together many ideas in the literature from the last few years and which we have
discussed in this post. In particular, they study the “quanta 100” behavior that our
quanta discovery algorithm had found (Section 1.5), which is the skill of predicting
newlines at the correct position in line length limited text. They find that the
length of the current and previous lines is represented as a point on a helical feature
manifold that spirals through a ∼ 6-dimensional subspace of the residual stream.
They describe how these feature manifolds are manipulated and compared by the
model in order to predict the newline at the correct place. Their SAEs (crosscoders
(Lindsey et al. 2024) actually) use a family of about 10 features to reconstruct these
manifolds, with multiple latents being active at once.
I expect that over time, the interpretability community will slowly be able to explain
more sophisticated language model behaviors than this, and that representations
with interesting, higher-dimensional geometry will often, though not always, be
implicated in such behaviors.

3 On neural scaling and the limits of interpretability

Most people in the interpretability community, even those attempting to do ambitious
work on fully reverse-engineering networks, don’t seem very interested in the theory
of neural scaling. I think this is a mistake—the computational feasibility of ambitious
methods like cross-layer transcoders (CLTs) (Ameisen et al. 2025) and weight-sparse
transformers (Gao et al. 2025) may depend on the details of how exactly neural
scaling changes the internals of the underlying models we seek to explain.
Here, I’ll adopt the view that has been repeatedly articulated by Chris Olah and
his collaborators, including Toy Models of Superposition (Elhage et al. 2022) and
Anthropic’s work on sparse autoencoders (Bricken et al. 2023), that neural networks
perform computation in superposition. In the networks that we train in practice
today, the neurons are not monosemantic nor do they fire particularly sparsely. The
network weights connecting these neurons are also dense. However, we suppose that
our networks are actually simulating a much larger sparse network. In this imaginary
“disentangled model”, the neurons are monosemantic and sparse, representing a
specific concept and only occasionally activating when that concept is present. We
might imagine that the connectivities between these neurons in the disentangled
model are also mostly sparse—the computation of most features doesn’t depend on
all other features—though this isn’t depicted in Anthropic’s diagram:
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Figure from Anthropic’s Toy Models of Superposition (Elhage et al. 2022) and Towards
Monosemanticity (Bricken et al. 2023).

Now, let’s imagine that there’s a sense in which the disentangled model is real. For
any given observed model there is a particular associated disentangled model that in
some manner describes “what is really going on” in the observed model—the observed
model is trying to simulate that particular sparse disentangled model in superposition.
Let’s assume that for any given observed model, there is a corresponding unique
“true” associated disentangled model, up to differences which don’t change the
computation of the disentangled model, like permuting its neurons.
If you believe this idea, then the right way to frame questions about neural scaling,
or in general the differences between any two models (Lindsey et al. 2024), is with
reference to these disentangled models. There are many different stories we could
imagine about how neural scaling changes the disentangled models, with different
implications for the difficulty of extracting these models. The goal of ambitious,
bottom-up interpretability—sparse autoencoders, cross-layer transcoders, etc.—is to
construct part of, or all of, this disentangled model from the observed model. The
difficulty of doing this depends on the size and structure of the disentangled models.
One possible story is inspired by the quanta model. If we identify the neurons in the
disentangled model with the quanta, then the effect of scaling is to just add new,
increasingly sparsely activating neurons to the disentangled model:
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However, this is the worst-case scenario for trying to extract the full disentangled
model. As networks are scaled, we would need to train larger and larger sparse
networks (e.g. very large cross-layer transcoders or weight-sparse networks) in order
to recover the disentangled model. Furthermore, if the new neurons are extremely
sparse, we would need to train these CLTs on a very large amount of data, since
otherwise the training process might never encounter the situations in which these
sparse neurons would fire, and they would then not be learned. When studying a
new, scaled up observed model, one could still train CLTs to extract some of its
disentangled model, but without scaling up one’s CLTs appropriately, one would
miss the “new” structure in the scaled model (assuming CLTs learn the neurons in
the disentangled model in order of their frequency). To the extent that the scaled
up model has new concerning behavior, the mechanisms underlying that behavior
would be missed by our tools.
There are other possible stories of scaling which are not as bad though. For instance,
if scaling changed absolutely everything that was going on in the disentangled model
without ultimately using more sparse neurons, then we might not need to scale up
CLTs as we study larger models:
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One could imagine another story too where scaling adds novel features, but these
features are not increasingly sparse like in the quanta-like story. Instead, they might
be part of a more complex circuit which, for whatever reason, is only learned when
models are sufficiently scaled up, but which is nevertheless very frequently used by
the model:

We did not think about these sorts of scaling dynamics in the quanta model—we
said that mechanisms are added only in order of their “use frequency”. But I think
it’s possible that there could be real-world scaling dynamics where commonly-used,
hard-to-learn mechanisms are only learned at large scale. In this dynamic, as long as
there aren’t too many such novel features, we wouldn’t need to train CLTs that are
too wide, nor would we need to train them on too much data, in order to capture
the new mechanisms in scaled up models.
What I suspect is actually going on is a mix of these stories. Scaled up models have
both new very sparse mechanisms and new denser mechanisms. While we might
miss these very sparse neurons in our SAEs, CLTs, etc., we’d hopefully still be able
to efficiently disentangle the novel dense mechanisms. Hopefully these mechanisms,
which lie outside of the quanta story, are the safety-relevant ones, since the very
sparse ones may be intractable to learn.
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It would be great if we had a more mature theory of scaling here which said something
about which story we are actually in. I am also curious how RL scaling acts on
neural networks. I’d guess that pretraining leans more on the side of adding sparse
mechanisms and that RL leans more on the side of adding hard-to-learn dense
mechanisms.
I’ll say one last thing here, which is a bit different. So far, we’ve thought about
how the structure of the hypothetical disentangled models for our observed models
impacts the difficulty of interpretability. But the structure of these disentangled
models could have implications far beyond interpretability, and could explain many
phenomena we can more directly observe, for instance why some architectures work
better than others.
We could imagine that independent of any given network, but instead specific to
a data distribution, there’d be an associated “perfect disentangled model” that
achieves ideal performance on that distribution. When we train a dense finite
model, the model tries to simulate as much of the perfect disentangled model, using
superposition, as it can. But there are limits to how much of this model it can
simulate. When we train larger models, we are able to simulate a larger fraction of
this perfect disentangled model.
This perfect disentangled model likely has many types of structure. For instance, if
many of its neurons can be grouped into clusters, where neurons in two different
clusters rarely co-activate on the same sample, then one can simulate the perfect
disentangled model with a sparse MoE, and simulate these different groups of neurons
with different MoE experts. The ultimate limits of MoEs are then determined by
the co-occurrence statistics of the neurons in the perfect disentangled model. Many
other facts about neural network training are also probably ultimately attributable
to properties of the perfect disentangled model.

30



4 Different perspectives on emergent abilities

Our model of neural scaling was motivated, in part, by resolving an apparent tension
between the smoothness of neural scaling in the aggregate with the discrete changes
in performance seen in “emergent” abilities. However, a now famous paper from
Rylan Schaeffer et al. has since suggested that emergent abilities are potentially just
artifacts of how we measure model performance and do not necessarily reflect an
underlying sharp change in our models due to scaling. This paper, Are Emergent
Abilities of Large Language Models a Mirage? (Schaeffer et al. 2023) is quite
interesting and exhibits results that are challenging for our model of scaling.
Rylan’s core point is that abilities that appear “emergent”, where models show
sharp improvements at certain scales, mostly show up on tasks where performance
is measured with a “metric that nonlinearly or discontinuously deforms per-token
error rates”. Language models output a probability distribution over their token
vocabulary, and it turns out that for some metrics, an underlying gradual change
to the probabilities that models assign to different tokens can be transformed into
something that looks discontinuous.
For example, let’s consider the metric of Accuracy. If we are testing whether a
language model predicts some particular token correctly, we could define the accuracy
as 1 when the correct token is assigned the highest probability by the model, and
0 otherwise. With this metric, we can imagine cases where the outputs of the
model could change just barely while totally flipping accuracy from 0 to 1. For
instance, consider a model that outputs the correct token with probability 40%, and
some other incorrect token with probability 41%, and all other tokens with lower
probabilities summing to 19%. Then, as we scale the model, let’s imagine that the
correct token probability slightly increases to 41%, and the next most likely token
decreases to 40%, with the others still summing to 19%. This change has only barely
changed the model’s output, yet the accuracy has transitioned from 0 to 1.
It is therefore possible that we could measure lots of “emergent abilities” even
if scaling truly had an underlying smooth and predictable effect on what models
output. And indeed, Rylan showed that for some tasks that seem emergent, changing
the choice of metric can reveal some gradual progress occurring with scale. For
instance, if one looks at LLM performance on adding two numbers, for sufficiently
hard problems, the accuracy (exact match on the model’s multi-token output) seems
to increase sharply at some scale, whereas if one instead measures the “token edit
distance” the model shows some progress towards the correct answer while accuracy
is still at ≈ 0:
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Taken from Figure 3 of Schaeffer et al. (2023), showing how changing your metric can
change whether abilities appear to emerge sharply or gradually.

It is possible in principle that scaling could change model internals in an entirely
gradual manner, and we would still measure some “emergent” abilities. There might
therefore not be any tension to resolve in the first place, between smooth neural
scaling and emergent abilities.
However, I think there is a way of reconciling gradual progress in LLM output
distributions with some versions of the quanta theory. As discussed earlier, the loss
that LLMs achieve on many tokens seems to improve gradually with scale, and we
inferred that those tokens must be polygenic. In Rylan’s examples, we can similarly
imagine a polygenic story—that many different parallel mechanisms (quanta) are
nudging the probability distribution in the correct direction for different reasons,
and each of these develops at a different level of scale.
For instance, on arithmetic problems, we could imagine this looking like the following:
the simplest mechanism, learned by relatively small models, could involve realizing
that the next token is likely a number, and putting more probability on tokens
containing numbers. This lowers the loss substantially, but doesn’t improve the
accuracy by much. At greater scale, other heuristics that partially solve the problem
could emerge. For some problem instances, heuristics like “the answer is even” will
further nudge the distribution towards the right answer. Eventually, in order to
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reduce the loss further, the model will need to finally learn a mechanism for correctly
implementing arithmetic, and the accuracy will spike.
I think that a polygenic story like this is likely happening with LLM emergent
abilities on multiple choice problems. Consider this plot from the appendix of the
original Wei et al. (2022) “Emergent Abilities” paper:

Figure 6 of Emergent Abilities of Large Language Models (Wei et al. 2022), showing how
the probabilities of correct and incorrect answers increase together until an emergent

improvement in error rates.

For each of these multiple-choice “classification” tasks, the accuracy initially plateaus
at random-guess accuracy. However, during that plateau, the loss on predicting the
correct answer token decreases gradually! So is there some progress being made that
is obscured by the choice of metric? In the bottom row, the authors show that the
probability the LLMs are assigning to the correct answer is increasing with scale,
but the probability of the incorrect multiple choice answers are also increasing at
the same rate. What I’d guess is happening is that the models are getting better
and better at realizing that they are being given a multiple choice problem with
some set of possible answers, and nudging probability mass equally towards all of
the listed multiple choice answers. This is a great strategy from a loss perspective.
Instead of the model being uncertain across the whole token vocabulary, it is just
uncertain among the 4 acceptable answers.6 However, this is very different from
actually knowing the answer to these problems! For each task, there is some scale at

6If there are 50k tokens in the vocabulary, then outputting a uniform distribution over these
tokens corresponds with a cross-entropy loss of about 10 nats. Outputting a uniform distribution
over 8 tokens, one of which is correct, corresponds with a loss of about 2 nats. Outputting a
uniform distribution over two answers gives a loss of 0.693 nats, or 1 bit. If cross-entropy loss drops
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which the correct answer diverges and becomes much more likely than the incorrect
answers, and the error rate drops. At this scale, I’d guess that the model has learned
some genuinely new mechanism that actually captures the knowledge the benchmark
is supposed to measure. The mechanisms learned earlier lowered the loss, but with
a strategy that wasn’t related to the actual knowledge that is being tested by each
benchmark.
Note that similar points were made by Lawrence Chan in the comments on this
Alignment Forum post from Fall 2022 (Perez and Nanda 2022), and some other
discussion between Gwern and Paul Christiano in those comments touches on the
core ideas behind what we ended up calling the quanta hypothesis (induction bumps,
the possibility of gradual changes resulting from “a ton of tiny discrete changes”,
etc.)
In a follow-up paper (Schaeffer et al. 2024), Rylan and several coauthors studied the
problem of predicting when abilities will emerge on multiple-choice tasks, but strug-
gled. They explain that: “accurately predicting downstream capabilities requires
predicting not just how probability mass concentrates on the correct choice with
scale, but also how probability mass fluctuates on the alternative incorrect choices
with scale”. To me, this explanation seems to miss the possibility that forecasting
is hard because of genuine emergence taking place. The gradual improvements in
probability mass, on the correct and incorrect tokens, may not reflect progress on
learning the true mechanisms we care about.

Overall, I am unsure whether Rylan’s implied “scaling is
smooth, emergence is not fundamental” story versus our
“emergence is ubiquitous, smoothness is not fundamental”
picture is correct. If I had to guess, I’d favor something
like a “weak quanta hypothesis”, where the overall language
modeling task does indeed decompose into lots of subtasks
with power-law-distributed importance, but only some, rather
than all, of these tasks are learned in a discrete manner. For
others, there may be many different ways of solving them
that generalize in different ways.

Ideally, I’d like to see a mechanistic study of emergence. For some seemingly emergent
ability, what mechanisms are contributing to gradual progress in the model’s output
distribution, if there is any such gradual progress? When accuracy does eventually
spike, can we find new mechanisms clearly present in this larger model that weren’t
there before? At present, this seems difficult to answer because our ability to do
mechanistic interpretability at this level of detail is limited, particularly if each
mechanism only has a small influence on model behavior. Also, we don’t really have
a formal definition of “mechanism” or what it would mean for some mechanism to
be “new”. Another deep issue here is that if scaling is genuinely smooth, the idea
of looking for “new mechanisms” in the first place may not make sense, since the
idea of there being clean “mechanisms” at all may not be a correct way of thinking
about what neural networks are doing.7

below 1 bit, then one can work out quickly that the probability assigned to the correct token must
be greater than 50%. With this in mind, I am confused by the loss reported in Wei et al. Figure 6.
For “Logical arguments” and “Sports understanding”, the cross-entropy drops below 0.69 nats well
before the error decreases. For “Logical arguments”, the loss is below 0.69 for all models. How is it
possible that the accuracy could be low while the loss is so low? There must be something I’m not
understanding about the loss here. Perhaps each answer is multiple tokens long, and the loss is
being averaged over the whole answer length, rather than just the first token.

7This is all horribly confused! There isn’t a widely-used, formal definition of “mechanism”.
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5 Is scaling plateauing?

There has been a lot of discussion over the last year and a half about whether
the gains from pretraining scaling have plateaued or “hit a wall”. While this may
have been more of an OpenAI-specific issue, I think there are nevertheless some
interesting questions here, including: (1) will most users notice the improvements
from better pretraining at this point? and (2) can pretraining scaling alone give
models all the capabilities we want them to have?
In the quanta model, new mechanisms that emerge at scale each change the model’s
performance on a small fraction of tokens in the pretraining corpus. As one moves
further out along the tail of the distribution of quanta, scaling improves performance
on a smaller and smaller fraction of the corpus. If the statistics of the quanta “use
frequencies” are similar between pretraining and deployment, then scaled-up models
will be noticeably different on a smaller and smaller fraction of situations that users
find themselves in. At this point in the scaling curve, where models have learned the
common knowledge of the early quanta, one needs to be engaged in more esoteric
conversations in order to notice the new quanta that have been added, and so most
users may not notice the difference from better pretraining.
This dynamic may be further exaggerated by differences in the distribution over
what knowledge is needed during deployment vs. pretraining. Chats with most users
may be highly skewed towards common knowledge and skills—if we compared a
set of random ChatGPT queries with a set of random pretraining documents, I’d
guess that the pretraining documents would reference more esoteric knowledge more
frequently than the chats in deployment. If this was true, then most users, most of
the time, would not notice returns to scale. But particular users (e.g. academics in
niche fields) asking about topics in far-out parts of the quanta sequence would notice
big improvements from scaling, once pretraining scaling reached those quanta.

This point can be demonstrated, in a delightfully self-
referential way, by asking the models to describe the basic
idea of The Quantization Model of Neural Scaling by Michaud
et al. (2023) without searching the internet. Whenever new
models have come out, I’ve tried them on this prompt, and
they have failed until this year: Gemini 3 Pro completely
nails it.8 The “quanta” quanta are just now starting to be
learned in pretraining. For niche topics, our best pretrained
models this year are qualitatively more knowledgeable than
previous models.

While better pretraining continues to add increasingly niche knowledge into models,
this does not mean that pretraining alone is sufficient to learn everything that we
want our models to learn. It is possible that some desirable circuits are either not
incentivized by the pretraining objective or are not expressible in a single forward
pass of any reasonably sized model, and therefore would not be learnable during
pretraining. We did not consider this sort of dynamic in our work, but it can be
easily explored:
Let’s imagine that our model “misses” one out of every M quanta. Recall that
our quanta have “use frequencies” pk = Ak−(α+1) and reduce the loss by ∆ on the
samples where they matter. Learning up to quanta k = n in the quanta sequence,

8I forget whether Claude 4 Opus knew about the quanta model, but Claude 4.5 Opus does know
it, and nails it about as well as Gemini 3 Pro.
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but missing every M quanta, gives a loss of:

L(0) − ∆A

 n∑
k=1

k−(α+1) −
n/M∑
j=1

(jM)−(α+1)


where we’ve added the effect of every M quanta back into the loss. After integrating,
one gets a formula quite similar to the one from before:

L′(n) ≈ L′
∞ + C ′n−α

where L′
∞ = L∞ + ∆·A

α M−(α+1) and C ′ = C · M−1
M . So if we miss some fraction of

the quanta, the scaling exponent will be the same! The curve just slightly shifts, and
ultimately levels out at a higher loss floor. This means that quanta can be missed
quite subtly. Our current architectures could be failing to learn a large number of
the computations which produce the data they are training to predict, and we might
not be able to tell.
Interestingly, chain of thought allows the network to perform effectively deeper
computation than would be possible in a single forward pass (Pfau et al. 2024), and
so RL enables networks to learn these deeper computations.

6 Are sharp transitions just artifacts of noise?

Earlier, we saw that in the Pythia suite of LLMs, as one scales up network size, some
individual-token loss curves exhibit sharp drops, and others show smooth scaling. We
assumed that these differences reflect something about how many quanta are relevant
to doing prediction on each token: loss curves with sharp drops are monogenic, and
loss curves with smooth improvements are polygenic.

Figure 12 of Michaud et al. (2023).

36



However, it is worth pointing out that some of these differences could be the result
of noise. On many tokens, it could be the case that there is enough variation in
a model’s loss due to randomness (different seeds) that if we looked at enough
tokens, we could find many curves with seemingly sharp drops, just as a result of
these fluctuations, even if there is nothing ultimately discrete about the model’s
performance on those tokens. I thank Naomi Saphra for making this point in an
exasperated tweet (Saphra 2023).
In the Pythia sequence, one of the models (160m) was trained with multiple seeds,
so we can study this question. In particular, across the corpus, I first looked for
tokens where the loss curves exhibit a plateau → drop → plateau behavior with the
single default seed, where the drop occurs between the 160m scale and the 410m
scale. I only look at curves where pythia-70m and pythia-160m have a loss within 1
bit of each other, and where pythia-410m gets less than 0.5 bits of loss. I then also
plot the losses of the 160m model with different seeds. This allows us to get some
sense of whether the sharp drop after the 160m scale is intrinsic to the task or not:

Seed-dependence of per-token LLM scaling curves w.r.t. parameters.

We see that on many tokens where the default seed exhibits a sharp drop after the
160m scale, models with different seeds often make partial progress when they reach
the 160m scale. It seems that loss on many of these tokens is not actually discrete,
and in fact models can make partial progress on them in a seed-dependent way. If
you’d like to see more curves like these, here are 2400 of them in a 100 page pdf
(5MB).

37

https://x.com/nsaphra/status/1672234050440798211
https://x.com/nsaphra/status/1672234050440798211
https://ericjmichaud.com/quanta/assets/scaling-curves-across-seeds.pdf
https://ericjmichaud.com/quanta/assets/scaling-curves-across-seeds.pdf


While models can make partial progress on many tokens, on some of them, the
loss curves still seem discrete across all seeds we have. To more firmly settle this
question, we’d ideally train hundreds of models with different seeds. If there is
some discreteness to the underlying learning problem, then we might expect these
loss values to cluster together at particular values for each token. However, if the
distribution over losses was almost always uniform or unimodal, that may be a
problem for our quanta hypothesis.

7 On joint parameter-data scaling and learning efficiency

In our model of scaling, we independently studied scaling in number of parameters,
dataset size, and steps. When scaling parameters, we assumed that data was plentiful,
and the only bottleneck on the number of quanta learned was the network’s capacity.
For data scaling, we assumed the network was arbitrarily large, and the number
of quanta learned is determined by whether there are enough data points in the
training set to uncover rare quanta. Each scaling regime assumes that the other
resources are infinite.
In the paper, we had nothing to say about joint parameter-data scaling: the scaling
law L(N, D) when both N and D are finite. A naive application of the quanta model
would suggest a joint scaling law like:

L(N, D) = max (L(N), L(D))

since our model says that parameters and data independently bottleneck the number
of quanta we can learn. In a little more detail, recalling the discussion above (Data
scaling), the functional form we’d predict is:

L(N, D) = L∞ + C
(

min
(

N/c, (AD/τ)1/(α+1)
))−α

which just applies our L(n) = L∞ + Cn−α scaling law where n is the minimum of
the number of quanta learned according to the separate parameter and data scaling
stories.
However, this functional form misses a key dynamic in real-world joint scaling, which
is that larger networks are more efficient learners. This is a well-known phenomenon
in language models. It is also present in our multitask sparse parity networks. Below,
I show a loss contour plot for multitask sparse parity, where we find that larger
networks achieve a given loss in fewer steps than smaller networks:
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Joint parameter-step scaling L(N, S) for multitask sparse parity. We show a few iso-loss
curves in red, which indicate that larger networks reach the same mean loss faster than

smaller networks. This dynamic, where one can trade off between scaling network size and
training steps (or dataset size), is not captured by our model of scaling.

This basic behavior, where one can trade off between data (steps) and parameters,
is not compatible with the joint functional form involving max() and min() above.
It is however exhibited by the “Chinchilla” functional form:

L(N, D) = A

NαN
+ B

DαD
+ E

Interestingly, I think the quanta model makes a prediction about the structure of what
the joint functional form ought to be that is different from Chinchilla’s. If the overall
loss remains just a function of the number of quanta learned L(n) = L∞ + Cn−α,
then if N, D or N, S jointly determine the number of quanta learned n, we would
expect a functional form like:

L(N, D) = L∞ + (f(N, D))−α

where n = f(N, D). For instance, we could imagine something like:

L(N, D) = E +
(

A

N
+ B

D1/(1+α)

)α

.

which is similar to the functional form that Kaplan et al. (2020) use in their original
“Scaling Laws for Neural Language Models” work (eqn 1.5).
It would be interesting to see whether functional forms like this, which have a global
exponent outside of some function of N, D, are a better fit to empirical language
model joint parameter-data scaling relationship than the Chinchilla functional form.
Looking forward, I suspect that there is a very nice paper waiting to be written which
develops a model of joint parameter, data, and step scaling and which relaxes the
quanta model. One possible direction could be to frame the optimization problem
as a kind of implicit competition within the network between quickly learning
memorizing solutions of low complexity and more slowly learning general solutions
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of higher complexity, taking inspiration from Varma et al. (2023)’s explanation of
grokking, and invoking minimum-description length arguments. One could aim to
explain memorization scaling laws (Morris et al. 2025) too with such a model. Pan
et al. (2025) and Ari Brill (Brill 2024) gestured in this direction in some recent work
as well.

8 αN versus αD and Besiroglu et al.

In our model, αN = α and αD = α/(1 + α). Does this relationship hold in practice?
Below, we plot the scaling exponents αN and αD (or possibly αS) that have been
observed in practice across a variety of scaling laws papers. In the quanta model,
we’d expect that αD = αN /(1 + αN ), and we plot this line in black:

Figure 18 of our paper, showing neural scaling exponents αN and αD for a variety of
studies in the literature.

This data is kind of a mess! It is certainly not the case that all points lie on the black
line. We were encouraged though by the fact that the Chinchilla scaling exponents
(green dot) were kinda close to our prediction and had an αD < αN as our theory
predicted.
Unfortunately, work from Tamay Besiroglu and colleagues (Besiroglu et al. 2024)
re-did the scaling law fits from the Chinchilla paper and found a better fit with
different exponents which move away from our theory’s predictions. The original
Chinchilla exponents were αN = 0.34 and αD = 0.28 but Besiroglu et al. estimate
αN = 0.35 and αD = 0.37, where αD is actually higher than αN ! I don’t think
that this single result kills the quanta model, but I think it further highlights the
opportunity to think carefully about alternative models of parameter and data
scaling, whether or not one makes quanta-like assumptions.
One possible avenue is to develop a more detailed understanding of optimization. For
instance, in some follow-up work called Physics of Skill Learning (Liu et al. 2025),
Ziming Liu (and I and others) studied how optimization dynamics can influence
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neural scaling behavior w.r.t. training steps, and found that there can be dynamics
where the number of subtasks (quanta) learned is n ∝ S rather than n ∝ S1/(1+α)

like we assumed in the quanta model, which would result in αS = α = αN . These
sorts of dynamics, if present, would resolve the apparent tension between the quanta
model and the observed Besiroglu Chinchilla scaling exponents. Thinking carefully
about optimization also may be a route to explaining why larger networks are
faster learners and lead to more realistic models of joint parameter-data scaling, as
discussed above.

9 On the current culture of neural scaling laws papers

In 1964, the physicist John Platt wrote a paper called Strong Inference (Platt
1964). In this paper, Platt observed that some fields of science, like high-energy
physics and molecular biology, seemed to make progress much faster than other
fields. Platt suggested that these particular fields owed their success to the fact that
they practiced “a particular method of doing scientific research” which he called
“strong inference”. Strong inference involves (1) “devising alternative hypotheses”,
(2) “devising a crucial experiment. . . which will, as nearly as possible, exclude one or
more of the hypotheses”, and (3) “carrying out the experiment so as to get a clean
result”. While this is supposed to be the normal process of science, Platt points out
that this ideal is emphasized and enforced to varying degrees within the culture of
different disciplines. He closes by encouraging readers to always privately ask, of
their own work, “what experiment could disprove your hypothesis?”
While it is difficult to admit, I don’t think that there is a clean experiment that could
falsify the quanta hypothesis. If we had a satisfying formal definition of the quanta,
or if we could decompose real networks into a set of “true” atomic mechanisms, then
we could measure the “use frequencies” of these mechanisms and see whether they
indeed followed the same power law we observe from neural scaling. Unfortunately,
the quanta remain ethereal.
While I’m being especially hard on myself here, my sense is that this subfield as a
whole—on models of neural scaling—struggles with this issue. There are many papers
proposing different explanations of neural scaling laws. But these explanations do
not always make distinct testable predictions that would allow us to decide between
them with a clear experiment.
This may seem like an indictment of the researchers in this field. But I think there is
another, kinder explanation for our failure: the field is young, and the problems are
hard. We are still in the phase where it is hard to come up with any sharp theories
for what deep learning is doing.
And yet we must try. The world’s future is wrapped up in questions about neural
scaling. We owe it a good theory.

Thanks to Uzay Girit, Ziming Liu, Wes Gurnee, Ari Brill, Jamie Simon, Oren
Neumann, Srihita Vatsavaya, Daniel Kunin, and William Brandon for reading drafts
of this post and for helpful conversations and feedback. All errors remain my own.
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