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Abstract

Attention-based transformers have been remarkably successful at modeling gen-
erative processes across various domains and modalities. In this paper, we study
the behavior of transformers on data drawn from k"-order Markov processes,
where the conditional distribution of the next symbol in a sequence depends on
the previous k symbols observed. We observe a surprising phenomenon empir-
ically which contradicts previous findings: when trained for sufficiently long, a
transformer with a fixed depth and 1 head per layer is able to achieve low test
loss on sequences drawn from k™-order Markov sources, even as k grows. Fur-
thermore, this low test loss is achieved by the transformer’s ability to represent
and learn the in-context conditional empirical distribution. On the theoretical
side, our main result is that a transformer with a single head and three layers can
represent the in-context conditional empirical distribution for k™-order Markov
sources, concurring with our empirical observations. Along the way, we prove that
attention-only transformers with O(log,(k)) layers can represent the in-context
conditional empirical distribution by composing induction heads to track the pre-
vious k symbols in the sequence. These results provide more insight into our
current understanding of the mechanisms by which transformers learn to capture
context, by understanding their behavior on Markov sources. Code is available at:
https://github.com/Bond1995/Constant-depth-Transformers.

1 Introduction

Attention-based transformers have revolutionized the field of natural language processing (NLP) [1, 2]
and beyond [3, 4], achieving significant performance gains across tasks like machine translation, text
generation, and sentiment analysis. A key factor in their success is their ability to model sequences
far more efficiently, and the ability to learn in-context [5, 6].

To understand this capability, a canonical approach is to sample the input from a k"'-order Markov
process, where the next symbol’s conditional distribution depends only on the previous k£ symbols.
Recent studies [7, 6, 8] have investigated the ability of transformers to learn Markov processes
and establish that learning happens in phases. The transformer eventually learns to represent the
conditional k-gram model, which is the in-context MLE of the Markov process.

The results in [6, 8] seem to suggest that for low depth transformers to learn Markov processes
of order £, it is essential that the number of heads scale linearly in k. At first glance, this is a bit
concerning - real world data generating processes often contain long-range dependencies. How is it
that transformers succeed at capturing these kinds of long-range dependencies, while at the same time
requiring so many heads to be able to capture the necessary context for k"-order Markov sources?
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Figure 1: k™-order Markov process for k = 4. Table 1: Each column in this table indicates
The symbol X,, .1 is sampled from the distri- that there is a transformer with L layers and
bution P(-| X, X1, Xn_2, X,_3) which only H heads in the first layer which can represent
depends on the last 4 symbols (marked in red).  the conditional k-gram model.?

To understand the nature of this phenomenon, we train low-depth transformers on k™-order Markov
sources. These experiments result in two surprising empirical phenomena that seem to contradict
previous findings: when trained for sufficiently long, (i) a 2-layer, 1-head transformer can learn
kM-order Markov processes for k as large as 4, (i¢) a 3-layer, 1-head transformer is able to achieve
low test loss on sequences drawn from k™-order Markov sources, even as k grows to be as large as 8
(Fig. 3). In both cases, the values of k for which the models appear to learn k"-order Markov sources
are much higher than those predicted in prior experiments [6, 8]. This discrepancy shows that our
understanding of the mechanisms used by transformers to learn k"-order Markov processes is not
complete and raises a broader question:

What is the interplay between depth, number of heads and non-linearity in learning
k™-order Markov processes?

In this paper, we approach this question from the point of view of representation power, and provide
some partial explanations toward the phenomena illustrated previously.

Our main contributions are as follows:

1. We show, rather surprisingly, that the standard transformer architecture with 3 layers and 1
head per layer is capable of representing the conditional k-gram model (Definition 1), and
thereby learn k"-order Markov models in-context.

2. Along the way to building up to this result, we consider the simpler family of attention-
only transformers and show that they can represent the conditional k-gram model with
[log, (K + 1)] layers.

3. Under a natural assumption on the nature of the attention patterns learnt by the transformer,
we then argue that for & > 3 attention-only transformers need at least [1 + log,(k — 2)]
layers to represent a “k™-order induction head” (Definition 2). Empirically, transformers are
observed to learn k™-order induction heads whenever they achieve small test error [6].

The last result is a consequence of a more general tradeoff between the number of layers, L, and heads
per layer, H, an attention-only transformer requires to represent a k"-order induction head, under a
natural assumption on the learnt attention patterns. In conjunction, these results also reveal the role of
non-linearities (aside from the softmax in the attention) in the transformer architecture. In particular,
it appears that layer normalization plays a critical role in the ability of constant-depth transformers to
learn the conditional k-gram model. Together with the experimental results mentioned previously,
these results paint a more comprehensive picture about the representation landscape of transformers
in the context of kM-order Markov processes.

Notation. Scalars are denoted by italic lower case letters like x,y and Euclidean vectors and
matrices in bold x,y, M, etc. The notation 0, (resp. 1,x,) refers to the all-zero (resp. all-
one) matrix. When it is clear from the context, we omit the dimensions of a matrix. Define
[S]={1,2,...,S} for S € N. I(-) denotes the indicator function and Unif(.S) denotes the uniform
distribution over a set .S.

1.1 Related work

There is a large body of active research focused on studying different aspects of transformer models
[9, 10, 11, 12]. Our work closely relates to the aspects of understanding the representation power of

’The requisite embedding dimension and bit-precision to achieve a target additive approximation is discussed
in more detail in Sections 4 and 5
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transformers, and in-context learning. [13, 14, 15] study the representation capabilities of transformers
and show properties such as universal approximation and Turing-completeness. Viewing transformers
as sequence to sequence models, [16, 17] study their ability to model formal languages and automata.
Along more related lines to our work, [18, 19] present logarithmic depth transformer constructions
for representing a k-hop generalization of the notion of an induction head [20]. On the other hand the
theoretical and mechanistic understanding of in-context learning [21] has received much attention
lately [22, 23, 24, 25], focusing on different operating regimes and phases of learning. There are a
few recent papers which study the behavior of transformers when trained on data generated from
Markov processes, and generalizations thereof [5, 26]. In particular, [7, 8] study the optimization
landscape of gradient descent in learning generalizations of Markov processes, and [6] present a
study of how transformers learn to represent in-context k-gram models, focusing on different phases
of learning.

2 Preliminaries

We provide the necessary background for Markov processes, the conditional k-gram model, and the
transformer architecture.

2.1 Markov processes

Markov processes are one of the widely used models in sequence modeling [27]. The characterizing
property of these processes is that at any time step, the future evolution is only influenced by the most
recent states. More formally, a sequence (X,,),>1 is a EM-order Markov process on a finite state
space [S] with the transition kernel P, if surely,

P(Xps1 | X1, Xn) = P(Xns1 | Xppg1, o, Xin)

This property allows us to capture the conditional distribution at any position using only its previous
k symbols. This motivates the notion of a conditional k-gram, its empirical counterpart, defined for
any sequence (1, ...,Ty).

Definition 1 (Conditional k-gram model). Given a sequence (x1,--- ,x,) of length n in [S]",
the conditional k-gram model Pry(- | x1,-- ,x,) corresponds to the in-context estimate of the

distribution over symbols conditioned on the last k symbols, i.e. for z € [S],
n
Zizk-ﬁ-l I(x; =x,@i-1 = Tpye oo, Timk = Tp—gt1)

f);k Tr|x1, -, e
( | ’ ’ n) Z?:kﬂ H(xifl =Tny-- s Ti—k :Cﬁn—kﬂ)

which is defined only so long as the denominator is non-zero. This structure is illustrated in Figure 2a.
It is well known that the conditional k-gram in Eq. (1) with Laplace smoothing corresponds to the
Bayes optimal estimate of the next symbol probability, when the data is drawn from fixed Markov
process sampled from a prior distribution [27].

In our experiments, we will consider k™-order Markov kernels sampled from a Dirichlet prior with
parameter 1. Namely, the transition P(:|X; = 41, -+, Xy = ix) is sampled independently and
uniformly on the S-dimensional simplex A7, for each tuple (i1, ,iK).

2.2 Transformer architecture

In this paper, we will consider variants of the standard transformer architecture in Figure 2b introduced
in [1], with the goal to understand the role of depth and the non-linearities in the architecture. The
simplest variant removes all the layer normalization and the (non-linear) feedforward layer, and is
referred to as an attention-only transformer. The L-layer 1-head attention-only transformer with
relative position encodings, operating on a sequence of length 7" is defined in Architecture 1.

The attention scores in layer /, {attff)i . i < n}, are computed as Softmax ({(W " (acy) +

o / WQ@ > j € [n]}). The superscript (¢) indicates the layer index, and the matrices
Wl(f ), Wg), W‘(,e) e R4 capture the key, query and value matrices in layer £. Note that the
attention-only transformer may include a feedforward layer with linear activations, i.e. a linear
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(a) Conditional k-gram model. The conditional k-gram +POS
is the in-context estimate of the Markov process and
is realized in two steps. The first step is to find the
locations in the sequence (marked red) which match
the final k& symbols (functionally, a k"-order induc-
tion head). The conditional k-gram model returns the
uniform distribution over the next symbol at these loca-  (b) Transformer architecture. POS refers to the
tions (marked blue). relative position encodings.

20

Transformer layer

transformation. For representation purposes, this linear transformation can be combined with the
projection matrix in the attention layer, allowing the feedforward layer to be omitted from the model.
In the attention layer, we consider relative position encodings (the terms labeled in blue), which
translates the key and value vectors depending on the relative position of the embedded symbol.

forn=1,2,.--,T; w,(il) = Emb(z,,) € R, (Input embeddings)
for({=1,2,---,L,do
forn=1,2,---,7T,do

~ (. O w@ ( Q) m.\) d )
T, Zie[n] att, ; Wy ' (z;” +p, ) €RY, (Attention)
A (Residual)

A i

> Here, attgﬁ)i = Softmax; ({<Wg) (x([) + pff>‘.1‘>), Wg)x,(f)> S [S]})
logit, = A:L'(TLH) +b eR%, (Linear)
Pro (- | x1,-- ,o7) = f (logity) € RS. (Prediction)

Architecture 1: Attention-only transformer.

The extension to H heads is straightforward, where in each transformer layer there are H attention

layers in parallel, resulting in yr(f’l), ceey yff’H) € R< for each n. These vectors are concatenated and

passed through a linear transformation Wg) : R4 — R? which is the output of the attention layer.
Finally, the output of the model after L layers is passed through a linear layer, which projects the
d-dimensional embeddings back into R and the resulting vector is passed through a non-linearity f,
usually a softmax, to result in the model’s prediction of the next symbol probabilities. The theoretical
results in this paper will choose f = ReLU(+).

3 Understanding the empirical behavior of transformers

The motivation for the present work comes from a series of experimental results, which challenge our
current understanding of transformers in the context of learning Markov processes. Several works in
the literature [7, 8, 6] have studied the ability of transformer models to learn kth-order Markov pro-
cesses. The experimental results present in the literature suggest that in order for a 2 layer transformer
model to be able to learn a randomly sampled Markov process of order k, it is crucial for the number
of heads in the first attention layer to scale linearly with the order, k. In particular, the authors of [6]
claim that in their experiments, “Single attention headed models could not achieve better performance
than bigram (models)” in learning random k"-order Markov processes in-context. Similarly, the
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Figure 3: Gap with the optimal test loss for (a) a 2-layer, 1-head transformer model (above), and

(b) a 3-layer, 1-head transformer (below), averaged over 3 runs for each k. The models learn the
conditional k-gram model for randomly sampled k-th order Markov processes, even for large k.

authors of [8] study a generalization of learning k™-order Markov processes to learning causal
processes on degree k graphs. The theory and experiments pertain to 2-layer k& head transformers.

In Figure 3, we train 2 and 3-layer transformers with a single head on data drawn from random
Markov processes of various orders drawn from a Dirichlet prior. With 2 layers and a single head,
we see that the model is able to learn even order-4 Markov processes, and go beyond the simple
order-1 processes which were projected to be the limit of its ability to learn. Likewise, with 3 layers,
transformers are able to go much further and learn order-8 Markov processes, which was the largest
value of k we evaluated on. These results contrast with our current understanding of how induction
heads are realized in the parameter space [0, 8] - existing constructions which realize these attention
patterns require k heads when the number of layers is 2, and it’s unclear how to implement them with
fewer heads. At a high level, each of the k heads play a critical role - where, loosely speaking, the
i"-head looks back i positions in the sequence.

Building up to our main results, in the sequel, we study the simpler case of attention-only transformers
where the feedforward layers and layer normalization are removed.

4 Warming up: Attention-only transformers

The study of attention-only transformers trained on Markov processes has garnered some attention
in the prior literature. Notably, the authors of [6] study 2-layer 1-head attention-only transformers
trained on data drawn from 1%'-order Markov processes whose parameters are drawn from a Dirichlet
prior. The model is observed to learn a very specific behavior, known as an “induction head” [20],
which in this setting is able to represent the conditional 1-gram (Eq. (1)).

The induction head mechanism is composed of two layers where the first layer learns the attention

pattern attgllg = I(¢ = n — 1), thereby allowing the model to capture information about the symbol
at position n — 1 in the embedding vector at time n. In the second layer, the attention layer picks
out those indices n where x,,_1 = =7, the final symbol in the sequence. At these positions, since
T,—1 = x7, one would expect that the next symbol x,, is a good predictor of x7 1, and the model
uses this information to predict the next symbol x7 1 according to its conditional empirical estimate,

P/’\rl(mT+1|x1, -+« ,xr), i.e. the conditional 1-gram model.

Theorem 1. The conditional 1-gram model can be represented by a 2-layer and 1-head attention-only
transformer with embedding dimension d = 35 + 2.

Although a version of this result is proved in [6], we include a proof in Appendix A for completeness.

Remark 1. In Theorem I and other results to follow, we de-emphasize the role of the bit-precision to
which the transformer is implemented. That said, note that when the constructions in Theorems 1
to 3 are implemented to O(log(T)) bits of precision, the representation results are realized up to an
additive O(1/T) error.

The ideas in Theorem 1 readily extend to representing the conditional k-gram model, by instead
using k heads in the first layer. The j™ head learns the attention pattern attﬁiz =1I(i =n—j)and
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concatenating the outputs of the heads, the model learns to aggregate information about z,,, - - - , T
in the embedding vector at time n. The second layer realizes what is best described as a “k™-order ”
induction head, where the model learns to pick out those positions n where for every j € [k],
Tp—j = TT—j+1,1.€. the history of length k at those positions match the final £ symbols in the input
sequence ( see Figure 4). This mechanism is also referred to as a long-prefix induction head [28].

Definition 2 (Higher-order induction head). A 1-head attention layer is said to realize a k"-order in-
duction head if on any sequence (x1,--- ,x7) € [S]|, for any fixed n < T, as a function of the input
sequence, att,, p is maximized if and only if x,,_; = xp_; 41 for every j € [k].

k™-order induction heads generalize the
concept of an induction head [20], and kee .
track gf the positions 7 < n where there iIs) Tnput: 0 120 3 0 13 ol
a perfect occurrence of the final k£ symbols n= 12 3 4 5 6 7 8 9 10
in the sequence. Such attention patterns
are immediately useful in representing the ‘ T ‘ ‘ T ‘
conditional k-gram - increasing the temper-
ature within the softmax of this attention
layer results in an attention pattern which
converges to the uniform distribution over 0 e o SR

those positions where the final k£ symbols 1 23 456 7 8 9 10
Tr_g+1, - , X7 are seen previously in the
sequence. Loosely, this allows the model
to “condition” on the last k£ symbols in the
sequence. With k heads, the model can ag-
gregate information from the previous k po-
sitions and implement a k™-order induction
head, which leads to the following result. A
full proof is discussed in Appendix A.1.

\‘/ \‘/

attT’n
o
ot
T

n
Figure 4: k"-order induction head for k = 2. The at-
tention pattern attr ,, is maximized for those values of
n at which x7_; 1 = x,,—; forall j € [k]. These are
the positions where the k-length prefix at those posi-
tions matches with the last £ symbols in the sequence.

Theorem 2. The conditional k-gram model can be represented by an attention-only transformer with
2 layers, k heads and embedding dimension d = (k + 2)S + k + 1.

While this result is positive, it suggests that a 2-layer transformer requires approximately k times as
many parameters to be able to represent the conditional k-gram model. The first result we prove is
that increasing the depth of the model is exponentially more beneficial, in that a transformer with
O(log(k)) depth can estimate in-context k-grams.

Theorem 3. The conditional k-gram model can be represented by an attention-only transformer with
relative position encodings, with L = [log,(k + 1)| layers and 1 head per layer. The embedding
dimension is < 2k(S + 1) + S.

With 2 layers and k heads, the transformer aggregates information about each of the previous k
positions one step at a time through the k heads. However, with Q(log(k)) layers, the same task
can be done far more efficiently. In the first attention layer, the model aggregates information about

the current and previous position. Namely, using the relative position embeddings, mg) is chosen

as a linear combination of ) = Emb(z,,) and wﬁ}ll = Emb(z,,—1). This allows the embedding at
position n to aggregate information about z,, and x,,_1. In the same vein, in the second attention
layer, the model aggregates information from wSR) and ac51222 in 93%3); the former has information
about x,, and z,,_1, and the latter has information about x,,_5 and x,,_3. This expands the “window”

of x;’s on which a,, depends on to size 4. In the /! layer, the model aggregates information from mg)

522 . which allows wﬁ,“l) to effectively depend on the z;’s in a window of size 2" starting

at position n, namely «,,, - ,Z,_se+11. In the final layer, the embedding at position ¢, a:,EL) for
L = [logy(k + 1)] depends on @, &y—1, -+ , Tn—p. In the last layer, the model can realize the
dot-product <WI((L):BSLL), WC(QL):B(TL)> = Z§=1 I(2,,—j = 7—;+1) by choosing the key and query
vectors appropriately. By increasing the temperature in the attention softmax, the attention pattern
realized is the uniform distribution on values of n such that x,,_; = zp_; 1 forevery j € [k],i.e.,a
k™-order induction head. The full proof of this result is provided in Appendix B.

and x
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(a) Rearranged transformer layer with (b) Realizing a k™-order induction head in a 3-layer transformer
layer normalization and FFN. following the architecture in Figure 5a.

Figure 5: Disassembling the constant-depth construction. The first two layers are critical in the
model’s ability to capture information from the previous k positions. Layer normalization plays a
critical role in in the 3™ layer which realizes a k"-order induction head.

While this is a promising step toward understanding the behavior transformers exhibit in Figure 3,
showing that depth plays an important role in their ability to represent conditional k-gram models,
the picture is still not complete. The experimental results in Section 3 do not preclude the possibility
that a transformer might not even require logarithmic depth to be able to learn k"-order Markov
processes approximately. In the next section, we will study constant-depth transformers and establish
a rather surprising positive result about the representation power of this class of models in capturing
conditional k-grams.

5 Understanding the role of non-linearity: Constant-depth constructions

In the previous section, we saw how the transformer uses the power of depth to learn conditional
k-grams far more efficiently. In particular, every additional attention layer effectively doubles the
window of positions ¢ = n — 1,n — 2,-- - which the model has access to information about at the
current time n. By composing L = (log(k)) attention layers, the model is able to collect enough
information within the output embedding m%LH) to be able to realize a k™-order induction head in
the next layer. In this section, we prove that adding non-linearity to the architecture, in the form of
layer normalization, can significantly change the mechanism in which the transformer realizes this
k™-order head. In particular, there are constant depth architectures which allow a k™-order induction
head to be realized, surpassing the logarithmic depth attention-only constructions.

Modification to the standard transformer architecture. To simplify the proof of our main result,
we will consider a subtle modification to the standard transformer architecture, which is presented in
Architecture 2 and Figure 5a. We will remove the first layer norm prior to the multi-head attention
and move the second layer norm to after the feed-forward network. It is important to note that
Theorem 4 holds even for the architecture presented in Figure 2b, which is the architecture we
evaluate empirically. The modification we present in Figure 5a allows the construction to be simpler
and makes it much easier to convey the key intuition. The main difference compared to the attention-
only design presented in Architecture 1 is the addition of layer normalization and a feedforward layer
in the for-loop over n € [T] for each transformer layer ¢. The differences between Architectures 2
and 1 are emphasized in blue.

Theorem 4. Conditional k-grams can be represented by a transformer with 3 layers, 1 head per
layer, relative position encodings and layer normalization. The embedding dimension is O(SS).

Remark 2. Although the proof stated does not bound the approximation error arising from a finite
bound on the bit precision of the transformer, in theory, it should suffice to have Q(log(T) + k) bits
per parameter for the statement of Theorem 4 to go through with an O(1/T) additive approximation
error. The main point is that none of the weights of the model exceed exp(k) and with log(T)
additional bits per parameter, the approximation error scales as O(1/T).
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Architecture 2: Modified transformer architecture. The computations above are carried out for each
n € [T] in each layer ¢ € [L]. In the layer normalization step (LN), the feature mean y is defined as,

Ei~Unit([d)) [<e§1y,(f) »] and the feature variance 0% = E; Lynit(ja)) [{€ y,(f)>2] — u2

5.1 Proof sketch

In the attention-only transformer with 2 layers and & heads, the model is able to keep track of where
the final k£ symbols in the sequence appeared previously (i.e., a k™-order induction head) by, loosely,
using each head to keep track of the occurrences of one of the final k£ symbols. On the other hand,

with the benefit of more depth, with L = Q(log(k)) layers, the model is able to collect enough

information within the output embedding :I:(LH) to be able to realize the same behavior. However,

neither of these constructions scale down to the case when the depth and number of heads of the
transformer are both constants independent of k. We provide a brief sketch of the construction below.

Recall that a k"™-order induction head keeps track of the indices i such that Vj € [k], z;_; =
Zn—j4+1. Defining z; = 25:1 2eg, ., notice that the condition {Vj € [k], ;—; = Zpn—j41}
can equivalently be captured by writing {z;_; = z,}. This true because of the fact that the binary

representation of any integer is unique. Furthermore, these vectors, up to scaling, can be realized by
softmax attention (namely, att,, ,_; oc 2* for 1 < i < k).

With this step, finding occurrences of the last £ symbols in the input sequence boils down to realizing
an attention pattern in the second layer, attfg, which is maximized whenever z;_1 = z,,. While
dot-product attention naively encourages those values of ¢ for which z;_; and z,, are “similar” to
each other, a qualitative statement is lacking. In general, it will turn out to that a different measure of
similarity is necessary within the softmax to be able to encourage those values of 7 for which these

vectors match. This is where the role of layer-normalization comes in.

Instead of the usual dot-product, suppose the attention mechanism in the second layer was,

2
att!”) oc exp <_ ) : (1)
2

where « is the temperature parameter. Then, as the temperature x grows, the attention pattern
essentially focuses on those values of ¢ for which z;/|z;—1]|2 = 2,/ Hang With this attention

Zi—1 Zn

lziz1l2  [zall2

pattern, we are thus very close to the statement we wanted to check, (z;_1 = z,). As it turns out, for
the special structure in the z;’s considered (dyadic sums of one-hot vectors), we may write down,

Zi—1 = Zp < 21:—1/\\21:—1“2 = zn/HanQ-

A quantifiable equivalence is provided in Lemma 1.

Realizing L5-norm attention (eq. (1)). Observe the equivalence,

< Zi—1 >_1 1
|zio12’ \ZnHz 2

Taking a softmax on both sides, notice that the RHS (up to an additive constant) is the Ls-norm based
attention, while the LHS is the usual dot-product attention between z;_1/|z;—12 and z,/|zn 2.
Thus on unit-normalized vectors, Ly-norm attention and dot product attention are but the same.

2
Zi—-1 Zn

|zi1llz  [znl2

(@)

2

While the first layer of the transformer computes the z;’s by a weighted summation, layer normaliza-
tion fills in the last missing piece of the puzzle which is to normalize them to unit norm. This is a
consequence of defining the embedding vectors appropriately, as we discuss more in Appendix C.1.
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From this step, realizing the actual conditional k-gram model follows readily. In particular, as the
temperature « in the attention grows, the attention pattern zooms in on indices i € Z,, = {k + 1 <
i <n:VYjek],x;—j = xn_j+1} in the last layer. The value vectors at this step are the one-hot
encoding of z;; putting everything together, the logits realized by the transformer are,

. 1
logity(z741) = ] > I(z; = 2r), 3
"l ez,

which is the conditional k-gram model (eq. (1)).

While the transformer construction described above only requires two layers, the actual construction
we propose differs slightly and has an additional layer. The first two layers of the transformer
respectively compute z; and z;_; which are added to the embedding vector at time ¢. This is

. ? ? ?
important because we need to test whether z;_; = z, and not whether z; = z,, or 2,1 = 2,,.

Summary. The construction can be summarized as follows: the first layer computes z,, =
Z?zl 2i—1. €z, _, by choosing appropriate value vectors and relative position embeddings to realize

the attention pattern attn,, ,,—; oc 2°I(1 < i < k). The layernorm that follows subsequently can be
replaced by RMSnorm, by a simple trick which we discuss in Appendix C.1, resulting in z,,/||z, |2
to be appended to the embedding at time n. Using a very similar construction, layer 2 computes
Zn—1/|2n—1]2, which is added to the embedding at time n. Finally, in the last layer, the dot-product
(zi—1/|Zi-1ll2, 2n/| Zn||2) defines the attention score, and as the temperature « grows, the pattern
converges to Unif(Z,,). Choosing the value vectors in this layer appropriately gives eq. (3).

6 Lower bounds on transformer size

In this section, we study the limits of how shallow a transformer can be made while still capturing
conditional k-grams. The first result we establish in this vein is a lower bound against 1-layer
transformers showing that their expressive power is too limited unless the embedding dimension or
number of heads scale near-linearly in 7.

Theorem 5. Consider any 1-layer transformer with layer normalization and feedforward layers,
where all the coordinates of the embedding vectors and unnormalized attention scores are computed
with p bits of precision. If the transformer is able to compute the conditional 3-gram on inputs drawn
from {0, 1,2} to within an additive error of 1/3T, then 2pH + dp + 2 > T/3.

Choosing the bit precision to be p = O(log(T")), this implies that for transformers with 1 layer, the
sum of the number of heads and the embedding dimension must be at least 2(7"/1log(T")), in order to
represent conditional 3-grams to within an additive error of 1/37.

6.1 Conditional lower bounds on attention-only transformers

While the previous section shows that 1-layer transformers have fairly limited representation power,
it is not immediately clear how whether any of these issues are present with transformers with more
layers. Indeed, as we discussed in Section 4, an attention-only transformer with O(log,(k)) layers
and 1 head per layer can represent conditional k-grams on its input sequences. With the addition
of non-linearities, Theorem 4 shows that the model can represent conditional k-grams using just a
constant number of layers. In this section, we try to understand the gap between these two results
and prove conditional lower bounds on the size of attention-only transformers which do not have
non-linearities arising from layer normalization.

We prove conditional lower bounds under some natural assumptions on the nature of the attention
patterns learnt by the transformer. To motivate these assumptions, consider the experiment in Figure 6,
where we train an attention-only transformer with 2 layers and 1 head, on order-1 Markov processes.
At test-time, we plot the attention patterns learnt in the first layer of the model on test sequences.
Notice that the attention pattern learnt by the model at layer 1 is largely independent of the input
sequences themselves and only depends on the position.

Assumption 1. In an L-layer attention-only transformer with H heads per layer, assume that layers

¢=1,2,---,L—1and heads h € [H] realize an attention pattern where attgﬁ’ih)

the positions n and i and on £ and h, but not on the input sequence x1,- -+ , 7.

only depends on
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Figure 6: Attention matrix of the first attention layer, for a 2-layer 1-head transformer model trained
on an order-1 Markov process, averaged across 100 input sequences of length 128. (a) and (b) plot
the mean and standard deviation of the first 32 rows and columns of the attention matrix, while (c)
zooms in on the column n = 10 and plots the mean attention for this column. (a) and (c) show that
for almost all indices n, the attention layer focuses only on the previous symbol z,,_;. (b) shows
that the attention pattern does not vary much with the input sequence considered, thereby providing
evidence toward Assumption 1. More discussion in Appendix G.

Rather than proving the size lower bound depending on the transformers ability to represent the
conditional k-gram itself, we consider a simplification and assume that the goal of the model is to
represent a k™-order induction head (Definition 2) in the last layer. Although learning a k™-order
induction head is not strictly necessary for the transformer to be able to represent conditional k-
grams, note that every construction we have considered so far (cf. Theorems 1 to 4) go through this
mechanism to realize the conditional k-gram model. Likewise, for other related problems, such as the
causal learning task in [8], the causal structure is captured by an extension of the k"-order induction
head to general causal graphs. Our main lower bound is the following result.

Theorem 6. Consider an L-layer transformer with hy heads in layer L. Assuming the transformer
satisfies Assumption 1, if HKL;l (Hy + 1) < k — 2, the attention pattern in layer L cannot represent
a k™-order induction head.

While this lower bound is not unconditional, meaning that it does not directly imply that the trans-
former cannot represent conditional k-grams, it is important to understand the interpretation of
this result: attention-only transformers which somehow break through this barrier need to use a
significantly different mechanism to realize the conditional k-gram model.

Theorem 6 implies that under Assumption 1, a 2-layer attention-only transformer with 1 head cannot
realize a k"-order induction head for any k& > 4. Likewise, under the same assumption, a 3-layer
attention-only transformer with 1 head cannot realize a k™-order induction head for any k > 6. These
results give more weight to the experiment in Figure 3 where we observe that a 2-layer transformer
learns a k'"-order Markov process for k = 4 and a 3-layer transformer learns a k™-order Markov
process for k = 8, and show that non-linearities in the architecture allow the transformer to break
past the size barriers in Theorem 4.

7 Conclusion

We observe empirically that 2 and 3 layer transformers are able to learn k™-order Markov chains for
much higher values of k than previously anticipated. We show there are O(log(k))-layer constructions
of attention-only transformers which are able to learn the conditional k-gram model, which is the
in-context MLE of the Markov model. With non-linearities in the model, we show that a 3-layer
1-head transformer is capable of representing the same. We show that 1-layer transformers cannot
represent conditional k-grams for any £ > 3 unless the number of heads or embedding dimension
scale almost linearly in 7. We also prove a conditional lower bound on the depth and number of
heads of attention-only transformers to represent k"-order induction heads, under an assumption on
the realized attention patterns.
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Notation. The notation ef/ e R refers to the one-hot encoding of i in d’ dimensions. In other
words it is the i standard basis vector in d’ dimensions. The notation Blkdiag({A1, A1, -, Ayn})
refers to the block diagonal matrix with i block as A;.

A Proof of Theorem 1

We will first prove Theorem 1. In the first layer, choose the embeddings as,
T
a:%l) = Emb(z,) = Kk [11><2 ed legs] e R%. )

Tn
for a constant x > 0 to be chosen later and d = 25 + 2. The relative position encodings will
essentially be supported on the first two coordinates, the middle .S coordinates are a one-hot encoding

of the symbol x,, and the last 2.5 coordinates are 0. The relative position encodings in the first layer
are chosen to be p"” X = k(=1 +I(n —i = 1})) e¢ € R and p{"" = 0 € R%. Choose W)

and Wg) to be ef(e$)T € R4, With this choice,
(W @ +p2), Wall)) = wiin —i = 1) 5)

As k — o0, the attention pattern (which takes the softmax over of these inner products over i € [n])
computes,

att, ; =I(i =n—1) (6)
for any n > 1. Choose the value matrix as,
0(245)x2 0 0
wt = l 0 Isxs 0] e RYx¢ ©)
0 0 0
And with this choice and the residual connection, we get,
=kl e el | 0]eR? ®)

which serves as the input to the 2"¢ transformer layer.

137533 https://doi.org/10.52202/079017-4369



Layer 2. In layer 2, the relative position encodings an 2 V’(Q;) are all set as 0. The key

—1i n—i
matrix picks out the €5 block out of o'?) and the query vector picks out the e block out of :cg)l

In particular, these matrices are chosen so that,

and p

WI((Q):DEZ) = K [11><2 efi_l O]T € Rd, (9)
Wg)wg) =K [11X2 efn O]T e R?

Taking the inner product of these vectors, and taking x — 00, observe that the attention pattern
concentrates on the uniform distribution over all coordinates ¢ such that x;_; = x,,. More formally,
the attention pattern for any n > 1 is,

H(.ﬁi_l = Jin)
Z:L:Q H(xi—l = xn) ’

assuming Y. , I(z;_1 = x,,) > 0. Having realized this attention pattern, may choose the value and
2

i

att(?) =

n?

(10)

subsequent linear layer appropriately. The value matrix simply picks out the ei block from z,”’ and

places it into the last S coordinates of a:EB), and the linear layer simply extracts this block and outputs

it (after scaling down by a factor of ), realizing the logits,
1 n

_ S
ZLQ H(IEi—l = xn) ‘22]1(%_1 - xn) o (o

if " , I(x;—1 = @) > 0. In particular, under the same condition,

logit,, =

ST (& = 2ry1, @01 = T7)

logit(z = = (12)
g T( T+1) Zi:2 H(zn—l _ CCT)
assuming > , I(x,—1 = @), which is the conditional 1-gram model.
A.1 Extension to k-heads: Proof of Theorem 2
In the first layer, the embeddings are chosen to be,
T
() = Emb(z,) = 6 Orxr | 1] €S | O1qernys | € R (13)

With d = (k +1)(S + 1) + S. The relative position encodings are chosen as pf(’(l) = [ek O]T for

1<i<kand piK’(l) = 0 otherwise. Similarly, p‘-/’(l) = 0 for every i. The h'" head has key and
query matrices,

K2

Wc(;,h): [lek 1 0]

0 0 0
wLh _ [le(hl) 1 0] (1
Ko 0 00
With these choices, and letting x — o0, the h'" layer computes the attention pattern,
att! ) = 1(i = n — h). (15)
Choose the corresponding value matrix as,
W‘(/l,h) _ [0(2+85)x2 IS(lS g] (16)

choosing the projection matrix appropriately, the output of the transformer after the first residual
connection is,

2@ = k[ O | L]eS | es ] (17)

Tn—k
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Layer 2. In this layer, the relative position encodings p,, (1 ) and P,

and query matrices are chosen as,

Vi(2)

—1

are all set as 0. The key

@) _ [Oskxk I(sk+1)x(sk+1) O
Wy = [0 0 0

(18)
w® _ |Oskx(k+s)  L(sk+1)x(sk+1)
K 0 0 .

With this choices, we have that,

k
(WP wHa®) - Z (@iej = Tuoji1)- (19)

Taking k — o0, observe that the attention pattern concentrates on the uniform distribution over all
coordinates ¢ such that x;_; = x,,—;41 for all j € [k]. More formally, if Z?:Q [(xi—1 = x,) >0,
the attention pattern for any n > 1 is,
I(Vjelk], xiei = xp_;
attn22 _ _ ( J [ ] 1—] n ]+1) . (20)
t ik WV € [R], @iy = an_ji1)

The value matrix picks out e5 from the embedding a:( ) (Equation (17)) and places it in the last S
coordinates. The subsequent llnear layer picks out the last S coordinates, resulting in the logits,

. Vj G :I Tili = Ty _+1) B
o TH o = e, @1)
i %1 Yire1 IVj € [k], mimj = 2n_jp1) ™
assuming that 3.7, ., I(Vj € [k], 2i—; = 2n—j4+1) > 0. In particular,

. EZ: IVO<j<k, vnyj=27_j11)
logity(z741) = Sn=ktl = AR (22)
En:k-‘rl I(Vi<j<k, Tn—j = xT—j+1)
assuming Y7 _ w1t IV < j <k, xn_j = xz7_j41) > 0, i.e., the conditional k-gram model.

B Proof of Theorem 3

Define k* = 2M1°82(*+ D1 by rounding k + 1 up to the nearest power of 2 and £* = log,(k*). In the
setting of relative position encodings, given the sequence x1, - - - , x,,, while generating the output of
the attention + feedforward layer for the symbol x,,, the embeddings «; = Emb(z,,) + p,,—; are used
for i € [n]. In other words, the position encoding vector is taken relative to the end of the sequence,
rather than the start of the sequence. Consider the embedding of x as,

T c R(k*+1)S+Z*+1 (23)

n

58(1) = Emb(xn) = [ lez*

1 ed | Oxpenys | O1xs |

where ef, € R® is the standard basis vector in d’ dimensions. And the relative position encoding for
the keys as,

[l 0],  ifi=0,

(1),K * T N
PU = o O] e (12,40 k2 (24)
04x1 otherwise.

And for the value vectors, pr = 0 for all 3.

For the first layer and first head, we will describe the value, key and query matrices. Choose,
1 1 0
W' =k [O 0] , and,
0 1 0 =
1 _ IxI*
Wy = e { 0 0 0] :

137535 https://doi.org/10.52202/079017-4369



Then, observe that for 7 > 1,
<WI(<1)(a:n,¢ + pl(-l)’K), Wél)a:n> =kl =1)
and for ¢ = 0,
<W;(<1)(93n + p((Jl)’K),WC(;)a:n> =K

In particular, letting £ — o0, the attention pattern is,

= JMi=0)+ (i =1). (26)

)
tt
& 2

n,n—1i

Choose the value matrix as,

1) _ [O@+s)xe+ O
Wy [ 0 I

together with the residual connection, we get,

5137(12) = [ 01+

e +e | Oz | Oixs | @7)

l‘es

Tn

Layer / + 1. By induction, assume that the output of the /" transformer layer is of the form,

ZL'ngl) _ [ leg* 1 ‘ (. ‘ le(k*,gé)s ‘ 01><5' ]T (28)

for some vector v, € R2°S. We will show that with appropriately chosen key, query and value vectors
in the (¢ + 1)™ layer, the output of this layer is,

wgﬂ) = [ leg* 1 ‘ Unp ‘ vy, + U, ot ‘ 01><(k*—2£+1)5' ‘ les ]T (29)

We will consider the same relative position encodings and query matrix in this layer as in the first
layer (Equations (24) and (25)). Consider a key matrix of the form,

(+1) _ |01x¢ /K O
WK _[ 0 0 O

With this choice, observe that for 7 > 1,

<W[(f+1)(m(“'1) +p§€+1),K)7 Wg+1)mg+1)> — k- 1(i = 2

n—i

and for 7 = 0,

n

(WD @l 4 plf ), W Dl —

In particular, letting x — 0, the attention pattern is,

att! T = %]I(i — 0) + 21 = 29). (30)

n,n—i

Choosing the value matrix as,

(¢+1) _ [Ogrq2ts)xex 0
Wy _[ 0 21 |

we get,

.’1}%+2) = [ O1xp | 1 ‘ U, ‘ Un + U,,_a¢ ‘ le(k*_24+l)s ‘ O1xs ]T (31
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Final last transformer layer (¢ = ¢*). The output of the second last transformer layer, indexed

0* —1is,
() & (0% (£ 1) | (=) w—l) r
Zn =T, = [ lef* 1 ‘ Un ‘ +v _or*—1 01><S ]
* * * T
[ o |1 W o |

which follows by plugging in the definition of k*. Note that there exists a linear transformation L")
such that,

* * * - ' '
2D () () [ O1xer | 1 ‘ vy Y ‘ v :) ‘ O1xs ]

This can be further decomposed as,

z%z*q)
[ Ouer [ 1] 0 [l 02 oD D 0D s |
And yet again there exists a linear transformation L(*" ~1) which transforms this as,
Zv(f*_Q) N L(e*—l)z(z*—l)
= [ O | 1 ‘ (e*—z) ‘ Z*;e%) 2 (5:;*2),2p_2 wz),ge*—2 01xs ]T
_ [ 01,0 | 1 ‘ o2 ‘ nz:z) ‘ U(@:;) ‘ ”,(f*:kz*) 01vs ]T (32)

By recursing this argument and composing all the linear transformations, up to a global permutation,
we get that,

HL(e “—[01 -

[ 01><Z*

1 ‘ vy, (1) ‘ vn 1 ‘ ‘ vfllj(k,il) ‘ O1xs ]T

1 ‘ ezn

s T
el e, | Ous | (33)

In the final layer, we will right multiply the key, query and value matrices by L* = ]_[Ll L") The
effect can be interpreted as operating the original key, query and value matrices on the embedding
vectors in Equation (33). In the final layer, we will set all the position encodings to be 0 and consider
the key and query matrices,

WI((@*):\/E[OSkx(z(;+1+S) ISk6<Sk 8]

0 I 0 G
() _ Skx(e*+1) 1SkxSk
Wo ' =V [ 0 0 0]
Then,
N k—1
<W(€ )L *x (é ) W(Z )L*m(e )> =k Z W(@p—j = xi—1-§) (35)
=0
Where we must be careful to note that the input w%*) contains copies of e, , €4, |, ", €4, , SiNCE

k* = k + 1 by definition.

Letting k — o, if there exists ¢ such that Z?;S I(zp—j = xi—j—1) > 0, for n > k, the attention
pattern is,

tt(é ) I[(-Tifl =Tn, Ti—2 = Tp—-1,""" ,Li—k = xnfkwtl)

(36)
mh N (@i = Ty Wi = Tty Tk = T k1)
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Finally, choose,

+2) _ [O@—s)x@er+1y 0 0O
Wy Osx(++1)  Isxs Of’ 37

we get,

(/ +1) + Z Zn .131 1= TpyTi—2 = Tp—1,""" , Li—k = xn—k-‘rl) |:0(d—S)><1] (38)

xz—l =Tp, Ti—2 = Tp—-1y""* yLTi—k = Z‘n—k-‘rl) €x;

i

Choosing the subsequent linear layer as,

A =[05x4-s) Isxs] (39)
b=0sx1 (40)
Results in the output,
: O Wy = Tty Tt = T, Ty = TT—1, 3 Ty = TT— o4 1)
logitp(zp41) = Z 7 (4D
o Yk l@n1 =2, Tn—o = X1, Tk = TT—k41)

which is precisely the in-context conditional k-gram.

C Proof of Theorem 4

C.1 Modifying the definition of layer normalization

In every layer, we will perform a simple transformation which is to double the hidden dimension d

and add a copy of ac( ) into the last d coordinates. This is possible by modifying the weights of
the transformer appropriately as discussed below. A consequence of this transformation is that the
feature mean of the x,,’s is y,, = 0, and therefore the standard deviation o,, simply normalizes by
the Lo-norm of the features. In order to avoid having to explicitly state this transformation at each
layer, we will simply redefine the layer norm LN to output v/||v |2 for the input vector v, which is
realized on the first d coordinates of the transformed embeddings.

This transformation can be realized automatically by redefining the initial embeddings Emb(z,, ),
and modifying the weights of the attention and feedforward subnetworks as follows: The input

embeddings are changed to [Emb(z,,) —Emb(xn)]T e R??. The key and query matrices are
chosen to be 0 on the last d coordinates in every layer; the value matrix for 7 > 1 is transformed

to Blkdiag({W‘(/é)7 W‘(/Z) }), and likewise changing the feedforward layer to the block diagonal

matrices Blkdi ag({Wl(Z), w? }) and Blkdiag({WQ(e), w" }). This transformation adds a copy

of —a:% ) into the last d coordinates of the corresponding embeddings.

C.2 Notation and supplementary lemmas

For each i € [T, define,
Vi=¢€p  +3 €p ,++3 e, (42)
Ui=ey +3 €p o +3 e, 43)

Note that although v; = u;_1, we make the distinction between the two to avoid any confusion in
what is stored in the embedding vector at time ¢ and at time ¢ — 1. Furthermore, define,

I, = {k+1<z<nV]e[k],:vz,j :xn,jﬂ}. 44)
Lemma 1. Ifi€ Z,, z; = z,_1. However, ifi > k + 1 buti ¢ T,, Hu T H2 > 37k,
Let j* € {0,1,--- ,k — 1} denote the largest index j such that x,,_; # x;_;_;. Consider the
coordinates a = x,,—;+ € [S] and b = x;_j«_1 € [S]. Then,
J =1 G*
(Vn,€q) = (wi,eq) > 3 Z 3 == (45)
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i)~ (o 2) > o (46)

I o l2 = [ui2, then,

(2] "y 3j* ix_
7 b> < > > <u eb> <U eb> — = 3] k (47)
HUZH2 lvnl2” max{[wz, [vn2} ~ 2.5

2

This uses the fact that u; and v,, are coordinate-wise non-negative. On the other hand, if |v, |2 <
|w;]2, using a similar analysis,

< ’a> <1M >>yub (48)
\|U1H2 [on]2’

In either case, there is a coordinate (a or b) such that, w;/|u;||2 and v,,/|v, 2 differ by at least 37" .
This implies the lower bound on the Lo norm of the difference of the vectors.

C.3 Proof of Theorem 4

Choose the input embeddings as,

T
:Dgll) = Emb(xn) = [01><3 65 01><5s] € RGS+3 49)
In the first two layers we will use the same relative position embeddings, in particular,
log(3) - [1 0], ifi =0,
P = pP = L )y logB)-[0 1 0], ifie{l,2,- k—1},,  (50)

(k+1)y/log®)-[0 0 1 0], ifi=k

and the value embeddings,

pOV _ p@V _ 31 O]T fpri <k 51
0 > k.
In the final layer, we will drop all position-related information and choose p(‘g) K pl(-3)’v = 0 for

all 4.

Layer 1. Consider the key and query matrices,
(1) _ . 11 X2 0
WK - \/E |: 0 0:|

1 |01x3 1lixs O
Wy = e [ 0 0 o0

(52)

Then, observe that,
(1) (1),K 1 — (i . i i _
W' (Emb(z,—) +p; ), W, 'Emb(z,,) ) = k(i + 1)log(3) - I(0 < ¢ < min{n, k} — 1)
Letting k — 00, this results in the attention pattern,
T k}—1
att _ 3'I(0 <@ < min{n, k} —1) 53)

n,n—i mln{n k}—1 321
Zi’zo

Choose the value matrix as,

(1) _ [O(s+3)x3 O
Wy _[ 0 I
The output of the attention layer (with the residual connection) is,
- min{n,k}—1
%;1) = [ 0143 ‘ efn ‘ Uy, ‘ 01439 ] , where, u,, = atty, n_i efnii. (54)
i=0
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In the feedforward layer to follow, we will choose,

wi =1
(1) Oi+25)x3+s) 0 O (55)
W2 = 0 ISXS 0
0 0 o0

Which simply extracts w,, from w% ). With the subsequent layer norm and residual connection, the

output of the first layer is,

z? = [ 013 | s Uy | O1x3s ]T (56)

Scan
[wn 2

Layer 2. In this layer, the relative position encodings and query matrix are the same as in layer 1
but the key matrix is chosen as,

Wi = Vi [8 e 8] 57)
With this choice, observe that,
<W§f>( @ 4 pM ) WP ® > — k(i +1)log(3) - I(1 < i < k) (58)
As before, since k — 0, this results in the attention pattern,
att@ 31]1( < min{k,n — 1}) (59)
e S

which is similar, but subtly different from the attention pattern in the first layer (Equation (53)). The
first layer focuses on indices n — ¢ such that 0 < ¢ < k — 1, while this layer focuseson 1 < < k.
Choosing the value and projection matrices as,

I3xs 0 0
2 _ |03sx3 0 O
WV - 0 Isxs O (60)
0 0 0
The output of the attention layer (with the first residual connection) is,
T
F2 = [ 20 v | e, [ua | g | oa [ Ouas |
min{k,n—1}
Where’ v, = Z attn;nfi 65”71.7 (61)
i=1
min{k,n—1}
and, Z,, = Z atty n—i 3°,
i=1

It is a short calculation to see that Z,, = 3k+1/5 if n > k + 1 and otherwise, Z,, < 3’“/5. This
will be useful later, since the value of Z,, can be used to determine whethern > k + 1lorn < k
which will allow the the next layer to avoid calculating the attention at ¢ < k, where the evaluation

Ty = Ti—1, " ,Tn—k+1 = Ti—k 18 not well defined. In the subsequent FFN layer, we will choose,
w =1
@ 0i34a5)x(3+435) O 0 (62)
W,” = 0 Isys 0
0 0  Osxas

Which extracts v,, from the embedding :cn) With the layer norm and adding the final residual
connection, the output of this layer is,

T
) = [ Zn | O2x1 | €F, [ un | @i | on | i | Osa ] (63)
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Layer 3. In this layer, all the relative position encodings are set as 0 and instead,

5 1 0 0 0
W = Vs lﬂ Osx2435) Isxs 0]

0 0 0 0 (64)
5 1 0 0 0
W = V2K lO Osx(2+45) Isxs 0]
0 0 0 0
With these choices,
2 1y Wn
<W;(§’)w§3),Wé23)w§L3)> 977 + KV, U )
|vil2 - [wn2
2
— T+ 2 — k| i Yn (65)
lvillz a2
The resulting attention scores are,
v; u 2
atts’z ocexp | —k L + 2627, (66)
: lvil2 llwnl2

Recall thatZ,, = {k+1 <i <n:Vje k], ,_;j41 = x;—;}. Then forany i € 7, v; = u,, and
by Lemma 1, for any ¢ > k£ + 1 but not in Z,,,

1

37](,‘.

V; Uy

Jvilla fenl2

=

2

Note that this gap is small but non-zero. Furthermore, recall that Z; = 31 /5 if i > k and otherwise
Z; < 3F /5. Thus the attention prefers values of ¢ such that v; = u,, and such thati > k + 1. In
particular, as k — o0, the resulting attention pattern is,

att(?) = Unif(Z,,). (67)
Choosing,
@ _ | 0 0 0
Wy™ = [Ost Isxs 0] '
We get that,

~3) _ @ N @[O0 e, L 0
x, =x, +Zattw- |:€ij| =z, + Z s |-

i=1

The feedforward layer is chosen to have W1(3) = WQ(S) = 0, and the overall output of the final

transformer layer is therefore just %513). In the output linear layer, choose,

A= [05x@a-s5) Isxs|

b=0 (65)

which results in,

logitn=i265,= Zn: o ]I(Wéf

In particular,

logity (2741) = Syt [0 i<y onci = 2ri0) (69)
e Zleﬁ-l I(VI<i<k, xpi=x7_i11)

which is the conditional k-gram.
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D Representation lower bounds for 1-layer transformers: Proof of Theorem 5

We prove this lower bound by a reduction to communication complexity, and specifically to the set
disjointness problem.

Suppose Alice and Bob are given strings a, b € {0, 1}™ which are indicator vectors of sets A and B.
Their goal is to jointly compute DIS(a, b) = I(3i : @; = b; = 1), which indicates whether A and B
intersect or not. Alice and Bob may send a single bit message to the other party over a sequence of
communication rounds. The following seminal result by [29] asserts a lower bound on amount of
communication required between Alice and Bob to carry out this task.

Theorem 7 ([29]). Any deterministic protocol for computing DIS(a, b) requires at least n rounds of
communication.

We show that a 1-layer transformer with sufficiently small embedding dimension / number of heads
can be used to simulate a two-way communication protocol between Alice and Bob to solve DIS(a, b)
in a way which contradicts Yao’s lower bound in Theorem 7.

Withm = T/3—1, suppose Alice and Bob have length m bit strings a, b € {0, 1}". The transformer’s
input will be a sequence of the form,

23a17b1327a27b27"' 327am>bma2717 (70)

of length 3m + 2 = T' — 1. The input basically contains a repeating motif, composed of the symbol
2 followed by one of Alice’s bits, and then one of Bob’s bits. The last 2 symbols are 2 and 1. We
will consider the empirical conditional 3-gram probability the transformer associates with the symbol
xp = 2. Noting that 7 = 1 and xp_5 = 1, the conditional 3-gram is computed to be,

Z?:_gl Iz =1,2i-1 = 1,2i-0 = 2)

= (71)
Zingl ]I(.’L‘Z',l = 1, Ti—o = 2)
Note that if z;_5 = 2, then ¢ must be of the form 3j for j = 1,-- - ,n, and we may rewrite the sum
as,
Z;-nzl I(z3; = 1,351 = 1) _ |AnB| 72)
2o Lzsj-1 = 1) |B]
Now, let us use the transformer to construct a deterministic communication protocol between Alice and
Bob. Alice is given (z2, 5, -+ , Z3m—1) = (@1,a2, - , @, ) and Bobis given (w3, z6, -+ , T3m) =
(bh b27 e abm,)-

In the first round, Alice computes the normalization in the softmax of the attention which comes from
the set of inputs she holds. For simplifying notation define,

score(h)(i) = exp <<Wi(<h) (Emb(z;) + ps), Wéh)Emb(xT_1)>) (73)
In particular, for each head h € [ H], she computes,
Z/(Jﬁ)ce = log (ijl score™ (35 — 1)) (74)

Assuming that the transformer uses p bits of precision, Alice communicates Zgﬁle for each h, which
corresponds to pH bits of communication. With this information, Bob completes the rest of the
normalization term (again up to p bits of precision) and computes,

2" = og (Z{e + Zhon + Zihmen) (75)
where Zéﬁt), = log (Z;nzl sc0re(h)(3j)> (76)
and Z(W —log (Em ) score™ (35 — 2) + score™ (T — 2) + score™ (T — 1)) (77)

=

which is the overall normalization term in the softmax. This is communicated back to Alice, using
another pH bits of communication. Next using this information, Alice computes the output of the
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attention layer, taking the convex combination corresponding to the inputs she knows. In particular,
for each h € [H] she computes,

i score™ (35 — 1)

. d
exp(Z(h)) Emb(:c;),]_l) e R%. (78)

j=1

across all the heads. Rather than transmitting everything, she concatenates the outputs of the heads,
and multiplies them by the value and projection matrices to result in the output yajce Which is
d-dimensional. This is sent to Bob using dp bits of communication. Subsequently, Bob computes the
terms in the attention corresponding to the inputs he knows as well as the public inputs (all the 2’s at
positions 35 — 2 as well as the last two symbols). In particular,

& score™ (35) " score®™ (35 — 2) score™ (T — 1)
————~Emb(x3; —— ———Emb(2 ——— ———Emb(1 79
2oz BRem) 2 Ty B ) oy k() ()

These are yet again concatenated across all the heads and multiplied by the value and projection
matrices to result in the output ygo, Which is added to yajice to result in y. Bob passes y through
the residual connection, layer norm, and feedforward layers, and subsequently through the linear
layer and softmax of the model to result in the output of the model. By assumption, the output of the
model approximately captures the conditional 3-gram, which by Equation (72) equals |A n B|/|B].
Note that if | A n B|/| B] is non-zero, it must be at least 1/T". This means, if the transformer is able to
compute the conditional 3-gram to within an additive error of 1/3T", then Bob can simply threshold
the output of the transformer to decide whether A n B = & or not, thereby solving DIS(a, b).

Since this communication protocol is deterministic, by Yao’s lower bound in Theorem 7, the number
of bits communicated between Alice and Bob must be at least m = 7'/3 — 1. The total number
of bits of communication in the protocol is 2pH + dp + 1 (the last 1 comes from Bob having to
communicate the answer to Alice), completing the proof.

E Lower bounds on representing £"-order induction heads: Proof of
Theorem 6

In this section we prove the size-lower bound on attention-only transformers representing k"-order
induction heads in Theorem 6. To enable this result to be better interpreted, we will break it down
into two corollaries.

Corollary 1. Consider an L-layer attention-only transformer with 1 head per layer and relative
position encodings, which satisfies Assumption 1. If L < 1 + log,(k — 2), the attention pattern in
layer L of the transformer cannot represent a k™-order induction head.

Corollary 2. Consider an 2-layer attention-only transformer with H heads in the first layer and
relative position encodings, and assume that Assumption 1 is satisfied. If H < k — 3, the attention
pattern in the 2" layer cannot represent a k™-order induction head.

We will first prove the result for the case L = 2 and H = 1, which falls in the intersection of both
of these corollaries. We will show that these models cannot represent k-order induction heads for
k > 3, under Assumption 1. We subsequently extend it to the general L-layer transformer (i.e.,
Corollary 1) in Appendix E.2 and to the general case with Hy heads in layer £ € [L] in Appendix E.3.

E.1 Lower bounds on 2-layer 1-head attention-only transformers

In this section we show that under Assumption 1, a 2-layer 1-head attention-only transformer cannot
represent k-order induction heads for any k& > 4. We will prove lower bounds on the transformer
when the input is binary, i.e., S = {0, 1}. With relative position embeddings, observe that the first
layer of the transformer model learns representations of the form,
Vi(
2 = Emb(z,) + Y. att]) W + > wip ) (80)

n,t
i<n i<n

where note that the attention pattern only depends on n and ¢ and not on x; or x,,. These representa-
(2)

tions are input into the second layer, which realizes the attention pattern att,, ;, which is proportional

137543 https://doi.org/10.52202/079017-4369



to,

exp (WD (@ + pltD), wa@)). 81)
We need this function to be maximized uniquely when ;1 = z,, - ,Zij—r = Tp—k+1. Denoting
$(0) = Wé”Emb( 0) and (1) = Wé”Emb(l)
2 = Emb(z,) + Y. att!)) W Enb(z,) 2 wHphV (82)
<n <n
= w,Emb(1) + (1 — 2, Emb(0) + Y att{! o(1) + (1 — ;) + > wlph
<n <n
(83)
() B B0)) | 50 (A0 ) —60)
2 = 2
+3 Wé”pﬁ}l;-v (84)
i<n

where 2} < 2z; — 1. We can write this down as,

o = mll) + MO, o, )

n

T (85)

where Mr(Ll) is a matrix of rank at most 2 and of the form,

M — (¢(1)2¢(0)) [attg% et 1)] n (Emb(l)Emb(m> [1 0 -+ 0] (86)

n,1 2

which is independent of 2, -+ , 2/ . Likewise m( ) collects all the vectors in the sum that don’t
depend on - - - , &}, . Now, observe that in the next layer, we wish to show that an induction head

cannot be realized by attffz for each i < n. We will show this for any value of ¢ < n — k.

In the second layer, we may write down the key vectors as,

W2 (o p2) - wm - WEMP L el WK )
Again, defining the vector ﬁgl) and the matrix ME” appropriately (having rank at most 2), this
equals,

_ —=(1
D({aih o dal e ah) + My (88)
where y = [wg_l ceexh k]T and the vector m,@ depends on z} as well as the inputs
x;_ PERTEER , ), which in this context, are treated as nuisance variables since they do not inter-
sect with {z}_,,--- ,2,_,} U {Zn, -+, Tn_k+1}. Henceforth we will avoid explicitly stating the
dependency of mz(.l) on the x;’s. Similarly, the query vector can be written down as,
wiz® =md + MVz + MVy (89)
where m(l) M,Sl) and ]\//.7,(11) are defined appropriately, with ]\//.7 1 and ]\//.77(,1) of rank at most 2, and
@ is defined as [z], - 2)_, +1]T. For an appropriate matrix M,*;, vectors m,; , and m,; ; and
scalar mn ;» the dot-product of the key and query vectors can be written as,

(W9 4 w2

= wTMrT,iy + yT (M:,z)y + ( n, z) T+ ( n, L) Y+ mn i fn,i(w’ y)v (90)

Which is a linear function in = and quadratic in y, both of which lie on {+1}*. Note that the matrix

1)

M x ; has rank at most 2 since it is a product of M and M,(Ll), each with rank at most 2. Next we

1ntr0duce a lemma showing that if M * n.; 1s inherently low rank, the quadratic form in Equation (90)
which captures the dot-product between the key and value vectors cannot satisfy the property that
for every y, the function is uniquely maximized at * = y. In particular, this means that for any
i < n — k, there is some choice of x,,, x,,_1,- -+ , Tp_g+1 such that there are x;_1,- -+, z;_j such
that for at least one j € [k], z;— j and x,,_;_; are not equal, but the attention score is larger than the

case when x;_; were equal to x,,_,_1 for each j € [k].
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Lemma 2. IanXZ has rank < k — 2, it is impossible for f, ;(x,y) to satisfy the property that for
every y € {+1}*, the maximizer is uniquely x = y.

The proof is almost complete: if k& > 4, then the rank of M_* ., which is at most 2, does not exceed

n,i’
k — 2. This means that when k£ > 4, any attention pattern realized in the second layer must satisfy
the property that there exists a string such that the attention is no longer uniquely maximized when

Lp = Ti—1,""" sy Tn—k+1 = Ti—k-

Proof. For the purpose of brevity, define H;, = {+1}*. First consider the reparameterization,
~ _ AfX Ve (Mg(,i)T
x =M, x, where M, = [(mrxu)T . on

Then, the dot-product of the key and query matrices can be written as,
~ T (W~ —x \T

[y" 1]z +y" (M, )y + m; ) y+m), (92)
Note that this function is linear in @ and therefore must be maximized on a vertex of the convex hull
of the domain, Mnfi’Hk = {Mnxlh che ’Hk}. If Mnx,i has rank at most k£ — 2, the rank of M, is
at most k — 1 and cannot be full rank. We show that this must imply that there is a vertex v € Hy,
such that M,ii'u is not a unique vertex of the convex hull of M,f, ;, Hr. This means that v cannot be a
unique maximizer for & when maximizing over all strings in Equation (92), and specifically y = v is
a witness to Lemma 2.

Below we discuss how to find such a vector v. Note that M, ¢, is not full rank, which implies that

there exists a vector n such that Mszn = 0. Without loss of generality, let 12; be the smallest
non-zero coordinate of 7 in absolute value. Then the vector n; 'n has no non-zero coordinates in
the interval (—1,1). We will show that sign(n; 'n) is a good choice for v.

Consider two cases,

Case I.  Every non-zero coordinate of n; 'n is in {+1}. Consider any = € #;, which matches with
n on the non-zero coordinates. Consider &’ which is the same as x, except a negation is taken on
the coordinates where n is non-zero. Note that M.« = M *.x’, for the same value of «. This

means that for any y. In particular, from Equation (92), both « and &’ are maximizers, showing that
Lemma 2 is true in this case. We circumvent having to find such a vector v in this case.

Case II. n;'n has non-zero coordinates which are not all in {+1}. In particular, at least one
coordinate where this vector is strictly less than —1 or strictly greater than +1. In this case, observe
that the sign vector 1 = sign(nl_ln) € Hy, lies within, but is not a vertex of the convex hull of

the set 1 U {n] 'n}. The reason for this is simple to see when we assume that n; 'n has only
one coordinate which is not in [—1, 1], say, the coordinate j = 2: here, 72 can be written down as a

convex combination (with non-zero coefficients) of nl_ln and 7(?); the latter vector is obtained by
flipping coordinate 2 of 7:. When there is more than one coordinate not in [—1, 1], we can peel away

these large coordinates in nl_ln by taking a convex combination of this vector with the vectors 72.)

for the appropriate values of j, to return the sign vector 71. Here, 72(7) is the version of 73 where the
j%-coordinate is flipped. This results in the following claim.

Claim 1. The sign vector T lies within the convex hull of the points Hy, U {nl_ln}, but is not a vertex
of this set.
In particular, we may write,
fi = agnyin + Z o). (93)
j€ln]

where a > 0 and Z;‘:O o; = 1. By left-multiplying this on both sides by M . and noting that n
lies in the null-space of this matrix, we get,

LY Sy e 1C) (94)
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where note that >’ 19 is strictly less than 1, since cig > 0. We may write this vector as,

je[n]
Mézﬁ = a0 + Z Oéerii'ﬁ(j)
Jj€ln]
2 i+ 2 ajMnXZn(7 95)

hEHk

Since cp > 0, this equation implies that the image of 72 under M %, itself falls within conV(M He),

n, [
but is itself not a vertex of this set. This means that 72 can never be a maximizer of fw( Y ) for any
y, and in particular when y = 71, thereby proving Lemma 2. O

E.2 L-layer attention-only transformers with 1 head per layer: Proof of Corollary 1

Proof. The proof largely tracks the 2-layer case, with the main exception that we keep track of how
the maximum possible rank of the matrix M, grows as a function of the depth of the transformer.
In the case the 2-layer transformer, we show that it cannot exceed 2. With the addition of more layers,
we show that it cannot exceed 251

Recall from the notation in Equation (85) that the output of the first attention layer is,
2? =m® + MO [z}, - 2f]" (96)

where M,(LI) € RI*™ has rank at most 2. Let us rewrite this as,

z?) = mV +M( ) [ oy - x’l]T 97)

where MS) e R¥T is causally masked to be 0’s when it operates on z; for all indices i > n. Note
that even with this causal masking, MS) has rank at most 2, as discussed in Equation (85).

By induction, assume that the output of the (¢ — 1)™ attention layer is of the form,

2® = mD L M Vg (98)
where 1.7 = [x'T Ty e 9:1] . Passing :cn) through the /" attention layer, we get,
20 =2+ 3 attl Wi (2l + 1)) (99)

i<n
mg_l) +M£fﬁ ):cl T+ Z att W“ —|— Z att(é W(e M(e 1)

i

<n i<n
+ > attl) wipll (100)
<n
Define,
m{) =m{=D + 3 aetl) WPm{ T + Y attl), wip{ Y and, (101)
<n i<n
My =+ S el wiar (102)
<n
Then, we can write down,
2D = mO Mz, (103)

We also inductively assume that for every ¢ < n

Y has rank R < 2671 and,

can be factorized in the form Zle U, vy,
the w,.’s do not depend on i.

where only the v; ,.’s depend on %, but

Lf’

https://doi.org/10.52202/079017-4369 137546



)

Both of these conditions are true when ¢ — 1 = 1 as evidenced by the structure of M’ in Equa-

tion (86) and noting that M(l) is obtained from M; ™) by right multiplying by a diagonal mask
matrix. Using the recursion in Equation (101), we prove that the induction hypotheses (¢) and (i7)
are true at layer £ as well. In particular using the decomposition in (1), observe that,

R
Z Uy - vn »t+ Z att(z W(e Z Uy -UZT (104)
r=1 i<n r=
Ll T

=N, ol + Z W, (3, at v, (105)
T2=}; r=1

=S w0l (106)

i
Il
—

where for v’ € [R], ugy,y = W‘(,e)ur and v,, ,» = Zisn attgf)i v; . Since My) is the sum of

2R rank 1 matrices and therefore has rank at most 2R < 2¢, proving both parts of the induction
hypothesis.

By induction, at the end of the (L — 1) layer, we have an output which looks like,

S m;L*” +M§LL_1)

n

xiT (107

where M,(LL_l) has rank at most 2°~1. More importantly, note that by the causal masking, even
though it appears to depend on the whole input sequence through x;.7, note that acglL ) only depends
on z1,- -+ ,T, and not on the future inputs to this time n. In particular, by a similar argument as
in the 2-layer case (cf. Equation (85) to Equation (90)), for any ¢ < n — k we can decompose the

dot-product of the key and query vectors at the L™ layer as a bilinear form which looks like,
<W;((L (0 4 By WéL)xSLL)>

="My +y" (M, )y + m: )Tz + @)y +m), = [ (@,y) (108)

where  and y are defined as [x’n Xy +1]T and [ 1 T ,C]T respectively, and
M, has rank at most that of M(L 2 , which is 2~ In particular, if 2¢~ < k — 2, by Lemma 2
the | proof concludes. O

E.3 The general case: Transformers with H, heads in layer ¢: Proof of Theorem 6

The h™ head of the first layer of the attention-only transformer learns patterns of the form,

Fh = 3 atelM Wi Enb(« )+ W, {mp Y (L) (109)
h h h
0 1
=Eattfl{;h)<¢()+¢()+$2-¢(> > zwlh)xih) (110)
i<n 2 i<n

where the last equation assumes a binary input sequence, defines z; = 2x; — 1 and uses the notation

¢"(0) = WM™ Emb(0) and ¢" (1) = W™ Emb(1). We can further rewrite this as,
g1 = mM ¢ MW g (111)

(1,k) c RIxT ;

where each M, is rank 1 and applies a causal mask on the inputs z; for ¢ > n. Recall

that the output of the first attention layer applies a projection matrix on the concatentation of a:(l h)

across h € [H;] and then adds a residual connection. The output can be written down as,

mg,l) M7(Ll,1)
82 = Emb(z,) + WS | 1|+ W : T17 (112)
(L) MLHD
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=m) + MV, (113)

where,
Mr(Ll’l)
MY = <Em’(1) ;Emb(0)> el + wi : , and, (114)
mg,l)
Emb(1) — Emb(0
mgll) _ < ( )2 m ( )> JrWél) (115)
mgll,Hl)

Notice that the rank of the matrix M,(Ll) is at most H; + 1. This is because the concatenation operation
can increase the rank at most additively, and since each of the Mfll’h) matrices are rank at most 1.

Following through the proof in Appendix E.2 for the L-layer case, we can prove inductively that at
any layer /, the output looks like,

ng) = mﬁf) + M,(f)aclzT (116)

where the rank of M, is Hle(Hz— + 1). Invoking Lemma 2, if Hf;ll (H; +1) < k— 2, the
attention-only transformer cannot realize a k"-order induction head at layer L.

F Model architecture and hyper-parameters

The experiments were run on one 8 x A100 GPU node.

Parameter Matrix shape
transformer.wte 2xd
transformer.wpe N xd
transformer.h.In_1 (x£) dx1
transformer.h.attn.c_attn (x¢) 3d x d
transformer.h.attn.c_proj (x£) dxd
transformer.h.In_2 (x¢) dx1
transformer.h.mlp.c_fc (x£) 4d x d
transformer.h.mlp.c_proj (x£) d x 4d
transformer.In_f dx1

Table 2: Parameters in the transformer architecture with their shape.

G Additional experimental results

Assumption 1 suggests that the attention patterns attgf )1 inlayers { = 1,2,--- , L — 1, as learnt by an

L-layer attention-only transformers may only be a function of only the position indices n, ¢. In this
section we run some additional experiments to test this conjecture. We train a 2 layer attention-only
transformer with k heads in the first layer, on data drawn from a randomly sampled k'"-order Markov
process, and focus on the learnt attention patterns as a function of in the input sequence. Figure 7
plots the results of this experiment for £ = 2 and Figure 8 for £ = 3. While in both cases there is
some variance in the attention patterns learnt by the transformer in some of the heads, we believe
that this is a consequence of the iteration budget of the transformer, and specifically the fact that
even if the test loss appears to have converged, the transformer may still continue changing in the
parameter space. Furthermore, when the attention patterns have some non-zero but small variance as
a function of the input, a relaxation of Assumption 1, we also believe that the results we proved in
Corollaries 1 and 2 and Theorem 6 should carry over approximately and leave this as an interesting
question for future work. Conditional lower bounds of this nature, reliant on structural assumptions
the transformer appears to demonstrate in practice are an interesting area of future research.
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Dataset k-th order binary Markov source

Architecture Based on the GPT-2 architecture as implemented in [30]
Batch size Grid-searched in {8, 16}

Accumulation steps 1

Optimizer AdamW (81 = 0.9, B2 = 0.95)

Learning rate 0.001

Scheduler Cosine

# Iterations Up to 25000

Weight decay 1x1073

Dropout 0

Sequence length Grid-searched in {32, 64, 128,256, 512,1024}
Embedding dimension  Grid-searched in {16, 32, 64}

Transformer layers Between 1 and 8

Attention heads Uptok

Repetitions 3

Table 3: Settings and parameters for the transformer model used in the experiments.
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Figure 7: Mean attention for column n = 10 of the two heads of the first attention layer, for a 2-layer
2-head transformer model trained on an order-3 Markov process, averaged across 100 input sequences
of length 128.
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Figure 8: Mean attention for column n = 10 of the three heads of the first attention layer, for a

2-layer 3-head transformer model trained on an order-3 Markov process, averaged across 100 input
sequences of length 128.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The paper presents experimental evidence about k'"-order Markov processes
being effectively learnable by small-depth transformers. We also prove theorems about the
representation power of low-depth transformers, which are stated in the main paper.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

 The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We state that our lower bound in Corollary 1 is a conditional result in Sec-
tion 6.1, and that it is an important open problem to see whether the conditional statements
can be removed. While our work talks about the representational power of transformers, we
also mention that learning dynamics of gradient descent is an important direction that future
work needs to address.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: All theorems in the paper are stated and cross-referenced with proofs in the
appendix.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Experiment hyperparameters are presented in Tables 2 and 3 and the code has
been provided along with the supplementary material.

Guidelines:

» The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
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In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: All the code has been open sourced; hyperparameter choices have been
provided in Tables 2 and 3.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Tables 2 and 3 cover this information.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: Standard error bars are provided on all plots.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Details in Appendix F.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: No NeurIPS code of ethics were violated.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: This work is a primarily theoretical study on the behavior of tokenization on
toy problems (learning Markov chains). The societal impact of this research is not likely to
be significant.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.
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* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: No models with a high risk for misuse were trained or released.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: Code has been properly credited, via citing the relevant papers.
Guidelines:

e The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
13. New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: No new assets released.
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
14. Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: No crowdsourcing or research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: No crowdsourcing or research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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