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Abstract

Dense Hopfield networks with p-body interactions are known for their feature to prototype
transition and adversarial robustness. However, theoretical studies have been mostly
concerned with their storage capacity. We derive the phase diagram of pattern retrieval in
the teacher-student setting of p-body networks, finding ferromagnetic phases reminiscent
of the prototype and feature learning regimes. On the Nishimori line, we find the critical
amount of data necessary for pattern retrieval, and we show that the corresponding
ferromagnetic transition coincides with the paramagnetic to spin-glass transition of
p-body networks with random memories. Outside of the Nishimori line, we find that
the student can tolerate extensive noise when it has a larger p than the teacher. We
derive a formula for the adversarial robustness of such a student at zero temperature,
corroborating the positive correlation between number of parameters and robustness
in large neural networks. Our model also clarifies why the prototype phase of p-body
networks is adversarially robust.
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1 Introduction

Hopfield networks are artificial neural networks that model associative memory [1]. In the
Hopfield model, examples o € {—1,1}" of memories Eh e {—1, W, uw=1,...,M, are
retrieved by sampling the Gibbs distribution of a 2-body Hamiltonian H [0'|§ ] at a given
temperature T [2]. Hopfield networks can be trained in a biologically plausible way using

2
Hebb’s rule [1, 3], which leads to H [(T|§ ] = —% fo:l (Z?IZI '3 ? 0',-) . However, they can only
store up to M ~ O (N) i.i.d. random memories in the limit of large N [1,4,5]. One way to
find this scaling is to study the phase diagram of H [0'|§ ] as a function of the temperature T

and load a = % [5], where the so-called ferromagnetic phase, which extends up to a ~ 0.14,
corresponds to accurate retrieval.

Since Hopfield’s seminal work, several generalizations have been investigated in relation
to their critical storage capacity and retrieval capabilities. For example, parallel retrieval
has been studied in relation to pattern sparsity [6-10] or hierarchical interactions [11-15],
and non-universality has been shown with respect to more general pattern entries and unit
priors [16-22]. Efforts to overcome the O (N) limitation of the capacity led to the development
of a novel class of modern Hopfield networks [23-25], which are sometimes called dense due to
their faculty to store much more memories than the original Hopfield model [26]. These neural
networks surpass O (N) storage capacity by using higher-order interactions instead of the
original 2-body couplings [27-32]. In particular, Gardner [30] calculated the replica-symmetric
(RS) phase diagram of the Hamiltonian H [0|§ ] = —EN J, Oi) .0, with p-body

i1<...<ip=1"11...0p
p!

interactions J;, i, = 51 Zu:l gﬁg: conditioned on i.i.d. random memories £ € {—1, 1}V,

findinga M =0 (NP_I) storage capacity. These calculations were later extended to include
the effects of one-step replica symmetry breaking (1RSB) [33].

Although they draw a rather detailed picture of the retrieval of individual i.i.d. random
memories, these results are not the end of the story. First of all, there is still significant
uncertainty on the location of the paramagnetic to spin-glass phase transition because of
numerical instability. Second of all, dense Hopfield networks have been rapidly gaining a
renewed attention for reasons other than their storage capacity since Krotov’s recent paper [26],
where they were used as a trainable machine learning architecture. For instance, they have
been related to transformers [23,34] and diffusion models [35,36], and they were found to be
significantly more explainable and adversarially robust than feedforward neural networks with
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ReLU activation functions [26, 37].

One such aspect of dense Hopfield networks that is still poorly understood is their per-
formance as generative models for unsupervised learning, where they are trained over some
given dataset to reproduce its probability distribution. As far as we are aware, this problem has
not yet been studied theoretically for p-body models with p > 3. However, it was studied for
the original 2-body Hopfield network by using the teacher-student setting [38] first described
in[16,17,39]. In the teacher-student setting, which is also called inverse problem in opposition
to the direct problem of random pattern retrieval, a student model H [§ |0'] is trained with M
teacher examples 0% ~ H [0‘1|§ *] conditioned on the planted pattern £*. In other words, the
student tries to infer the pattern &* of the teacher using a structured set of examples o ?.

At finite load a = %, two regimes of pattern retrieval were found: example retrieval
(eR) and signal retrieval (sR). In the eR phase, the student tries to reconstruct §* by directly
retrieving the examples %, which is a good strategy provided that they are strongly correlated
with &*. In the sR phase, on the other hand, retrieval is done by extracting subtle cues from
weakly correlated examples. The two types of examples used in these two retrieval strategies
are respectively called prototypes and features of £* [26]. Interestingly, a prototype regime
and a feature regime were also observed by Krotov in dense Hopfield networks trained to
classify real data [26], where it was found that the prototype regime is significantly more
adversarially robust than the feature regime. In other words, the prototype regime is more
resistant than the feature regime to small data perturbations that are specifically designed to
cause incorrect classification [40,41]. This prototype approach is arguably a big step toward
designing adversarially robust neural networks, a long-standing problem that still lacks a fully
satisfying solution [42-44].

In this work, we study the performance of p-body Hopfield networks in the teacher-student
setting, revealing a prototype regime and a feature regime as in the 2-body model. In Section
2, we review Gardner’s main results in studying p-body Hopfield models. In Section 3, we
compute the phase diagram of these p-body models in the teacher-student setting. In Section
4.1, we discuss the transition to the retrieval phase in the inverse problem and compare it
against the transition to the spin-glass phase in the direct problem. Despite their different
nature, we show that these two transitions are equivalent on the Nishimori line where the
teacher and the student have the same p and T [45-48]. In Section 4.2, we discuss the phase
diagram on the Nishimori line in more details. In Section 4.3 and Section 4.4, we discuss the
phase diagram outside of the Nishimori line. First of all, we investigate the effect of using an
inference temperature different from the dataset noise. Second of all, we reveal that using
a larger p for the student than the teacher gives the student an extensive tolerance against
both teacher noise and pattern interference. Finally, in Section 4.5, we derive a closed-form
expression that measures the adversarial robustness of the student at zero temperature and
explain what our results reveal about the nature of adversarial attacks.

2 Overview of Gardner’s results

Consider the p-body Hamiltonian

N N M
p! -
H [0|§] == Z Jiyiy Oiy o Oiy = T Z Z gil---gip 00, (1)
i)1<..<ip=1 i1 <..<ip=1u=1
-1
conditioned on a set of M = a1\11)z: quenched memories £ € {—1, 1}, u=1,..., M, sampled

iid. from the Rademacher distribution %[6 (gf’“ — 1) +0 (gf“ + 1)] In the direct model,
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patterns ¢ are in turn sampled from the equilibrium Gibbs distribution P(c|§) = Z~le~PHIoI5]
where 5 > 0 is the inverse temperature and Z = Y, _ e AHI718] is the system’s partition function.
The so-called direct problem studied by Gardner [30] consists of quantifying the performance

of this model as a method of memory retrieval. In that context, the overlap %Zl §i’“ o;isa
good measure of retrieval accuracy, and its expected value can be derived from the quenched
free entropy f = % (logz) ¢ in the thermodynamic limit N — oo. At finite p, Gardner used
the (non-rigorous) replica trick [49] to evaluate the RS approximation of f (see also Appendix
B) in terms of a variational principle of the form

1 o o1 a
£ = lim ~(ogz); = tim (| tog(zh),]) = Br slmkq,r)

whose solution is

q =J dx ! exp (—%xz)tanh2 (B[Varx +k])
R

vY2rn
1 1
m= | dx exp(——xz)tanh Blvarx +k
fR J2n 2 (bl )
r=pqP”
k=pmP},

and the order parameters m and q are to be interpreted as expected overlaps. To be more
precise, m can be shown to be the expected overlap of a retrieval attempt o against one memory

in the thermodynamic limit, i.e. m = limy_, oo (% IS fb a; >§ o Similarly, q is the expected

. . . 1
overlap between two retrieval attempts 0! and 02, i.e. ¢ = limy_ o <N > 0i10i2>g or
O

equivalently g = limy_, o (% > (O'i)f,)g. Intuitively, ¢ measures the tendency of the system

to stay frozen in specific configurations rather than visiting all possible values of o.
The resulting RS phase diagram (see Fig. 1) can be derived from the value of the order
parameters as a function of three hyperparameters: the interaction order p, temperature
!
T=1/p and load a = %. There are four different phases:
* In the Paramagnetic phase (P), the overlaps m and q both vanish. The network does not
retrieve any specific pattern: sampled configurations are completely random.

* In the Spin-Glass phase (SG), m vanishes but ¢ > 0. In other terms, the network does not
retrieve individual stored memories but rather converges to spurious patterns depending
on all the memories in a non-trivial way.

* In the signal Retrieval phases (IR and gR), m # 0 and q > 0, which means that the
network is able to retrieve the stored memories. IR and gR are respectively locally
stable and globally stable. In other words, local retrieval IR is only attainable from
initial conditions in a limited neighborhood of a memory &, while global retrieval gR is
accessible from any initial conditions given enough time. These two phases are said to
be ferromagnetic.

Gardner also calculated the exact p — oo phase diagram without making any assumptions
about replica symmetry [30]. The resulting paramagnetic to spin-glass (P-SG) phase transition
line, given by f2a = 2log2, coincides with the boundary of the region where the total
entropy of the paramagnetic phase becomes negative. Therefore, the total entropy of the
system is always positive, as expected. Conversely, the finite p phase diagrams obtained under

4
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3 31
SG SG
~ 2 ~ 2
IR IR
1-\ | 1-\ |

R = R

0 - 0
0.0 05 1.0 15 2.0 0.0 0.5 1.0 15 2.0
a a

Figure 1: RS phase diagrams of the direct models with p = 3 on the left and p = 10
on the right. Accurate pattern retrieval is not possible in the paramagnetic phase (P)
or in the spin-glass phase (SG), but it is possible in the local retrieval phase (IR) and
in the global retrieval phase (gR). The ferromagnetic fixed point corresponding to
accurate pattern retrieval is globally stable in the gR phase, but locally stable in the
IR phase. The phase diagrams are inexact below the white dashed line where the
total entropy of the paramagnetic phase becomes negative.

the RS approximation have a limited scope because RSB must be taken into account in the
p2a > 2log 2 region where the RS approximation of the total entropy becomes negative [30,50].
Although these phase diagrams were recently extended by including the effects of 1RSB [33],
there is still significant uncertainty on the location of the large-p P-SG transition because of
numerical instability issues. In fact, the finite-p transition evaluated in [33] does not seem to
get closer to the exact p — oo transition as p gets larger.

3 Teacher-student setting

On our end, we study a dense Hopfield network with Hamiltonian (1) as a generative model
for unsupervised learning. In that context, the memories & are model parameters that have to
be trained in such a way that the examples of a given dataset {aa}ﬂil result as typical network
configurations.

In particular, we study a controlled teacher-student setting in which the examples are
sampled from the probability distribution P (aa|g*) of a so-called teacher dense Hopfield
network conditioned on a single planted pattern £* € {—1, 1} whose entries are quenched
Rademacher random variables. A student dense Hopfield network, also known as the inverse
model, then samples its own student pattern & from the posterior distribution

P(&)[Tamy P (018)  P(2) 4 nz_l

) =50l (—pH[a%(E]),

P(&lo) =

where P (0‘1|§ ) is the Gibbs distribution of the direct model with a single memory &, and P (5 )
is the prior on & that is chosen to be uniform. Since the direct model has only a single pattern,
Z does not depend on & (see Appendix C), and the posterior simplifies to

p (gla) =ZYo)exp (—[5H[§|0']) .
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In sum, the student posterior distribution is that of a dense Hopfield network where & plays the
role of the sampled pattern and the examples o act like the M quenched memories. Our task,
called the inverse problem, consists of quantifying the student’s capability to infer the teacher
pattern, which we will also call the signal. Like Gardner, we calculate a free entropy of the

form f = % (log Z), in the thermodynamic limit N — oo. This time, however, the average
(-)o is over a structured set of examples o . In fact, we recall that, unlike the i.i.d. memories
studied by Gardner, the examples ¢ are sampled from the teacher distribution P (0‘1|§ *)

In general, the student does not have access to the teacher generative model. In our
controlled teacher-student setting, the student knows that the correct model for P (oa|g ) isa
dense Hopfield network. Nevertheless, it does not necessarily have access to the interaction
order p* and inverse temperature f3* used by the teacher. Therefore, we denote the student
hyperparameters by p and 8 and emphasize that they are not necessarily equal to p* and f3*.
As previously stated, we calculate the free entropy

f—%(logZ Z_NZZ[Z* exp( Np*—lz Z €l1 glp* e 1)

a=11;<...<ips

XIOgZexp( NpP— IZ Z g11 glp i 1) (2)
g

a=1i;<...<ip

in the thermodynamic limit N — oo. We then draw phase diagrams of the inverse problem as
a function of p*, T*=1/p* p, T =1/ and a.

We first consider the case where p* = p and the only possible mismatch between the teacher
and student networks is in the inverse temperature, i.e. p* # p. At low T*, the student’s task is
easy. In fact, below the critical temperature T,;; of the direct problem with one pattern (see Fig.
1), the teacher produces examples 0@ that cluster around &*. Therefore, the student can infer
&* by aligning its pattern & with the examples . This retrieval strategy works even when
using a very small amount of examples (see [38]). Since the size of our dataset is extensive, the
retrieval accuracy is maximum in the thermodynamic limit. We call this region the (accurate)
example Retrieval phase (eR).

Conversely, when T* is above T, the examples in the training set are very noisy and
we do not observe a finite overlap between o and &*. In this regime, we find that the RS
approximation of the free entropy can be computed (see Appendix D) in terms of the variational
principle

f=_ Extr {ﬁ*ﬂa[q*]p—%ﬁzaql’ +pmP —p*par*q* (3)

m,k,q,r,q*,r*

1 1 1
+ Eﬂzarq — Eﬂzar —pBmk + Eﬂza +log2

1
+de
V2r

exp {—%xz} (log[cosh ([5 [Mx +frar* + kz])] )z},
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whose solution is the saddle-point equations

-
q* =J dx ! exp(—lx2)<tanh(/§[Mx+ﬁ*ar*+kz])>
R 27 2 z
q= [ dx ! exp(—lxz)<tanh2 (B[varx +/3*ar*+kz])>
,JR v2r 2 o
(
m= J dx ! exp (—lxz) (z tanh (B [Varx + p*ar* + kz]) ) 4
R 27 2 2
r*=plg*P™
r=pq’”!
k=pmP},

where 2z is a Rademacher random variable. As in the direct model described in Section 2,
the order parameters m and g have a clear interpretation in terms of expected overlaps.
. 1 . . .
m = limy_, oo (N IS ialfl)g : is the expected overlap of a retrieval attempt with an ex-
*’0)

ample 0%, and q = limy_, oo (% > (g i)z)g* . is the expected overlap between two retrieval

attempts. Similarly, g* is the expected overlap between the teacher and student patterns, i.e.
. 1 . - .
q* = limy_ o0 { 7 2 €f§ e Therefore, it is a good measure of inference performance.
.,

The free entropy (Eq. 3) is expected to be exact in absence of mismatch between the teacher
and the student, i.e. p* = . This condition is known as the Nishimori line [45-48]. Outside
of the Nishimori region, RSB corrections are expected. Like in the direct problem, there are
different phases characterized by the values of the order parameters:

* In the Paramagnetic phase (P), the overlaps m, ¢* and q all vanish.

* In the signal Retrieval phases (IR and gR), m = 0 but g* # 0 and ¢ > 0. IR and gR are
respectively locally stable and globally stable. In other words, local retrieval IR is only
attainable from initial conditions in a limited neighborhood of £*, while global retrieval
gR is accessible from any initial conditions given enough time. These two phases are
also said to be ferromagnetic.

* In the (inaccurate) example Retrieval phase (eR), m # 0 and q¢ > 0 but g* = 0.
* In the Spin-Glass phase (SG), g > 0 but g* and m vanish.

In sum, when T* is above T, the student can only learn the teacher pattern in the signal
retrieval phases. In all the other phases, the student pattern is uncorrelated with the signal,
being either a random guess (P phase), aligned with a noisy example (inaccurate eR phase),
or aligned with a spurious low energy state (SG phase).

We also investigate the T* > T regime in the presence of a mismatch between the
interaction orders of the teacher and student networks, i.e. p* # p. We focus on the case of
p* =2 and even p > 3 to study the consequences of fitting the teacher of [38] using a student
with higher order interactions. We find two different scaling regimes of the training set size M
and inverse temperature f3* that make retrieval possible (see Appendix D):

* alarge-noise scaling where p* ~ O (N2/P=1) and M ~ O (NP~1), such that a = %
_ B2 a1 .
and A = 7D N are finite;

* a finite-noise scaling where * ~ O(1) and M ~ O (Np/z), such that a = % i

finite.
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In the large-noise scaling, we obtain saddle point equations similar to Eqgs. (4) but with f3*
replaced by A (see Appendix D). Conversely, the finite noise scaling leads to

q*= <tanh (B [nar*+kz]) )z
m= <z tanh (B [nar* + kz]) )Z (5)
r*=plg* P

k=pmP},
2[p* T

(1-2+)*
P = 4 (see Appendix D). These equations can also be derived by extrapolating the large-noise

equations equations to @jarge noise — 0 and A — o0 with fixed A@jarge noise = N Afinite noise-

where 1) generally depends on 3* and p in a non-trivial way, but we find that n = when

4 Results and Discussion

4.1 Transition to the ordered phases: universality

The paramagnetic solution of Egs. (4) always exists and is globally stable in the part of the
phase diagram where the T is relatively large and a is relatively small. On the other hand, the
gR phase exists when f32ap and B*pap are both large. In fact, in that limit, ¢g* =q = 1 is
a fixed point of Egs. (4). The critical line where gR becomes globally stable instead of P is
not clear from this analysis alone, but we can at least find it analytically in the limit of infinite
p. As for the direct model, the free entropy and the total entropy of the paramagnetic phase
are respectively %ﬂza +1log2 and —%[Sza +1og2 [30]. At the same time, the p — oo free
entropy takes the form

1 1 1 1
f= Extr{ﬂ*ﬁa 0[qg*]— E[}Za 0[ql—p*Parq*+ E[izarq — Eﬁzar + Eﬁza +log2

+ J dx% exp {—%xz} log[cosh(‘/[izarx + ﬁ*[jar*)] },

27

where 0 [q] := lim;,_, qP, q € [0, 1], is the Heaviside step function jumping at q = 1, i.e.
0(1)=1and 6(q) =0 Yq €[0, 1). In this limit, the ferromagnetic phase is characterized by
q = q* =1, and its free entropy is then

Jl_ exp {—%xz} log[2 cosh(1/[52apx + ﬁ*ﬂap)]

27
~B*Ba—p*pap + f dx‘/%_nexp {—%xz} (vB2apx +p*pap)
=p*fa.

f=p"pa—p"pap +fdx

The corresponding total entropy is s = f — f % = 0, as expected from a ferromagnetic phase
with ¢* = q = 1. On the Nishimori line, f = $*f a becomes larger than the free entropy of
the paramagnetic phase, which triggers a phase transition, if and only if

a
<A\ , 6
2log2 ©)
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a . .
where T = TTog3 1S also the temperature below which the total entropy of the paramag-

netic phase becomes negative. Qutside of the Nishimori line, this inequality generalizes to
prpa> %ﬁza +log 2, leading to

2log2 2log2
ﬁ*—%[ﬁ*]z—%<ﬁ<ﬁ*+\j[ﬂ*]2— 8-

a

while the temperature where the paramagnetic total entropy becomes negative stays the same.

In the p — oo limit, the transition towards gR of the inverse model on the Nishimori line
is identical to the exact P-SG transition of the direct model [30]. We claim that these two
critical lines are actually closely related for any p. In the Hopfield model with p = 2, they
were already shown to be identical [38]. We will now argue that they overlap for any p and
P such that the inverse model is outside of the eR phase. In the case of p = 2, both lines
can be obtained exactly from the RS approximation of either the direct model or the inverse
model, so there is no obvious advantage to using this equivalence in calculations. In general,
while the inverse problem on the Nishimori line is replica symmetric, the direct problem is not,
and the p > 3 replica symmetric P-SG transition is not exact. Moreover, even the critical line
calculated using 1RSB may be inaccurate due to numerical instability [33]. In this situation,
the knowledge of the gR transition in the replica-symmetric inverse problem can be used to
locate the exact P-SG transition of the direct problem, where symmetry breaking occurs.

For that purpose, we will argue that the direct model is in the paramagnetic phase if and only
if the inverse model is in the paramagnetic phase.

The converse implication comes from the fact that since (see Appendix C)

Z
P(O)= 2 %

the example distribution P (o) of the inverse problem is contiguous [51] to the uniform
distribution, i.e. the memory distribution of the direct problem, when

{logZ —Nlog (2) }

lim =0. (8)
N—oo
As determined in Appendix C and D, the annealed expression %log (Z) is equal to the free
entropy of the paramagnetic phase. Therefore, when the inverse model is in the paramagnetic
phase, P (o) is contiguous to the uniform distribution. This property is called quiet planting
and is known to occur more generally in mean-field paramagnets [52-55]. In our problem
setting, it means that if the inverse model is in the paramagnetic phase, then it is equivalent to
the direct model. In particular, if the inverse model is in the paramagnetic phase, then so is the
direct model. In more intuitive terms, the gR transition temperature of the inverse model must
be greater than or equal to the P-SG transition temperature of the direct model because the
ensemble of examples 0® generated by the teacher model is on average at least as structured
as the set of i.i.d. random memories stored in the direct model.
For the direct implication, notice that the average replicated partition function of the direct
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model in the paramagnetic phase can be approximated as (see Appendix E)

T el
5.“ 5.“» T 3’)
T ,uEl" 11<Z<lp P
zexp(,;z S gl )>

This expression is identical to the replicated partition function of the inverse model outside of
the eR phase, which therefore must also be in the paramagnetic phase.

As a consequence, the P-SG transition line of the direct model must be identical to the gR
transition line of the inverse model on the Nishimori line.

4.2 Phase diagram on the Nishimori line

On the Nishimori line, the student is fully informed about the teacher generative model and
uses § = p* and p = p*. In this scenario, thanks to the Nishimori identities [46], it is well
known that £* and & play symmetric roles and that g* = q. For the same reason, the overlaps
%Zi £7&; and %21 §1&2 have the same distribution. From the self-averaging of % PIEHIR
follows that the system is expected to be replica symmetric, and Egs. (3) and (4) are expected
to hold. Fig. (2) shows the phase diagrams obtained by solving the saddle-point equations
numerically on the Nishimori line. Both q* = q and the replica symmetry condition are verified.
In particular, numerical solutions of a few values of p > 3 show that the gR transition occurs
at a higher T than the line 2a = 2log 2 where the total entropy of the paramagnetic phase
becomes negative. In other terms, the phase transition towards gR prevents the total entropy

from becoming negative when T decreases below which is consistent with the RS

a
2Tog2’
solution being exact on the Nishimori line.

At low T, the student can learn efficiently within the accurate eR regime. In this phase,
learning is possible (g* # 0) because the examples are correlated with the signal and the
student can retrieve it by simply being aligned with them (m # 0).

At high T, learning is possible only if the amount of examples, i.e. the size of the dataset, is
sufficiently large. When «a is too small, Egs. (4) have only a paramagnetic fixed point because
the amount of information carried by the dataset is not large enough. Numerical solutions
suggest that the paramagnetic fixed point always exist and it is actually locally stable in the
whole high-temperature regime. When a is sufficiently large, the signal retrieval fixed point
appears as a locally stable attractor. It becomes globally stable as the size of the dataset is
increased further.

The critical boundary of the gR phase can be obtained by solving the saddle-point equations
numerically (Egs. 4), and the result is consistent with the analytical p — oo gR boundary of
Eq. (6). In fact, we find that the analytical boundary closely agrees with the numerical solution
of the saddle-point equations with p* = p = 10 and remains a good approximation even down
top*=p =4.

In the student model, o plays a similar role as the weights of the trainable dense Hopfield
network model that Krotov designed for classification of data [26]. In that context, & is
analogous to the test data whose labels are being predicted (see Fig. 3). In fact, the computation
performed by Krotov’s model to recover labels is similar to the update rule used by the student
to infer the teacher pattern (see Appendix A). Moreover, the eR and gR phases are respectively

10



298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

SciPost Physics Submission

4 p 4 p 4  p

3 | 3 | 3 |
IR LIR LIR

2 H w2 / H w2 s
- R - gR - R
1 /" | J 1{ | J 1 | g
0 . eR 0 : reR 0 eR

o 2 4 6 8| o 2 4 6 8| o 2 4 6 8|

a a a

Figure 2: Exact replica-symmetric phase diagrams of the inverse models with p =3
on the left, p = 4 in the center and p = 10 on the right. Accurate pattern retrieval
is not possible in the paramagnetic phase (P), but it is possible in the local retrieval
phase (IR), in the global retrieval phase (gR) and in the example retrieval phase
(eR). The ferromagnetic fixed point corresponding to accurate pattern retrieval is
globally stable in the gR phase, but locally stable in the IR phase. The black dashed
lines mark the spurious continuation of the IR and gR phase boundaries through the
eR phase. The white dashed line is the p — oo gR critical line calculated analytically
at the end of Section 3. It matches the corresponding numerical phase boundary
increasingly well as p grows larger.

reminiscent of the prototype and feature regimes of Krotov’s networks. Therefore, we believe
that the student can act as a toy model of label prediction in these two regimes.

Comparing instead the phase diagrams of our inverse model with that of the inverse 2-body
Hopfield model, we see that the eR and gR phases of the inverse p-body model with p > 3 are
respectively analogous to the eR and sR (signal Retrieval) phases presented in [38]. One of
the key differences between p = 2 and p > 3 is that the paramagnetic to signal retrieval phase
transition of the p-body model is second order for p = 2 but first order for p > 3. On the one
hand, the second order phase transition of p = 2 indicates that its paramagnetic fixed point is
never locally stable and sets an unambiguous boundary between the sR phase where £* can
be recovered starting from any initial conditions and the paramagnetic phase where pattern
retrieval is impossible [55]. On the other hand, the first order phase transition of p > 3 allows
the retrieval and paramagnetic regimes to coexist. The IR phase is locally stable precisely
because it coexists with the paramagnetic phase and has a lower free entropy. Meanwhile,
the gR phase also coexists with the paramagnetic phase, but has a larger free entropy. In the
presence of phase coexistence, an algorithm trying to retrieve £* starting from random initial
conditions can get stuck in the paramagnetic phase instead. In fact, it has been conjectured
that there is no algorithm with random initial conditions that can find such a ferromagnetic
fixed point in a tractable amount of time [55,56]. That kind of metastable region was thus
given the name hard phase [55,57]. In summary, we expect that p > 3 models in the gR phase
can only recover partially corrupted patterns whereas p = 2 can recover them entirely.

Fig. (4) shows results from Monte Carlo simulations with p = 3, where L replicas of
the student pattern {&b L , are initialized to the teacher pattern &* corrupted by some
Rademacher noise ¢. In other words, the initial values of § f’ are sampled from the distri-
bution (1—¢)o (gi —g:‘) + % [6(&i+1)+6(& —1)] with € €[0,1]. The value of ¢ is tuned
so that the simulations start relatively close to the saddle-point solutions. As explained pre-
viously, gR is a hard phase, so this initialization is necessary to make & converge to gR in a
reasonable amount of time. Additionally, it is also used to make &P converge to the IR phase
rather than the P phase when desired. Once the simulations are over, the overlaps are averaged

11



SciPost Physics Submission
Teacher H (alg*) | rp—— H (gbla) Student
. Examples o

pattern & | i pattern &
Data x | Data x

with known Weights w with predicted
labels y Backwa@ =] Forwarfi labels y’

propagation propagation

Mean overlap q*

Figure 3: The first row of this diagram sketches how a p-body Hopfield network in
the teacher-student setting can reconstruct an incomplete pattern £? to match the
teacher pattern §* by relying on the examples o obtained from &*. The second row
summarizes how a dense neural network trained by Krotov can recover the labels y’ of
the data x given the weights w learned from x [26]. Both models tackle similar tasks
using an approach where o and &® respectively play the same roles as w and (x,y”).
The forward propagation algorithm used to generate y’ is similar to the update rule
of the student (see [26] and Appendix A), but the backpropagation algorithm used to
learn w is very different from the update rule of the teacher.

o
o

)
-
Mean overlap q*

S
[N

Mean overlap q°

100 125 150 175 200 2.25 250 275 3.00
T

100 125 150 175 200 2.25 250 275 3.00
T

1.00 1.25 1.50 175 2.00 2.25 250 275 3.00
T

Figure 4: Monte-Carlo simulations of the p = 3 inverse model compared against
RS saddle-point solutions. The IR phase is included on the left and central plots,
but not on the right one. The left plot has ¢ = 0, and the two other ones have a
handpicked ¢ such that the simulations are initalized near the saddle-point solutions.
The dots are simulation data at a few values of a, and the lines are slices of the

p—1

saddle-point solutions at the same a. The teacher generates M = al\;! examples o9
with N = 512 components each, and the simulation results are then averaged over
L = 100 student patterns. The simulation data is sometimes systematically shifted
up with respect to the saddle-point solution. This difference is notably visible on the
central plot, right after the fall from eR to gR when a = 3.
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over all L replicas. If we fix € = 0, then the simulations generally converge to the IR phase when
it is a fixed point. If instead we initialize them to the saddle-point solutions by handpicking ¢,
then they stay near the initial overlaps. In either case, the simulations converge to eR when it is
globally stable. Some simulation data points might be systematically shifted up with respect to
the saddle-point solutions. However, this difference decreases with the system size N, so finite
size effects seem sufficient to explain it (see Fig. 9 in Appendix F). Overall, the Monte-Carlo
simulations are in very good agreement with the p = 3 overlap landscape obtained by solving
the saddle-point equations numerically.

4.3 Inference temperature vs dataset noise

In the two next Sections, we will discuss the phase diagram when the student is only partially
informed about the teacher generative model, i.e. when the Nishimori conditions do not hold.
We start with the case where p = p* but  # f*, i.e. the inference temperature T is different
from the dataset noise T*. As we argued in Section 3, the student accurately retrieves &* when
T* < Tei;- On the other hand, we must solve the saddle-points equations (see Egs. 4) to study
T* > Teyis.

We show the phase diagram of this region on Fig. (5). At high inference temperature T, the
situation is similar to Fig. (2): retrieval is possible if the data load a is sufficiently large, but
the paramagnetic phase is always locally stable. The situation is different when the inference
temperature is low. In that case, there are two phases that we did not see for = f3*: the
inaccurate eR phase and the SG phase. When a is relatively small, the student falls in the
inaccurate eR phase. In this regime, it has finite overlap with one of the noisy examples and
cannot retrieve the signal £*. When a is larger, the interference among the noisy examples
prevents the student to be aligned with them. In this regime, the SG phase, the student locally
converge to spurious patterns that are uncorrelated with the signal.

Accurate pattern retrieval is only possible in the IR and gR phases where a is so large that
the student can gather enough information from the dataset to become very close to &*. The
phase diagrams indicate that pattern retrieval is optimal on the Nishimori line in the sense that
f5 = p* is the inverse temperature where the student needs the least examples to recover £*.
In other words, the student’s performance is non-monotonic in T and peaks at T = T*. These
properties were also observed in the teacher-student setting of the p = 2 Hopfield network [38].

Contrary to what one would expect to see on the exact phase diagram [45,46], the Nishimori
line T = T* does not to cross a triple point on the RS phase diagram. The issue is that the RS
phase diagram is not exact outside of the Nishimori line. In particular, the SG phase boundary
is not exact. Outside of the retrieval regime, the free entropy of the inverse model is the same
as the direct model. Since the transition towards gR of the inverse model on the Nishimori
line overlaps the exact P-SG transition of the direct model (see Section 4.2), we deduce that
it must also overlap the exact P-SG transition of the inverse model outside of the gR phase.
Plotting it on the RS phase diagrams, we see that it indeed crosses the Nishimori line and the
gR phase boundary at the same point, which therefore becomes a triple point, as expected.

4.4 Interaction order and noise tolerance

So far, we assumed that the student is informed about the interaction order used by the teacher,
i.e. p = p*. In this Section, we investigate the role of the student’s choice of p when the task
is to learn from a dataset sampled by a 2-body Hopfield network, i.e. p* = 2. We study two
different non trivial scalings regimes of M and f3* that make pattern inference possible (see
Appendix D).

We first consider a large noise scaling where p* ~ O (N?/P=1) and M ~ O (NP~1), such

13
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Figure 5: RS phase diagrams of inverse models with p* = p and fixed f8*. The top
and bottom rows of plots respectively have p* = p = 3 and p* = p = 4. In the
same way, the left, central and right columns correspond to T* = 1.5, T* = 1.6
and T* = 1.7. Accurate pattern retrieval is not possible in the paramagnetic phase
(P), in the spin-glass phase (SG) or in the example retrieval phase (eR), but it is
possible in the local retrieval phase (IR) and in the global retrieval phase (gR). The
ferromagnetic fixed point corresponding to accurate pattern retrieval is globally stable
in the gR phase, but locally stable in the IR phase. Conversely, the SG fixed point
is always locally stable and leads the student to a frozen spurious signal. The white
dashed line indicates the Nishimori line 3* = f. The black dashed lined is the gR
phase boundary on the Nishimori line. As explained in Section 4.2, we expect it to
overlap the exact SG phase transition.
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Figure 6: RS phase diagrams of inverse models with p* = 2 and p = 4. The left

%, and f*=1— % such that § = 1 and the right plot is for

a= IIVMP—Ii!l and f* = \/? with A = p. Accurate pattern retrieval is not possible in the
paramagnetic phase (P) or in the example retrieval phase (eR), but it is possible in the
local retrieval phase (IR) and in the global retrieval phase (gR). The ferromagnetic
fixed point corresponding to accurate pattern retrieval is globally stable in the gR
phase, but locally stable in the IR phase. The black dashed lines mark the metastable
continuation of the eR, IR and gR phase boundaries through neighboring phases
with a larger free entropy. The paramagnetic total entropy becomes negative below
the white dashed line drawn on the right plot. However, the paramagnetic phase is

no longer globally stable at that temperature.

plot is for a =

that

Mp! 1P /2
a= P and A—&Np/z_l

Np-1 ~ (p/2)

are finite. In this scaling, a p = 3 network requires O (NP_z) more training examples than a

P = 2 network with finite load y = %, but also has a higher tolerance to teacher noise. For
instance, a student with p = 4 interactions is able to retrieve the pattern of a teacher with
T* ~ O (N'/2) noise when it is shown enough examples M ~ O (N3) to be in the gR phase
(see Fig. 6).

O(N 1 2) noise tolerance was also observed in the p = 4 direct model, where it is a
consequence of the redundancy stemming from storing O (N) memories rather than the O (N 3)
needed to saturate the storage capacity [58]. Our p = 4 inverse model exploits a different
kind of redundancy by learning from O (N 3) examples whereas p = 2 only needs O (N). In
other terms, both storing extensively less memories than the maximum allowed amount and
generating extensively more examples than the minimum required amount provide enough
redundancy to recover a pattern muddled in an extensive amount of noise. In both cases, there is
an O (N 2) gap between the number of patterns used in the noise-tolerant and noise-susceptible
regimes. Going beyond p = 4, the inverse model has O (N 1-2/ P) noise tolerance as a function
of p. In particular, our theory predicts that the tolerance saturates at T* ~ O (N) as p — o0,
but at the cost of using an intractable number of examples. This behavior is different from
the O (N1/2-P/4) tolerance of the direct p-body model in the noisy-learning regime studied
in [59]. In other terms, the dataset noise that we are facing is of a different nature than the
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Figure 7: Monte-Carlo simulations (dashed lines) and RS saddle-point solutions (full

lines) of the inverse model in the large-noise scaling with p* = 2 and p = 4. The
—1

teacher generates M = al\; examples 0® with N = 256 components each, and the

simulation results are then averaged over L = 100 student patterns. The student

patterns are all initialized to &*.

learning noise of [59]. In any case, it is interesting that both the direct and inverse models
are able to tolerate an extensive amount of noise. Overall, our results suggest that it could be
advantageous to use a student network with a relatively large p to learn from a large but noisy
dataset when the p* of the teacher generative model is unknown.

An unavoidable drawback of large teacher noise is that it always lead to uncorrelated
examples, which makes accurate example retrieval impossible. Instead, it is replaced by the
inaccurate example retrieval phase where the student has finite overlap m with a noisy example
generated by the teacher but no overlap with the signal (see Fig. 6). Depending on T and a,
this phase can be either globally stable or locally stable. For the sake of clarity, we plot only the
globally stable phase on our phase diagram in Fig. (6). The locally stable phase is arguably less
important to plot because it is identical to the locally stable ferromagnetic phase previously
reported in the direct model when assuming replica symmetry (see [33] and Fig. 1).

Given m = 0, the free entropy of the inverse model with p > 3, p* =2 and § = A is
the same as on the Nishimori line (see Eq. 4 and Appendix D). As a direct consequence, the
total entropy is positive outside of the eR phase (see Fig. 6). Additionally, the p* =2, p >3
phase diagrams with f§ # A are identical to the p = p* phase diagrams with f§ # f*, which
suggests that § = A is optimal for p* = 2, p > 3 in the same sense as = f3* is optimal for
p = p* (see Fig. 5). Monte-Carlo simulations confirm that a student with p > 3 is able to
retrieve the pattern of a teacher with p =2 and T* ~ O (N 1 2) (see Fig. 7). However, the IR
phase transition is at a higher T in the simulations than on the = A RS phase diagram (see
Fig. 5), which means that RSB is necessary to describe it accurately. One could check where
replica symmetry holds by evaluating the stability of the RS saddle point throughout the phase
diagram.

We also consider a different scaling regime where * ~ O (1) and M ~ O (NP/ 2), such
that

M(p/2+1)!
Q= —-
Np/2

is finite. In this finite-noise scaling, p = 3 requires O (NP/ 2_1) more training examples than
p = 2, which is a lot less than the first scaling. For instance, a student with p = 4 needs O (N 2)
examples to retrieve &*. As before, the phase transitions are all first order, the overlap q* stays
high throughout the gR and IR phase of p = 4 and gR is a hard phase. The saddle-point
equations (see Eqs. 5) are free from the pattern interference term 4/arx present in their
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p* = p counterparts (see Egs. 4) until f* becomes so small that is approaches O (N 2/1’_1).
Therefore, contrary to p* = p = 2, the network is never in the SG phase. Practically, it means
that p > 3 gives more freedom than p = 2 for tuning f# and a. The only remaining restriction
is that choosing @ and T too small puts the network into the inaccurate eR phase resulting
from the kz term (see Fig. 6). The saddle point equations can be derived without the RS
ansatz because they do not involve q and r. Consequently, we expect them to yield an exact
solution. Like on the Nishimori line, the total entropy of the paramagnetic phase is always
positive, which is consistent with the solution being exact.

4.5 Robustness against adversarial attacks

Inverse models with p* = 2 and p > 3 offer an opportunity to study adversarial attacks in a
simple setting because their phase diagrams have regions where the signal retrieval phases (gR
and [R) overlap with the inaccurate eR phase. Recall that, in the IR phase, a noisy student
pattern & either converges to &* or falls in the paramagnetic phase, depending on the amount
of noise that & contains initially. The quantity of noise needed to prevent pattern retrieval
becomes smaller as one approaches the IR to P phase transition and the basin of attraction
of IR shrinks. Similarly, in the region of inaccurate eR where signal retrieval is metastable,
patterns & that are corrupted by replacing some of their entries &; by the components 0'19
of an example 0% may converge to 0% when enough entries are replaced. The fraction & of
entries that need to be replaced becomes smaller as the basin of attraction of inaccurate eR
expands and overtakes that of signal retrieval. In practice, an adversary can use this strategy
to trick the student into converging to a pattern other than £*. This scenario is similar to an
adversarial attack targeting the input of Krotov’s dense Hopfield network model because the
student pattern § plays a similar role in the inverse model as the test data in Krotov’s dense
Hopfield networks (see Fig. 3, Section 4.2 and Appendix A). In that analogy, the examples o
are acting like the neural network weights rather than taking the role of the training data.
We will now investigate what values of the perturbation size ¢ are a threat by deriving a
formula for the largest € such that the student converges to the signal at zero temperature. This
largest £ will be denoted ¢*, and we expect it to be a good measure of adversarial robustness.
The saddle-point equations with T = 0 indicate that the student converges to one of the signal
retrieval phases if and only if k < nar* (see Egs. 5). Sampling the initial conditions of &;

from (1—¢)o (gl —5’1“) +¢e0 (gl —0';’) with € € [0, 1], we get

- -1
1 (1—¢)N 1 eN P
* __ - *pk * _a
T=P |y §i§i+NZ€iai )
- -1
1 (1—¢)N 1 eN P
— =l * a4 = a
k=p N §lai+NZ(rlal
i=1 i=1

By the law of large numbers, % fol 3 :.kaf and (1_18)N ZE:EW 3 2‘0'1?’ are both typically close

1 .
to m* = NZ? 52?0;‘ ~ 0 as N — oo. If we take g to be a typical example, then r* and k
reduce to

r*xp(1—g)P!

k ~pePl.
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Figure 8: Monte-Carlo simulations of the overlap g* as a function of @ and ¢ in the
inverse model with p* = 2, p* =1— %, P =4, =00 and N = 1024. The
simulation results are averaged over L = 100 student patterns. On the left plot, the
inverse model is corrupted by an example o that has a small overlap with £* in

absolute value. On the right plot, it is corrupted by the example that has the largest
1/3
overlap with &*. The black line &* = ‘:/—3“ is our analytical formula for the largest

adversarial perturbation ¢ such that the student retrieves £* rather than the example
gl.

Substituting these expressions back in k < nar* yields
Pl <na(1—e)P!
1
alr1
([
[nal? +1

In other terms, the inverse model with p* = 2 and even p > 3 is resistant to adversarial attacks
1

. a]p1 . .
of size ¢* = # and smaller. For p = 4, ¢* is in good agreement with Monte-Carlo

[nalP~T+1
simulations of the inverse model corrupted by a typical example (see Fig. 8). This comparison

is good evidence that our solution of the finite-noise scaling is indeed exact. Additionally, &* is
a decent approximation of empirical robustness even when the inverse model is corrupted by
the example that has the largest overlap with &*. Just like adversarial attacks targeting more
complicated neural networks [40,41], our example-based attack can be hard to detect at low &
because a few adversarially perturbed entries &; do not look very different from a low amount
of meaningless noise. Interestingly, £¥ grows monotonically with a, which is consistent with the
common observation that larger neural networks are also more adversarially robust [43,60-65].
At first glance, this effect can be counter-intuitive because adversarial vulnerability looks like a
form of overfitting [42]. In our model, however, all examples work together to stabilize the IR
phase, and the best way to push the student into the eR phase is to perturb it with a single
example. Therefore, it is not surprising that increasing @ makes the student more robust. We
recall that the examples o are a feature-based representation of £*. Interestingly, it means
that the underlying mechanism of our example-based attack is conceptually similar to gradient-
based attacks targeting many common types of neural networks [42]. In fact, gradient-based
attacks find features stored in neural network weights and add them to the data in order to
fool the network [42,66-68]. It would be interesting to investigate, both empirically and
theoretically, if only a small number of weights are involved in constructing these adversarial
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attacks. If it is the case, it could explain why larger neural networks are often more robust.
In general, we expect this kind of one-example attack to be possible in any region of signal
retrieval that overlaps with the inaccurate eR phase. Using p # p* may not be a necessary
ingredient of adversarial vulnerability in more general models with other sources of mismatch,
but in our case it ensures that the signal retrieval phases intersect the inaccurate eR phase.
Conversely, the accurate eR phase is by definition robust to adversarial attacks since retrieving
an example o? is the same as recovering &*. This distinction clarifies why the dense Hopfield
networks designed by Krotov are adversarially robust in the prototype phase despite being
adversarially vulnerable in the feature phase. In fact, Krotov observed that adversarial attacks
are unsuccessful in the prototype phase specifically because they retrieve stored examples that
are semantically meaningful [37]. In summary, our model yields two main results concerning
adversarial examples. First of all, it suggests a reason why large feature-based neural networks
are more adversarially robust than smaller ones. Second of all, it clarifies why dense Hopfield
networks are much more robust in the prototype phase than in the feature phase.

5 Conclusion

In this work, we derive the exact phase diagram of the p-dense networks in the teacher-
student setting [16,17,30,38]. On the Nishimori line, we find an example retrieval phase (eR)
and a global retrieval phase (gR) reminiscent of the prototype and feature regimes observed
empirically in dense Hopfield networks [26]. We show that the phase transition towards gR of
the inverse model overlaps the paramagnetic to spin-glass (P-SG) transition of the direct model,
which allows us to locate the P-SG transition much more precisely than before [30,33]. On
the other hand, we discover that inverse models outside of the Nishimori line are able to resist
an extensive amount of noise. In fact, a student with p > 3 is able to learn from a teacher with
P* = 2 even when the teacher’s inverse temperature f3* is as low as O (N 2/ P_l). Moreover, such
a student is immune to pattern interference until p* reaches O (N 2/ P_l). In this setting, we
derive a formula measuring the adversarial robustness of the student with p > 3 and T = 0. We
then use this formula to describe how making a neural network larger can potentially increase
its robustness to adversarial attacks constructed with only a few learned weights [43,60-65].
Our model also clarifies why the prototype phase of dense Hopfield networks is adversarially
robust [37]. We compare our key results against Monte-Carlo simulations.

Dense networks with exponential interactions have been argued to be the p — oo limit of
the p-body models [69]. It would be interesting to see if they can achieve O (N) noise tolerance
at the cost of an exponential number of training examples. More generally, studying exponential
models in the teacher-student setting would be an interesting extension of this work and could
be used to complement existing studies of the direct model [69,70]. A caveat of our model is
that the teacher has only one pattern. In fact, we would need to use a teacher with at least
two patterns to describe more completely the kind of adversarial attack aiming to misclassify
data. It should be possible to study this kind of teacher by using an approach similar to [71].
On the practical side, we highlight the untapped benefits of using p-body models to either
resist an extensive amount of noise in the feature phase or improve adversarial robustness in
the prototype phase. Overall, we stress that further investigations of dense Hopfield networks
could unlock their true potential.
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A Gardner’s Hamiltonian vs Krotov’s Hamiltonian

Consider the generalized Hopfield Hamiltonian H [0|§ ] = —EZ <o<ip=17

iyoip Tig -0, with

p-body interactions J; =2 ZZ}LI 3 f” 3 ? described by Gardner [30], where M indicates
1 14

1...ip Np—1
the number of patterns " used to construct J, and N denotes the number of components of
each pattern " and example o. In this Section, we will omit & in the argument of H [0'|§ ]
and write H [o] instead for notational simplicity. Unless indicated otherwise, we will assume
a large number number of components N > 1 and patterns M ~ O (NP_I). We will start
. . . . . p
by comparing it to the dense Hopfield network Hamiltonian H [o] = —% > “ (21 3 fL O'i)
studied by Krotov [26].
For that purpose, we rewrite H in the form H [0 ] = —% Ziﬁé...;éip Jij..i, Oy -0, by sum-
ming over all permutations of {i;...i,} in place of the restricted set i; < ... <i, and compen-

. . . 1 . . .
sating for double counting with the prefactor - This manipulation leads to

1
H[(T]=——' Z Jiyip, @iy O,

P’ #i,
_ 1 [T
__Np—lz Z gil"°§ipa.il'°'0.ip'
Wiy
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On the other hand, Krotov’s Hamiltonian may be rewritten

H[0]=—Np IZ(ZEM )

ez (o)
TP IP I

.u/ll lp

where the sum over i;...i,, includes both the set of indices iy # ... # i, found in H [o'] and other
configurations where some indices are equal. For example, the configuration iy # ... # i,—1 = i
contains the fewest equal indices after iy # ... # i,. In other words, 7 [o] can be expressed as
an expansion around H [o'], and the two Hamiltonians are equivalent when the normalized
residuals w vanish in the limit of large N. In this study, we encounter two cases which
bring different results.

1 The Hamiltonians H [o'] and H [o'] are dominated by a few closely packed configurations

&M that have finite overlap % D& :Lai ~ O (1) with o. We say that they are aligned with
c.

2 The Hamiltonians H [o] and H [o] are dominated by many spread out configurations

&M that have microscopic overlap %21 3 :Lai ~0 (N -1/ 2) with o. We say that they are
misaligned with o

We use the expansion of H [o] to discuss both the aligned case and the misaligned case. We
start by writing the i; # ... # i, and iy # ... # i, = i, terms explicitly, which leads to the
form

H[a]——Np 12 Z gM §M w0

w ll# #lp
1p(p—1) PESERY 2
P e— Z Z gi (glp 1) Uil---(aip_l) +...
0 iyip
because th p) = P(—D for the indices i di tob 1. Thi i
use there are (2) = ) Ways or the 1ndices lp—l an lp to be equa . 1S expreSSIOH

can be summarized by H[o]=H[o]+ H’[c]+ ..., where H’ [o] simplifies to

H'lo]=— ;pS\I;P 11)2 2, - (§: 1)2"i1"'("ip-1)2

w i]#...#ip—l
1p(p—1) a—
= 2 X S e
w il#...#ip—Z

1 p! [T—
2Np—2 Z Z § gll, e Oy,

w 11< <lp 2

In the aligned case, H'[o'] is O (1) in N because the sum over iy < ... < i, is O (NP_z).
The terms implied by the ellipsis are even smaller because their sums are resctricted by more
equality constraints. Therefore, the residuals w vanish in the limit of large N, and

the two Hamiltonians are equivalent. Conversely, we find that #[o] and H [o] differ from
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each other in the misaligned case (see Appendix B for more details). Therefore, although the
phases of H [o] that we obtain in this study are qualitatively similar to the ones observed by
Krotov [26,37], the phase diagram of H [o'] must be compared against a simulation of H [¢']
rather than #H [o] in order to test our theory quantitatively.

To understand how to sample o in both models, consider a Monte-Carlo simulation used
to find the statistical equilibrium of a spin ensemble o with Hamiltonian G [o']. To be more

specific, suppose o is updated to a new state o’ with a randomly selected spin o; flipped with
acceptance probability P; = 5 Texplp (G[la,] oDl for a large number of time-steps. This approach

works well for G[o] = H[o]. However, in the case of H[o], we find that the simulation

[ [
only converges when we use the local field h; = —2— 208 Diy<cips &8s i T,
mentioned by Gardner [30] to approximate %IH[U] atlarge N. In other words we iteratively

flip randomly chosen spins o; with acceptance probability P; = m for a large number
of time steps. For arbitrary p, it is not obvious how to compute h; quickly as a sub-routine of
the Monte-Carlo simulation. However, we find that both p = 3 and p = 4 have closed-formed
expressions that are easy to evaluate numerically in an efficient way. To be more precise,

* p=3leadstoh; = BEM§?[(%EJ 5?01')2_%]’
e and p =4 leads to h; =4ZM€?(%ZJ- €j.‘0j)[( Z] gu )2__]

For this reason and also because the number M ~ O (NP_I) of patterns " used in a Monte-
Carlo simulations increases exponentially with p, we choose to simulate only p = 3 and
p=4

The output of the neural network model that Krotov designed for classification of data

is ¢; = tanh l[i (Hlo’']—H[o] |~ tanh|pp B Yo, = . We omit the linear
J [2 ] [ Zugj (N 21 gl

rectifier present in the original paper [26] because the overlaps %21 3 f* o; are almost always
positive (see for example the Supplement of [72]). The predicted class is then j’ = argmax; {c;}.

1
Using 1—P; = Trexplp(H[o/ —H[o D]

related by 1—P; = % [c]- + 1]. When we evaluate P; using H instead of H, this relation does
not always hold exactly. Rather, it should be considered an approximation.

instead of ¢; does not change j’ because 1—P; and c; are

B Direct model cumulant expansions

In the direct model, the average replicated partition function (Z L) takes the form:

(ZL)=<Zexp(—ﬂ§H[aT|€] >

with o = {o! ... o}. Gardner simplifies it to
p
1
()= <2exp(ﬂwzzlﬁzgraz] 2
T uel, i
Z §“ §“ 'r“ )>’
T Me]" 11< <ip ?
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sor  where the sets I, contain the patterns & that have macroscopic overlap with o, and their
sos complement I' = N, T, consists of the remaining patterns. Two approximations are used to
soo obtain this expression:

p! .
810 * Zuper, Np1 2i1<...<1p §” g“ T lT NZHEF [ > §“ 7] because this part of

811 H [aTlg ] is aligned with o (see Case 1 of Appendix A).

(T T [T 2 Y T
812 Em—:r NPT iy <<y §il...§ip0'i1...a Em—:r NPT iy <<y §il...§ip0'i1...aip since T
813 contains almost all of the elements in each I‘T when N is large.

s1a Gardner evaluates the contribution of the u € T terms via a cumulant expansion, resulting in:

log( exp Z g“ g“ 4 .0:
ll< <lp P
~ [T r e
~P Z om0l
l]< <lp
12
1
+_I52 Z g“ g“ T 0'7
1
2 Np ll< <lp lp
1.5 b ghol .ol w5 5
~£I5 ZNP T Z § 5 R Z Z § w8 050y
i1<...<ip o 11< <Jp

s1i5  because the product of independent spins & i‘ 3 i‘ averages to 0. The sums are then regrouped
1 P
816 o get

Z gﬂv gﬂf 7’ 0.?’

Ip
ll <.. <lp

=%I52[Np 1] ZZ >3 gt ool 0l ol

ll< <lp]1< <]p

log{ exp

s1i7  Consider § i* 3 7“ for an arbitrary pair of indices i and j. There are two cases.
818 e Ifi =j, then gi‘ §§L is deterministic and equal to 1.
819 » Ifi # j, then 5? §f“ can be either +1 and —1 with equal probabilities.

s20 On the one hand, if i,, = j, for all n, then (gﬁ 5715? 57 ) = 1. On the other hand, if i,, # j,
P P

s21 for some n, then (gi’“ §§L L §7 = 0 because §¢’“ 57 57 57 is still a product of independent
1°J1 11 p _Jp

s22 random spins once the deterministic variables are removed. These two cases can be summarized
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(5“ §M gu gu ) Bij - 5ipjp, which then gives

log<exp( Z §” §” 7.. IT)>

p2 T 5 T .8
- [NP 1] ZZ Z Z 511]1 ipJp a.ilo-flmo.ipo-jp

ll< <lp]1< <]p

- Z[NPI]ZZZGG V%

11 <.. <l

1 !
z2’321\]1:) le IZ[ZG ]
ﬁsz' Zl 2‘7 ] 2 I;!_ILN

r<é i

The order n > 2 terms are subdominant in N and can be neglected when p > 3 [30]. The
RS free entropy is then obtained through a standard approach to the replica method. Note
that Gardner’s Hamiltonian is misaligned with o when the free entropy is dominated by this
cumulant expansion (see Case 2 of Appendix A). In the case of Krotov’s Hamiltonian we
must also take into account the correction H [0] = %N%'_z Zr Zil <o<ips § g : L0 fp_z
introduced in appendix A by imposing i,_; = ip. In fact, a cumulant expansmn of this
expression gives

log<exp(ﬁp22Np_2 Z 5“ §:2 ...0;_2)>

ll< <lP 2

» P! p(p—1) 1,, p!
4ﬁ NP2 NP2 e 2| 200 +sﬁ Np2-
2

r<ébL i

—p(p—1)p> NZ Za ’ +1/52 P! N
pp Npl <6 i 8~ Np=1
which contributes to the free energy on the same order in N as Gardner’s Hamiltonian. Therefore,
Krotov’s Hamiltonian is not equivalent to Gardner’s Hamiltonian when the latter is misaligned
with o (see Case 2). The index configurations with more equality constraints also contribute
to the free entropy on the same order in N because the factors of N that are lost to equality
constraints are restored when the sums get squared in the cumulant expansion.

p = 2 is the only positive integer such that Gardner’s Hamiltonian and Krotov’s Hamiltonian
are equivalent [5,30]. In the misaligned case with a single stored pattern £* (see Case 2), the
free entropy of p = 2 simplifies to

loil(z) _%log<exl3{ﬁ Z IR }>+log2

l]<12
1 1 1 2

=1 )| d ——2+\‘— o7t ) +1og2
N0g<exp( Ii)fR x _Mexp{ SX Fx\ B Ei:5101}> og

1 1 1 \ ’ 2 1
= —log dx exp {——xz} cosh" [ x\[p= || —-p= +1log2,
N R V27 2 N N
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830 by using the Hubbard-Stratonovich transformation. At large N, it approximates to:

log(z) 1 1 1 1 ,\N 1
08 (Z) ~ —log[ dx exp {——xz} (1 +[5—x2) ]—[5— +log2
N N J2n 2 N N
1 1 1 1
x Nlog[ Rdx exp {—Exz} exp (ﬂxz)] _ﬁﬁ +log2

= (—— log(1—26)— [5) — +log2,

N
ss0  thanks to the well-known limit limy_, oo (1 + %z) = exp (2). This free entropy is consistent

. - 1
sa1 with the one found in literature when a = 5 [5].

s2 C Teacher-student replicated partition function

83 Recall that the student samples its pattern from the posterior P (§ |0) = % (see
saa  Section 3). Given P (g ) uniform, it can be rewritten as P (§ |0) % where P (0‘1|§ )

sas is the distribution of the direct model with a single pattern §. To simplify P (g Ia) further,
sas  we need to manipulate the partition function Z = Y, , exp (—[5H [0“|§ ]) of P (0’“|§ ) (see
sa7  Appendix A for the definition of H [0'|§ ]). Under the gauge transformation O'lfl - & ,-Ulf‘, we
848 Imay write

- zexp( IS )

ll< <lp

sa0 without changing the configurations of o® that we are summing over. Therefore, Z does not
sso depend on &, and we can factor it out of the sum Y, £ which yields

L 7 &0 (B Sipe..ciy Eiriy 000t )
S [L 7 o0 (B S cciy Err6, 0007 )

exp (/5 N%!—l D 2i1<...<ip §iy S, 0?1-"0;)

5 exp (Bt S S, G55, 0000 )

P(glo) =

ss1  Therefore, we define the partition function of the inverse model tobe Z =), £ €Xp (—[5H [5 |o ])

ss2 (again, see Appendix A for the definition of H [§ |0]). The L™ power of Z and its average then
ss3  take the form

Zﬂexv( 23 Y eegol. )

a ll< <lp

ZP(G)Zexp( = 12 > & §,p i ,)

ab i;<..<i,
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ssa where b € {1 L} label replicas in the set of patterns § = {§ L. §L} inferred by the
ss5s  student. Using the definition of conditional probability, we rewrite P (o) as

P(a)=;P(0|€*)P(§*)

=2iN P (o]g)
Zﬂp(a £,

ss6 where P ((r|§ *) has the same functional form as P (0|§ b), but has hyperparameters p* and p*

ss7 in place of p and . As we did for Z, we factor the partition function Z* of P (0‘1|§ *) out of
sss the sum, which yields

P(G 2N [Z ]M Zl_[ ( Np*—1 Z g11 glp* i ip*)

i1<.. <lp*
1oz 1 z+

sso Where Z* = Zg* exp (—ﬂ*H [g *|0]) is the partition function of the inverse model with in-
seo teraction order p*. Using Y., P (0) = 1, we immediately deduce that [2N/M-Nz *]M = (Z*).
ss1 Plugging P (o) = 2MN = :) back in (ZL) then gives

{23, 3 1)

a i;<.. <lp*

Zg:exp( o 3OS g & o )

ab i;<..<i,

( L 2MN
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ss2 We simplify this expression to:

1 1 *
(ZL) — YT ) Z*;exp( = z Z 511"'51';,*0?1"'02;*

a€l, iy <...<ipx

NP*_lz Z é-:11 glp* i l*)

aer, i1<.. <lp*

e (N DI P HERCEAE

3 a€l} i) <...<i,
11 )
b aely i1<..<ip
1 P’
~ * - * d
~2MN (2+) ZZexp( N;[Nzgiai]
a i

=DM )

aerl 11< <lp*

zexp(ﬂwzzﬁ;g?af]”

a€ly

FEOWNDIERE |

aerl i1<...<ip

ss3 where T}, represents the set of inputs o which have macroscopic overlap with the pattern &2,
s« and I' =[NyT, | N T, contains almost all of the elements in each T, and T, for N — oo. The
ses reasoning used to build the sets I}, I}, and T’ is the same as outlined at the start of appendix B.

sss D Teacher-student free entropy

se7 Assuming that the teacher is misaligned with o (see Case 2 of Appendix A), the form of (ZL)
ses Obtained in appendix C simplifies to

(P ELY S k] ol )

a€er ll <.. <lp*

L
( 2MN gE O

exp(ﬂNZZ[%Zi?vfr Pm XY N eh-sota )

a€ly ael i1<...<ip

M . .

seo In order to evaluate (2*) = [2N/M-Nz*]" tve recall that the teacher is a special case of the
s7o direct model with a single memory (see Section 3). Since the teacher is in the misaligned case,
s71  its free entropy is

log(Z* ( —log(l 2p*)—p* ) ! +log2 p*=2
1 p*! 1
N f[ﬁ ]2 NP1 +10g2+0(m) p* 3

v

b
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Mp*! (Z*)

sz as derived in Appendix B. Given a* = 15—, we use it to sunphfy to
log (Z*) M IOg [ZN/M_NZ*]
N N
l(—llog(l 2p*)— p* ) a* +log2 p¥=2
1
3 [B* 12 a* +10g2+ O () p* >3,

s73  which is the paramagnetic free entropy of a p*-body Hopfield network [5,30]. Coming back to
sra  (ZL), we fix order parameters ¢*, ¢>¢ and m? using the delta functions & (N q** -3, 878 f),

(Nqbc pIES §)and5(Nm —Yi&bo ) which results in

()= 5 2y 2.2, [Taa [Laa [ [ amt

b<c ac€ry,

a(Nq*b—zngg?)a(zvqbv—zgfg;)a(Nmz—zgﬁ’of)
p
(T 3|3 Seter]

a€ly

p*!
* a
Np*_ Z Z g11 glp>x< il.uo.ip*

aelri;<.. <lp*

NP 122 Z gll 51,, ll...O'lf‘;).

aelr i;<.. <1P

87

o

876 In Fourier space, this expression takes the form

(ZL Z*) <Jndq*bdr*bndqbcdrbcnl—[dmbdkb

b<c a€ry
eXP{ﬂ ﬁaZ(ZE 3 Nq*b)r*b+ﬂ2a2(255’€§—1vq’")r’”}
b<c i
p
exp{ﬁzz (Z§ o!—Nm )kb+ﬁNZZ [%ng’ala]
acry i a€rly i

p*!
* a
Np*_l Z Z gll gll,* l ---O'ip*

aerl 11 <.. <lp*

P Sy 3 a-sholat))

aerl i;<...<ip

. 1 .
s77  where the sum over o with a pre-factor of 5x was replaced by the uniform average (), .
s7s Following the same reasoning as in appendix B, a second order cumulant expansion of the last
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two terms for any a € T yields

10g< exp { Np*—1 2 gll glp* i""" i *

ll< <l

P 3 st

ll< <lP

.y [NHTZZ 3, 58 (oteieie)

b#ctl< <ip j1<e<Jjp

a b _a b __a
ﬂﬁNp*—le 12 2 Z ( :p*aip*gjlajl""gjpajp>

l]< <lp* ]1< <]p

! 1 *1

1
P e— 1
2 Np 2 NP

sso When p* = p, it reduces to

881

882

883

884

885

886

887

888

889

890

*
log<exp{[5 Np*_l 2 511 glp* it ip*

+ Np 121 <Z<l gll glp }>
p
=p>-2 Z[ Z%gl p_lNZ[%ZSi?]
b<c b i

because <0' 01n> 0;,j, (see Appendix B for more details). On the contrary, the second order

Tl

expectation ( £ o7 .87
1

i :; *g bg § bo ) vanishes when p* # p. In fact, spins come in

pairs (af 0';.‘ ) = 51’" j, only up ton S min {p*, p}, and the remaining single-spin averages

(af ) = 0 make the second order expectation vanish.

We need to go beyond second order to treat p* # p. We will focus on p* =2 and p > 3
to investigate the consequences of using a p-body model to learn examples generated by the
original 2-body Hopfield model. For simplicity, we take p even so that the spins of both terms

1 1 p * 2 * * a a
can be grouped in pairs at order 3 + 1, when the teacher term f* Zil <iy 3 il§ ;0.0 18

raised to the power of % and the student term is raised to the power of 1. This restriction will
simplify some of the incoming calculations. To leading order in N, the cumulant generating
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go1 function reduces to

log<exp{ﬁ =gt ol ﬁNl;!_l S5 €fl---€fp"§---0?p}>

ll<l2 b i1<...<ip

zlog|:<eXP{l5 ~ Z §11§12 }>

<eXP{ = 1211;;1,,5“ £ ot }>
+< Brr 2 3 &gl ofo exp{ﬁ* S goto }>]

]1 <.. <]P l] <12

so2 where the last term encompasses the teacher-student coupling that allows retrieval to take

so3 place. The teacher term
log<exp{/5 ~ Z 5,1512 iy 12}>
ll<12

~—§log(1—2/5*)—/5*

soa and the student term

log<exp{ Z Z §ll glp i }>
< LS L serer] 2t 2w

b<c

sos are both known from Appendix B. Later on, we will use log(2*) and z* as shorthands for
896 —% log(1—2p*)— p* and exp (—% log(1—2p*)— [5*), respectively. The coupling between
so7 the teacher and the student can be rewritten as

< Np12 2. & exp{ﬂ—Zillglz “ }>

J1<e<Jp i1<iy
< N,,IZ D EE g &g exp{ﬁ—Zag,Z }>
J1<<Jp i1<iy
_ﬁNP 121. <Z<] gjlgjpgflgfp <§.>;1"'§>;p0- eXp{ﬂ _IE gll‘glz iy lz}>

2
sos because [g;‘ ] =1 for every index j,. All interacting spin tuples of the form g * gj PRy l.
n P 14
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soo  are statistically equivalent as long as j; < ... < jp, so the teacher-student coupling simplifies to

< NpP— 12 Z g11 N .p g1’ exp{ﬁ _Zgllglz iy l}>

J1<<Jp i1<iy
=p-L IZKZL FR I S 3
< p' Z g11 gJp g1 exp{l3 N Z gll g12 i }>
11< <Jp 11<12
=V (p* ,p)/sz 12 Z &1 Bl ED 8L,

!
w0 where V(8% p) = (5 3 c..c), Eiyrr8 020l exb (B Dipaiy §5,57,0%0°8) ) does not

901 depend on the microscopic details of the system In fact it can be expressed as a comblnatlon of
002 the moments of z*, which can all be derived from log (2*). To leading order in N, the cumulant
903 generating function expands to

log<eXP{/5* Z§ glz i 12 Np lz Z gll T }>

l] <12 l] <.. <lp

2 P 1 byc 1., p!
N — JES - LN
Np—1 Z[Nzglgl] +2ﬁ NpP-1

b<c

p
+[1—215*]1/2exp(ﬁ*)V(ﬂ*,p)ﬁNZ[%Z?ﬁf] :
b i

904 At this stage, we only need to find V(f*, p) in order to solve the system. We focus on two
oos different scalings of M and f8* that make the teacher-student coupling leading order in N:

906 1 M ~O(NP~1) and p* ~ O (N?/P~1) will be called the large-noise scaling.

907 2 M~0 (NP/ 2) and p* ~ O (1) will be called the finite-noise scaling.

908 The student term vanishes in the first scenario but is leading order in the second one. The case
900 of the teacher-student coupling is more subtle. When f* is small, we may keep only the first
o10 non-vanishing order of the exponential function present in the definition of V (f3*, p). Since p
o11 IS even, it leads to

p/2
VP~ /2),< D, &g oso (ﬂ—ZElﬁlz ) > (10)

J1<.. <Jp i1<iy
[ﬁ*]P/z 2p/2 pl
~ (p/2)! Np/22p/2

[BF" p!
~ (p/2)! Np/2
o12 because there are l_[i i 21 (22 ) = 25/'2 spin pairings with non-zero expectation that satisfy the
013 inequality constraints. In the large-noise scaling, we set
p/2
— [ﬂ*] Np/z_l ~ O(l)
(p/2)!
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o14 to get the asymptotically exact expression V([(p/ 2)11%/P N1-2/p p) p ~p=- In the finite-
o15 noise scaling, this expansion is only an order of magnitude approximation. However, it still
indicates that V(f*,p) is O (N‘P/z) when B* is O (1) in N. In other words, it shows that

o17 there is an O (1) parameter ) such that V(p*(n,p),p) = 'n(p;,szzl) We will now use the

cumulants ﬂ%(f*) and ﬂ%&f) of z* to derive the value of 1) corresponding to p = 4. First of

4 .
010 all, note that g7 Zj1<"_<j4§ §J4 i 0 can be expressed as:

m Z g]'1 g]'2 gfs €f40-1'1 0'].2 013 0f4

J1<J2<j3<Ja

916

918

1
= — Z §1 g & &t olololof
N4 &= “J17J27J37Ja J1 J2 J3 J4
Jr1#j2#iz#ia

1 * * a a 2
T N4 Z gJ'1;';1'20-1'10.]'2 Z g13€J4 Js J4 N3 Z g11512 J1 ]2 N2
| 172 Js#ia J1#J2
2
1 2
- ﬁ N Z 581919 | ~ w2 Z §5:81.93.%), N2
11<]2 11<]z

920 by subtracting the diagonals where pairs of indices are equal. Therefore, _ 1y (p*, p) reduces to

1 24
;V(ﬁ*’p) = <m Z €;1€;2§;3§;40?10?20?30; exp {ﬁ* Z €’1€12 }>

J1<j2<j3<Ja i1<iy
2
— 1 1 g’ * <
Z* N2 Z gJlglz iy iz €xp ﬁ Z gllglz
11<Jz 11<12
of
_4< N Z §]1§]2 iy iz €xp {ﬂ N Z g11512 }>
1<]2 ll<lz

_2<exp{ﬂ —ug;uaz }>]

1 [3 log (z*) N [3 log(z*)]2_43 log (z*) _2]

=N2 3[5*2 alj* a[j*
921 The cumulants evaluate to
Jdlog(z*) @ 1 opey_pr | _ 2%
2p _a/s*[ 5 08 (1=267) ﬁ]_l—zﬁ*
Blog(z*)_ 0 _1 Copey ] 2
2 p _a/w[ 5 108(1=267) ﬁ]_(l—zﬁ*)z’
022 SO We obtain
. 2 4[p*1* 8p* ]
_ i 2(p* ]2
N2(1-2p%)*
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2012
(1-2+)*
teacher student coupling either simplifies to

In other terms, we find n = when p = 4. In summary, depending on the scaling, the

P
1 ﬁka% o [%Zl 52‘55’]17 where a = NP_] and A = (ﬁ/]z), NP/271 are finite,

N 1 p M(p/2+1)! -
2 or Bnag D [N > gfgf’] where @ = —->— and 7 are finite.
In either case, the result is similar to p* = p except for its pre-factor. We describe the rest of
the derivation only for p* = p because the p* = 2 and p > 3 calculations are almost identical.
Putting the result of the p* = p cumulant expansion back in (ZL>, we get:

(2}) ~ Z*) <Jndq*bdr*b!:!dqbcdrbcnal€_r[bdm dk?
eXP{ﬁ ﬁaZ(Z§ gl Nq*”)r*”+/52ab2(25?§§—1vq’”)r’”}
exp{ng Sstor -t it +pv S 3 [t }
exp{ﬁ ﬁaNZ [¢*?] + p2 aNbZ a1 + /5 aLN + = [/5] aN}>
where @ = 2. The saddle point of (2"} then evaluates to
~p* ﬂaz *q? ﬁ aZ; Peq" ﬂzagrbm”k”
+;/5 al + = [/5] logléz)+log2

+%log<2exp{ﬁ22kb2§ ot

&
+p ﬁaz *bzgg +ﬁ2a§ “25 3 }>€]
- paSla"T +pa T[T +5 T 3 m]
—p ﬁaZ g™ —p abZ:::q’” ﬁZEF]‘:’:kZ

+ ﬂaL+ [/5] _1082) | 1og2
+Nzi:10g<2exp{ﬁz‘§1k 34
+p* ﬂaZr*”§§ + aér’”g £ }>€a]
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. . log(Z* 1 . .
031 where the average over £* and o is uniform. We use % =3 [B*]? a +log 2 to simplify
log(ZL)
932 —pxy— to

m“«Extr[ﬁ ﬁaz *b +I5 aZ[qu +/522

b<c a€r

_p* ﬁaz wbg*b _ g2 pbeghe ﬁzzmbkb

b<c a€rly,

+§ﬁ2aL+NZIOg<ZeXP{ﬁZZk §

a€l}

+p ﬁazr*bg g0+ pRay rhegbee }> ]
§ioi

b<c

033 Assuming each &P has macroscopic overlap with at most one pattern o® and using the replica-

034 symmetric ansatz ¢*? = q*, q¥¢ = q, r* = r*, rb¢ = r, m% = m, kb = k, the free entropy
035 approximates to

r= vt (G st

~ Extr [ﬁ*ﬂa[q*]p —%ﬁzaqp +pm?P —p*ar*q* + %ﬂzarq
)
—[5mk+%ﬂza+%%(Z[log<;exp{ﬂkzb:§?aa
+p*par* Zgg +pPar » &0&t }>D]

b<c
936 Furthermore, the Hubbard-Stratonovich transformation gives
1
exp1 par Zg § o< exp {——ﬁzarL} dx exp{—=x%+xpvar Z g%’ .

b<c R 2 b '

937 We can then use the factorization
Zexp {[Skzgfaf + p*/}ar*2§jgf +xpvar ng}

&i b b b

= nZexp {ﬁkgf(rf + ﬁ*ﬁar*gfgf +x/51/ar§f}

b g?

= l_[[2cosh([5k0? +p*Par sl +xp Var)]
b

= 2" cosh” (Bko? + B*Bar*E: +xp v/ar)
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in order to simplify the free energy to

f =Extr{/s*/5a[q*]”—§/s2aqp +pmP —*par'q’ + parq—pmk
1 1 . 7 1
—Eﬁzar +£ﬁ2a+£%(ﬁ[log<;fRdx exp {—;xz}
exp{ﬁng?a;1+ﬁ*par*Z§jgf+xﬁm2gf}>])}
b b b
= Extr{ﬁ*ﬂa[q*]p —%ﬁzaqp +pmP —p*par*q* + %ﬁzarq — pmk
o}
—%/jzar +%ﬁ2a+log2+£2%(ﬁ[log<fRdx exp {—%xz}
cosh” (ﬁkof+[$*[5ar*§j+xﬁm)>])}.

After differentiating and taking the limit, we get

£ s b pata? ~1paqt +pme—pparta

m,k,q,r,q*,r*

1 1 1
+ Eﬁzarq - E[izar —pBmk + E/iza +log2

1 1 * %
+ J dx Wor exp {—Exz} (log[cosh (B[varx + p*ar* +kz])] )z}

]P

In the case of p* = 2 and p > 3 with finite @ = 11\‘1/2 s and A = ( Yol NP/271_the free energy

has the same form but with f$* replaced by A. On the other other hand, the free energy with
.. M(p/2+1)!

finite @ = —7— and 7 evaluates to:

f= ]IE(xtr {ﬂna[q*]p —pmP — fnar*q*— pmk +log2
m, ’q*7r*

+ ( log[cosh(f [nar* + kz])] )z}

E Direct model RSB ansatz

Recall that the average replicated partition function of the direct model (see Eq. 9) takes the
form

(#)~ (zexp(ﬁwzz[ ol

7 uel,

= D, & &lol o )>

7 MEF ll< <lp
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ass Introducing a new replica 0%, we rewrite it as

(#)= <2exp(ﬂwzz[ sl

7 uel,

woogh o @>
=EP IR A "p)<z>’

T ‘uEI‘ 11< <ip

047 where Z = 3}, exp (/5 et N%!—l iy <...<iy g“ g“ 0.0 ) Recall that, in the paramag-
P
a4g  Netic phase, we have (see [30] and also Appendlx B)

_ 1, 1
(z) = exp(zﬂ a+log2+O(Np/2_2))

1
=zen((7));

949 SO (Z L) can be expressed as

()= ()<zexp(mvzz[ ol

7 uel,
Z gM 5.“4 T O )
s ‘uEl" 11< <lp P
1
exp g“ g“ 0. .0, +(9( ) >

950 The (’)( corrections vanish to leading order in N when we calculate the free entropy.

Np/2-2 )

1 F Monte-Carlo simulations for various system sizes
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Figure 9: Monte-Carlo simulations of the p = 3 inverse model compared against
saddle-point solutions for different values of N. The IR phase is not included in these
plots. The left plot has N = 128, the center plot has N = 256, and the right plot
has N = 512. The dots are simulation data at a few values of a, and the lines are
slices of the saddle-point solutions at the same a. There are M = aNP!_l examples 09,
and simulation results are averaged over L = 100 student patterns. The simulation
data is sometimes systematically shifted up with respect to the saddle-point solution,
but the size of the difference tends to decrease with N. The shift is the most visible
when @ = 6 and right after the fall from eR to gR when a = 3. As expected, the
fluctuations of the paramagnetic phase also decrease with N.
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