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Abstract

This paper is concerned with the computational and statistical complexity of learning the Hidden
Markov model (HMM). Although HMMs are some of the most widely used tools in sequential
and time series modeling, they are cryptographically hard to learn in the standard setting where
one has access to i.i.d. samples of observation sequences. In this paper, we depart from this setup
and consider an interactive access model, in which the algorithm can query for samples from the
conditional distributions of the HMMs. We show that interactive access to the HMM enables
computationally efficient learning algorithms, thereby bypassing cryptographic hardness.
Specifically, we obtain efficient algorithms for learning HMMs in two settings:

1. An easier setting where we have query access to the exact conditional probabilities. Here our
algorithm runs in polynomial time and makes polynomially many queries to approximate any
HMM in total variation distance.

2. A harder setting where we can only obtain samples from the conditional distributions. Here the
performance of the algorithm depends on a new parameter, called the fidelity of the HMM. We
show that this captures cryptographically hard instances and previously known positive results.

We also show that these results extend to a broader class of distributions with latent low rank
structure. Our algorithms can be viewed as generalizations and robustifications of Angluin’s L
algorithm for learning deterministic finite automata from membership queries.

1. Introduction

Hidden Markov Models (HMMs) are among the most fundamental tools for modeling temporal and
sequential phenomena. These probabilistic models specify a joint distribution over a sequence of
observations generated via a Markov chain of latent states. This structure enjoys the simultaneous
benefits of low description complexity, sufficient expressivity to capture long-range dependencies,
and efficient inference algorithms. For these reasons, HMMs have become ubiquitous building
blocks for sequence modeling in varied fields, ranging from bioinformatics to natural language
processing to finance. A long-standing challenge, in both theory and practice, is the computational
difficulty of learning an unknown HMM from samples. In this paper, we are interested in the
computational complexity of this estimation/learning task.

2023 S. Kakade, A. Krishnamurthy, G. Mahajan & C. Zhang.
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Although one can consider several notions of learnability, we focus on distribution learning,
in total variation (TV) distance. In the standard realizable formulation, we are given observation
sequences generated by an underlying HMM and are asked to efficiently compute a distribution
that is close to the HMM in TV distance. Maximum likelihood estimation is known to be statis-
tically efficient, and therefore the central challenge is computational. Indeed, HMMs can encode
the parity with noise problem (Mossel and Roch, 2005), which is widely believed to be compu-
tationally hard (Blum et al., 1994b; Kearns et al., 1994; Alekhnovich, 2003). Recent works have
therefore focused on obtaining computationally efficient algorithms under structural assumptions
which evade these hard instances (Cryan et al., 2001; Hsu et al., 2012; Kontorovich et al., 2013;
Weiss and Nadler, 2015; Huang et al., 2015; Sharan et al., 2017).

This work takes a different perspective. We ask: can we evade computational hardness by allow-
ing the learner to access the HMM interactively? Specifically we consider a conditional sampling
oracle: we allow the learner to sample a “future sequence” from the HMM conditioned on a “past
sequence” or history. This approach is closely related to recent work in distribution testing (e.g.,
Chakraborty et al., 2013; Canonne and Rubinfeld, 2014; Canonne et al., 2015; Bhattacharyya and
Chakraborty, 2018; Chen et al., 2021), which demonstrates improvements in various property test-
ing tasks via conditional sampling. One conceptual difference is that we use conditional sampling
to evade computational hardness, rather than obtaining statistical improvements.

From a practical perspective, we are motivated by potential applications of interactive learn-
ing to training language models or world models more generally. Indeed, it is quite natural to
fine-tune a language model by asking annotators to complete prompts generated by the model; this
precisely corresponds to conditional sampling if we view the annotators as representative of the pop-
ulation (Zhang et al., 2022). When training world models for decision making, it may be possible to
request expert demonstrations starting from a particular state, which again is effectively conditional
sampling. This latter approach is closely related to interactive imitation learning (Ross et al., 2011).

We are further motivated by two theoretical considerations. First, it is not hard to show that
parity with noise can be efficiently learned in this model, as we can sample the label conditioned on
each history with a single observation set to 1 and naively denoise these samples (we describe this in
more detail in Appendix C). However, this approach is quite tailored to noisy parity, and so it is
natural to ask if it can be generalized to arbitrary HMMs. Second, learning HMMs with conditional
samples can be seen as a statistical generalization of learning deterministic finite automata (DFAs)
with membership queries, for which Angluin’s seminal L algorithm provides a strong computa-
tional separation between interactive and non-interactive PAC learning (Angluin, 1987). We believe it
is natural to ask if L can be extended to HMMs and be made robust to sampling, thereby provid-ing
further evidence for the computational benefits of interactive learning.

Contributions. In this paper, we develop new algorithms and techniques for learning Hidden
Markov models when provided with interactive access. As our first result, we show how a gener-
alization of Angluin’s L algorithm can efficiently learn any HMM in the stronger access model
where the learner can query for exact conditional probabilities. As our main result, we consider the
more natural conditional sampling access model and obtain an algorithm that is efficient for all
HMMs with “high fidelity” a new property we introduce. We show that this property captures the
cryptographically hard instances and the prior positive results, but we leave open the question of
efficiently learning all HMMs via conditional sampling. Our results require a number of new algo-
rithmic ideas and analysis techniques, most important among them: an efficient representation for
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distributions over exponentially large domains and a new perturbation argument for mitigating error
amplification over long sequences. We hope these techniques find application in other settings.

1.1. Preliminaries

omitting explicit reference to the random variables themselves.
When considering conditionals of this distribution, we always condition on assignment to a
prefix of the random variables and marginalize out a suffix. For example, we consider condi-

ing that the random variables assigned to f are determined by the length of h.

We lift this conditioning notation to sets of observation sequences in the following manner. If
F := ffy;fy;:::gand H := fhy; hy;:::g where each fi; hj 2 O, we write Pr[FjH] to denote
the jFj jHj matrix whose (i; j)t" entry is Pr[fijhj]. We allow the sequences in F and H to have
different lengths, but always ensure that len(f;) + len(h;) T so that this matrix is well-defined.
We refer to rows and columns of this matrix as Pr[fjH] and Pr[F jh] respectively.!

this notation to sequences and sets. For instance, if H = fhq; hy;:::gthenHo = fhi0; hy0;:::8.

1.1.1. HIDDEN MARKOV MODELS AND LOW RANK DISTRIBUTIONS

Hidden Markov Models provide a low-complexity parametrization for distributions over observation
sequences. These models are defined formally as follows.

specified by (1) an initial distribution 2 (S), (2) an emission matrix O 2 R9S, and (3) a state
transition matrix T 2 R®3, and defines a distribution over sequences of length T via:

X Al
Prixq;:co;xr]:= (s1) Olxy; stlT[st+1; Stl: (1)

S1;:1:;8T+12ST+1 t=1
Here M [i; j] represents the (i; j)tP entry of a matrix M.

As the name suggests, HMMs parameterize the distribution with a Markov chain over a hidden
state sequence along with an emission function that generates observations. While this specific
model is particularly natural, our analysis only leverages a certain low rank structure present in
HMMis. To highlight the importance of this structure, we define the rank of a distribution.

—1.We alwaysrefer torows,columns,—and-entries of these matrices in this manner, so no confusion arises when con-

structing these matrices from (unordered) sets of sequences.
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Definition 2 (Rank of a distribution) We say distribution Pr[] over observation sequences of
length T has rank r if, for each t 2 [T], the conditional probability matrix Pr[OT tjO!] has rank
at most r.

It is not hard to verify that an HMM with S hidden states has rank at most S, using the fact that
the hidden states form a Markov chain.2 More generally, the rank identifies a low dimensional
structure in the distribution: we have exponentially many vectors Pr[OT tjh], one for each history h,
in an r-dimensional subspace of an exponentially larger ambient space. Thus, we are interested in
algorithms that exploit the low dimensional structure and admit statistical and computational
guarantees scaling polynomially with the rank.

1.1.2. LEARNING MODELS

To circumvent computational hardness, we allow the learner to access conditional distributions of
the underlying distribution Pr[]. We specifically consider two different access models formalized
with the following two oracles:

Definition 3 (Exact conditional probability oracle) The exact conditional probability oracle is
given as input: observation sequences h and f of lengtht T and T t respectively, chosen by the
algorithm, and returns the scalar Pr[fjh].

Definition 4 (Conditional sampling oracle) The conditional sampling oracle is given as input: an
observation sequence h of length t T, chosen by the algorithm, and returns an observation
sequence f of length T  t such that the probability that f is returned is Pr[fjh], independently of all
other randomness.

When considering the exact probability oracle, we also allow the learner to obtain independent
samples from the joint distribution Pr[]. Note that this oracle equivalently provides access to exact
(unconditional) probabilities of length T sequences. We view this as a noiseless analog of the
conditional sampling oracle, which is the main model of interest. This is analogous to noiseless
oracles in distribution testing literature (e.g., Canonne and Rubinfeld, 2014).

As a learning goal, we consider distribution learning in total variation distance as studied in
prior works (Kearns et al., 1994; Mossel and Roch, 2005; Hsu et al., 2012; Anandkumar et al.,
2014). Given access to a target distribution Pr[] we want to efficiently compute an estimate Pr[Fthat
is close in total variation distance. Formally, we want an algorithm that, when given parameters "; >
0, computes an estimate Pr[] su€h that with probability at least 1 we have

TV(Pr; Br) :=

The algorithm is efficient if its computational complexity (and hence number of oracle calls) scale
polynomially in r; T; O; 1=" and log(1=). As the support of Pr[] is exponentially large in T, it is not
possible to write down all OT values of P(€ efficiently. Instead, the goal is to return an efficient

2. In fact the rank of the HMM can be much smaller, since the decomposition alluded to above realizes the non-negative
rank of the matrix, which can be exponentially larger than the rank.



LEARNING HIDDEN MARKOV MODELS USING CONDITIONAL SAMPLES

1.2. Our results

Our first result studies the computational power provided by the exact probability oracle (Defini-
tion 3). We show how a generalization of Angluin’s L algorithm can efficiently learn any HMM
given access to this oracle. The result is summarized in the following theorem:3

Theorem 1 (Learning with exact conditional probabilities)  Assume O = f0;1g. Let Pr[] be
any rank r distribution over observation sequences of length T. Pick any 0 < "; < 1. Then
Algorithm 1 with access to an exact probability oracle and samples from Pr[], runs in
poly(r; T; 1=", log(1=)) time and returns an efficiently represented approximation Pr§] satisfy-ing

TV(Pr; Pr) C" with probability at least 1

The main technical challenge is finding a succinct and observable parametrization of the dis-
tribution, so that we can infer all conditional distributions using polynomially many queries. This
observable parameterization plays a central role in our main result, and in this sense Theorem 1 can be
seen as an insightful warmup.

Our main contribution is in extending these results to the more natural interactive setting where
the learner only accesses conditional samples via the oracle in Definition 4. Our algorithm here can
be viewed as a robust version of L, and we obtain the following guarantee:

Theorem 2 (Learning with conditional samples) Let Pr[] be any rank r distribution over obser-
vation sequences of length T. Assume distribution Pr[] has fidelity . Pick any 0 < "; < 1. Then
Algorithm 2 with access to a conditional sampling oracle runs in poly(r; T; O; 1=; 1="; log(1=))

time and returns an efficiently represented approximation Rr[] satisfying TV(Pr; Pc) " with
probability at least 1

The theorem provides a robust analog to Theorem 1 in the much weaker conditional sampling
access model. The caveat is that the guarantee depends on a spectral property of a distribution,
which we call the fidelity. The definition of fidelity (Definition 6) requires further development of
the algebraic structure in Pr[] and is deferred to Section 2. Nevertheless, we can show that the
cryptographically hard examples of HMMs and positive results from prior work on learning
HMMs have favorable fidelity parameters and thus are efficiently learnable by our algorithm (see
Appendix C). On the other hand, there are HMMs with exponentially small fidelity parameter,
and we have no evidence that these instances are computationally intractable when provided with
conditional samples. This leads to the main open question stemming from our work.

Open Problem 1 Is there a computationally efficient algorithm for learning any low rank distri-
bution given access to a conditional sampling oracle?

We discuss this problem in more detail in Section 3 after introducing our techniques in Section 2.

2. Technical overview

To explain the central challenges with learning low rank distributions and how we overcome them, let
us introduce the following notation: let Hy := O! and Fy := OT t denote the observa-tion
sequences of length t and Tt respectively. Then the matrix Pr[F{jH] is a submatrix of

—3TAs thisTesultisa warmup forour main result, we focus on the setting where O = f0; 1g for simplicity.
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Pr[OT tjO%] and hence is rank at most r by assumption. If we define these matrices for each
length t 2 [T], then clearly we have encoded the entire distribution. Hence, estimating these matri-ces
in an appropriate sense would suffice for distribution learning. Although the matrices all have rank
at most r, they are exponentially large, so the low rank property does not immediately yield an
efficient representation of the distribution. Indeed, we must leverage further structure to obtain
efficient algorithms.

2.1. Background: Observable operators and hard instances

For HMMs, we can hope to leverage the explicit formula for the probability of a sequence (Equa-
tion (1)) to obtain an efficient algorithm. Indeed, this is the approach adopted by Hsu, Kakade, and
Zhang (Hsu et al., 2012). Specifically, they use the observable operator representation (Jaeger, 2000):
if we defineS S matrices fAy8020 as Ao := Tdiag(O[o; ]) then we can write the proba-bility of any
observation sequence as

where 1 is the all-ones vector and recall that is the initial state distribution. Hsu, Kakade and
Zhang show that these operators can be estimated, up to a linear transformation, whenever T and O
have full column rank. In fact, under their assumptions, these operators can be recovered from
Pr[x1=; X=; X3=] alone; no higher order moments of the distribution are required.

Unfortunately, this approach fails if either T or O are (column) rank deficient, and it is conjec-
tured that the rank deficient HMMs are precisely the hard instances (Mossel and Roch, 2005). On the
other hand, many interesting HMMs are rank deficient. For example, any overcomplete HMM— one
with fewer observations than states—cannot have a full column rank O matrix. This captures all
deterministic finite automata where the alphabet size is smaller than the number of states as well as the
parity with noise problem.

Learning parity with noise is a particularly interesting case. The standard formulation is that
we obtain samples of the form (z;y) 2 f0;1g"™ 1 f0;1g where z isLuniforme distributed on
the hypercube andLy = i>1 Zi with probability 1 andy =1 i21 Zi with the remaining
probability. Here denotes the parity operation, | is a secret subset of indices | [T 1], and
2 (0; 1=2) is a noise parameter. We want to learn the subset |, given samples from this process.
This problem is widely believed to be computationally hard and can be encoded as an HMM with
O = f0;1g and 4T states (see Appendix C). This HMM exhibits two particularly challenging
features. First, many states have identical observation distributions, or are aliased; characterizing
the learnability (as well as basic structural properties) of aliased HMMs remain long-standing open
problems (Weiss and Nadler, 2015). Second, it is quite apparent that low degree moments, like
those used by Hsu, Kakade, and Zhang, reveal no information about the subset |. In particular, the
observable operators A, are not identifiable from low degree moments. One must use higher order
information, i.e., statistics about long sequences, to solve this problem.

2.2. Efficient representation

For rank deficient HMM:s, it is not clear how to identify the observable operators and it is not even
clear that such operators exist for the more general case of low rank distributions. So, we must
return to the question of how to efficiently represent the distribution. Here, our first observation is
that any submatrix of Pr[F¢jH] that has the same rank as the entire matrix can be used to build
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Figure 1: Schematic of the circulant
TN @ structure relating the Pr[F{jH{] and
01F i1 Pr{Fi+1jHt+1] matrices. Columns of
Pr[F¢ j H¢] can be represented linearly
in basis By using coefficients (). The
blocks Pr[oFt+1 j Bt] appear in the
next matrix Pr{F¢+1 j Ht+1] (up to scal-
ing), so they can be represented in basis
Pr{o,Fuq B B = Pr[F,., B Bo,]diag(Pr[o, B Bt+1, yielding operators Ag:t.
Bi)

PriFii1 B Hpal

0yFts1

PriF, B H]

an efficient representation. To see why, suppose we have such a submatrix, and let us index the
columns/histories of the submatrix by B¢, which we refer to as the basis. It follows that Pr[FjB¢]
spans the column space of Pr[F¢jH], which implies that for any history h 2 H; there exists coeffi-
cients (h) 2 RiBti such that

Pr(F¢jh] = Pr[FjB¢](h):

The main observation toward obtaining an efficient representation is to exploit a certain circulant
structure in the matrices fPr[F¢jH¢]g+t to model the evolution of the coefficients (visualized in
Figure 1). The circulant structure is simply that for basis By, observation o, and futuref 2 F¢,4 (i.e.,
of length T t 1) the vector Pr[Btof] appears in two of the matrices (albeit with differ-ent
scaling). It appears in the matrix Pr{F¢jH] in row of and columns B¢, and it appears in the matrix
Pr{F¢+1jHt+1] in row f and columns Bio. Thus, if we learn how to represent the columns
Pr[F¢+1jBto] in terms of the columns Pr[Fi+1jBt+1]—which we can do via the coefficients—the
circulant property provides a connection between the matrices Pr{F¢+1jH¢+1] and Pr[F¢jH¢].

Formally, we can define operators fA,.tg for each observation o 2 O and sequence length
t 2 [T] satisfying

PriFt+1jBt+1]Ao;t = Pr[oFt+1jB¢]; (2)

which can then be used to express sequence probabilities by iterated application. Indeed, we have
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PrixtjBr 1]Ax; 57 2:::Ax;0 = AxpT 1000 Ax0; (3)

where by an explicit choice of Bo, Bt and Fr, the matrices A ;0,and Ay ;To1are column and row

vectors respectively, and so the right-hand side is a scalar (see Proposition 8 for details*). More
importantly, these operators can also be viewed as evolving the coefficients via the identity:

Ao;t(h) .

8h 2 H¢;02 O: (ho) = Priojh] ©

(4)

4. We define Bo, Bt and Fr to be singleton sets. Bo and Ft contain the empty string’ and Bt contains any length T
observation sequence. These new definitions, in conjunction with Proposition 8 imply: Ax;;t 1 = Pr[x7jBt 1]
and therefore will be a row vector. Similarly, Ax, ;o is a solution of Pr[F1jB1]Ax,;0 = Pr[x1F1j’] and is therefore a
column vector.
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This identity is proved in Propositions 8 and 24. We highlight the scaling, which results in a non-
linear update equation and appears because the coefficients express conditional rather than joint
probabilities. This viewpoint of operators evolving coefficients will play a central role in our error
analysis.

Thus, it remains to find the bases fBtgt1, estimate the operators fA;t8020;tT, and control the
error amplification from iteratively multiplying these estimates. We turn to these issues next.

Remark 5 The approach of Hsu, Kakade, and Zhang can also be viewed as estimating operators via
Equation (2) with the particular choice of basis. They show that conditional distribution of futures
given any history can be written in the span of the conditional distributions of the single
observation histories, so that O itself forms a basis. This is implied by their assumptions and it
permits using only second and third degree moments to estimate the operators. However, in
general we will need to use long sequences in our bases and interactive access will be crucial for
estimation. Additionally, under their choice of bases and their assumptions they show that the
solution of Equation (2) is related to the observable operators (Jaeger, 2000), explicitly given by T
and O, by an invertible and bounded transformation, which is instrumental in their error analysis.
When considering general basis B, we do not have such a connection and will require a novel error
propagation argument.

2.3. Error propagation

Although finding the bases B¢ and estimating corresponding operators Aq.t is nontrivial, even if
we have estimated these operators accurately, we must address the error amplification issues from
repeated application of the learned operators. This challenge makes up the majority of our technical
analysis. We discuss estimating operators A;t in Section 2.4 and how to find the basis in Section 2.5.

To explain this challenge, suppose for now that we are given bases fBigtt and subsequently

estimate the operators Ayt in ‘2 norm, i.e., we have estimatebAo;t satisfying hAo;t Ao.tka

We first define our estimated model ®r in terms of the estimated operators /bo;t. Considering Equa-
tion (3) the natural estimator is

Prixg;:io;xrl= B r 100 R, 180005 (5)

where as before, the matrices /bxl;O and /be .7 1 are column and row vectors respectively, so the

right-hand side is a scalar. To simplify notation for this section, we omit the time indexing on the
operators.

Given this estimate, the total variation distance is
- A|;\JT:::AQ1 Axr 1ot Ay

Let us first discuss two strategies for bounding this expression that can work in some cases, but do
not seem to work in our setting. One idea is to pass to the ‘> norm and use a telescoping argument to
obtain several terms of the form

kaT :::h)(n.zkz kAX 1 AX(+1AXt :::Axlkz
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These terms are convenient because the matrix products only disagree in the tt" operator. How-
ever, both the “incoming” product Ay, : : : A, that pre-multiplies this difference and the “outgoing”
product Ay, :::B,,,, whose norm we must bound can be rather poorly behaved. For example, the
product Ay, ::: Ay, can have ‘, norm that grows exponentially with t, since the ‘; norm of the
individual matrices can be much larger than 1. An even worse problem is that we have exponen-
tially many terms in the sum, so that even bounding each term by " (which would be possible if the
incoming and outgoing products were well behaved) is grossly insufficient.

The other approach is the strategy adopted by Hsu, Kakade, and Zhang (Hsu et al., 2012), which
uses the definition of the observable operators (Jaeger, 2000), Ay = Tdiag(O[x;]), explicitly. This
allows them to control the incoming and outgoing products in a decomposition based on the ‘; norm
version. For instance

and the hidden state s¢+1, so we can sum over all histories with no error amplification. Unfor-
tunately, there is no hidden state in the more general setting (and for the rank deficient case, the
observable operators can not be learned accurately as discussed in Section 2.1), so we cannot ap-
peal to an argument of this form. Indeed, our main technical contribution is a new perturbation
analysis that relies on no structural assumptions.

At a more technical level, the issue with both of these arguments is that passing to any norm,
seems to be too coarse to adequately control the error amplification. Instead, our argument carefully
tracks the error in the space of the coefficients. Precisely, given estimates AQ;t that satisfy kAlg,-t

X X
(l'i’xt:::)?x1 Ay, i1tAy) = (h)n + Vy;

h2Ht v2V;?

where V,’ is an orthonormal basis for the kernel of Pr[F j B¢] and ; v are scalars. Moreover, the TV
distance between Pr[] and Pr[Fis exactly equal to the sum of these scalars over all sequences

sum is small via an inductive argument. This makes up the most technical component of our proof,
and we give a more detailed overview in Appendix B.1.2 with the formal proofs in Appendix E.3.

2.4. Estimating operators

We next discuss estimating the operators fAq.t8020:t7 Using the conditional sampling oracle. A
natural idea is to use samples to estimate both sides of the system in Equation (2) and solve the
noisy version via linear regression. Unfortunately, this system may have exponentially small (in T
t) singular values, making it highly sensitive to perturbation. There is also a cosmetic issue when
working with Pr[F.+1jBt+1], namely this matrix is exponentially large.

To address these challenges, we introduce a particular preconditioner that stabilizes the system.
Specifically, we instead estimate and solve

Pr[Ft+1jBt+1]>Dt+11 PriFt+1jBt+1]Ao;t = Pr{Ft+1jBe+1]> Dt}fl PrioFt+1jB¢];
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P
where D¢41 is a diagonal matrix with entries d¢41(f) := J-B-l—j b2B.., Prifjb] on the diagonal.”
t+1

One benefit of this preconditioner is that the new matrices are of size jBi+1j jBt+1j rather than
exponentially large, and yet they can still be estimated efficiently using the conditional sampling
oracle. To see why the latter holds, observe that the (i; j)tP entry of the matrix on the LHS is

h i X . .
. > : Pr(fjbi] Pr[fjb;
PriFts1jBes1] Di1g PriFes1jBess] = disa(F) LFiba] Prit; J]}
.

& fofpt+l dt+1(f)2

where By+1 = fby;by;:::;g. Intuitively, we can estimate this entry by sampling futures f from
Pr[jb] to approximate any term in the sum and sampling futures from d¢.1() to approximate the sum
itself. While this is true, there is one technical issue to overcome: to estimate the ratio to additive
accuracy, we must estimate the individual probabilities Pr[f j bj], Pr(f j b;] and d¢.+1(f) to relative
accuracy. We can obtain (1) relative error estimates using conditional samples as long as the one-step
probabilities are at least
(=T), but this is challenging when even a single one-step probability is small. To address this issue,
we show that such futures actually contribute very little to the overall sum, and we design a test to
safely ignore them. See Appendix E.6 for details.

While the ability to estimate the entries is clearly important, the hope with preconditioning is
that it dramatically amplifies the singular values of the matrix on the left hand side. In particular, we
want that the matrix Pr{F¢+1jB¢+1]”D ! PriFt+1jBt+1] has large (non-zero) eigenvalues, as this
will allow us to estimate the operators Ao in the ‘2 norm. Our choice of preconditioner does
achieve this in the important example of parity with noise: we can show that Pr[F+1jBt+1] has
exponentially small (in T  t) singular values for every choice of B¢+1, while there exists a basis
Bt+1 for which the eigenvalues of the preconditioned matrix are
(1) (see Appendix C). Unfortunately, in general, a basis which ensures the preconditioner has large
eigenvalues might not exist, and we address this by introducing the notion of fidelity.

Definition 6 (Fidelity) We say that distribution Pr[] has fidelity if there exists some basis
fBtg8t2(7], such that max, jB¢j 1=and

1 1
8t2 [T]: . SZPr[F¢jH¢]” Dy 1Pr[thHt]St2

where (M) denotes the magnitude of the smallest nQp-zero singular value of M, Dy is a diagonal
matrix of size jF¢j jF¢j with entries d¢(f) := jBﬁlt b2s, Prifjb], and St is a diagonal matrix of
size jH¢j jH¢j with entries s¢(h) := Pr[h].

Importantly, we only assume the existence of a basis with this property, not that it is given to us
or otherwise known in advance. Note that, although the matrix with large singular values according
to the fidelity definition is not the same as the preconditioned matrix we care about for learning
operators, nevertheless when the distribution has high fidelity (i.e., is large), we can find a basis

for which Pr[Ft+1jBt+1]>DtilPr[Ft+1jBt+1] has large singular values. This, combined with our

approach for estimating entries of the preconditioned matrix, allow us to learn operators A, in the
‘> norm. We provide details in Appendix E.2.

5. This choice of Dt+1 ensures there is no division-by-zero issue, see Remark 11.

10
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Remark 7 Although we still require an assumption, the parity with noise example suggests that the
fidelity definition, which can lead to a favorable preconditioned system, is more appropriate than
directly assuming Pr[F¢+1jB¢+1] has large singular values. Indeed, we can also show that fidelity
captures all previously studied positive results for learning HMMs.

2.5. Finding the basis

The only remaining challenge is to find the basis fBig¢y;r). Recall that, when considering the
conditional sampling oracle, we want a basis for which the preconditioned matrix has large eigen-
values. It turns out that when the distribution has high fidelity a random sample of polynomially
many histories will form a basis with this property with high probability. Given that the other as-
pects of our analysis seem to require high fidelity, this random sampling approach thus suffices to
prove Theorem 2.

On the other hand, for low fidelity distributions, random sampling will fail to cover the direc-
tions with small eigenvalue, and so basis finding becomes an intriguing aspect of learning with the
conditional sampling oracle. Basis finding is also the final issue to address for Theorem 1, using the
exact oracle. In both cases, we provide adaptations of Angluin’s L algorithm that finds a basis for any
low rank distribution. We defer discussion of the conditional sampling version to Appendix F and
hope that it serves as a starting point toward resolving Open Problem 1.

Adapting L for basis finding with the exact oracle.  We close this section by explaining how
to find a basis when provided with the exact probability oracle. As a first observation, note that we
need not construct the entire system in Equation (2) to identify operators A..:. It suffices to find a set
of futures ¢ F¢ suchthat Pr[¢ j H¢] spans the row space of Pr[F j H¢]. In other words, we just need B+
and ¢ for which Pr[¢ j B¢] has the same rank as Pr[F¢ j H¢].

The difficulty is that there is no universal choice of By; ¢+ for general low rank distributions, and
finding these sets poses a challenge search problem in an exponentially large space. We address this
challenge using the exact probability oracle and an adaptation of Angluin’s L algorithm for learning
DFAs. The basicideais as follows: given sets B; + whose submatrix is not of the required rank, we can
still solve the (underdetermined) system

Pr(¢jBt]Ao;t = Pr[otjBt]

If the prediction are accurate (i.e., these equalities hold) for each t and for polynomially many
random sequences, then we can show that Pr[] is close Pr[] in total variation distance.

it as a counterexample to improve our basis. Indeed, if the equalities do not hold, there must exist
some index t 1 such that

Prixq;:::;%x; 1= Pr[ jB]Ax; 1:::hx1;0 b (6) Prixq:::x
X+1+1] = Pr[+1jB«b1]AX+1I?Ax; 133:hxl;0 (7)

11
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Let 2 ,; index a row in Equation (7) where equality does not hold. We update = [ fx{;g andB
= B [ fxq;:::9xgand we claim that the rank of the submatrix Pr[ j B ] is greater than that ofoPr|
j B ]. To see why, note that this matrix has a new row, indexed by x,1 and a new column indexed by
X1; 1005 X,

We prove that this new row is linearly independent of the previous ones as follows. First note
that, we have Pr[41 j B+1]Ax,,0 = Pr{xs1+1 j B ], by the way we define our estimated operators.
Using this fact, the two equations above become:

x+1] = Prix:1jBlAx; 1:::Aq;00 P b

Observe that the product of estimated operators on the right hand side is identical for both equations. In

vector Pr[x.1 j B ], and this implies that the row Pr[x+1 j B ] cannot be in the span of the previous
ones. We provide all the details in Appendix A.

3. Discussion

In this paper we show how interactive access to hidden Markov models (and more generally low rank
distributions) can circumvent computational barriers to efficient learning. In particular, we show that
all low rank distributions with a certain fidelity property can be efficiently learned assuming access to
a conditional sampling oracle. In Appendix C, we show that fidelity captures the assumptions
considered in prior work on (non-interactive) learning of HMMs, specifically:

e Parity with noise admits bases Bt each of cardinality 2 with fidelity (1 ~ 22)=2, where is the
noise parameter.

¢ Full rank HMMs, where T and O are full column rank, admit bases of size O with fidelity
bounded by the minimum singular value of the second moment matrix Pr[x, = ;x; = ].This
parameter also appears polynomially in the analysis of Hsu et al. (2012).

e The overcomplete setting of Sharan et al. (2017), where sequences of length log S are used
for estimation, admits bases of size S with fidelity 1= poly(S), matching their parameters.

Despite this, the reliance on the fidelity parameter is the main limitation of our results. We
believe this dependence is not necessary, which leads to the main open problem, Open Problem 1.
We close the paper with some final remarks regarding this open problem.

As we have mentioned previously, although fidelity greatly simplifies the basis finding aspect
of our algorithm, it is not necessary for this part and refer the reader to Appendix F where we
give a general algorithm for basis finding. Indeed the only place where fidelity is required is in
our error propagation analysis, where our techniques require that operators A%;t are estimated in ‘,
norm. In the general case, we will only be able to learn operators in the directions for which the
preconditioned matrix has large eigenvalues, and ideally we should be able to ignore the directions
with small eigenvalues. This strategy would work if we can show that ignoring the small directions
preserves the low rank property, which is the linear-algebraic analog of approximating an HMM by
one with fewer states. Unfortunately, we do not know if the latter holds, and we believe this is the
key challenge to resolving Open Problem 1. We look forward to further progress on this problem.

12
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Appendix A. Warmup Setting: Learning with exact conditional probabilities

Before, we show how to learn a low rank distribution in total variation distance using only condi-
tional samples, we first introduce our overall approach on an easier setting: when the learner has
access to exact conditional probability oracle (Definition 3).

We first recall some definitions. Here our notation will differ from the technical ideas section
(Section 2) since we will be building basis for each sequence length t 2 [T] separately. We will
referto set Hy := Ot as the set of histories of length t. Similarly, we will refertoset Fy := OT tasthe
set of futures (notice the discrepancy of t and T  t). Note that one could append elements from
futures F¢ in front of elements from histories Hy and get a valid observation sequence of total length
T. Throughout, we will denote the target low rank distribution by p. Furthermore, our low rank
assumption on p implies that the conditional probability matrix Pr[F¢jH¢] has rank ry at most r. We
can interpret this geometrically, as the vectors Pr[Fijh] for history h 2 H{ span an r¢-dimensional
subspace.

A crucial implication of this assumption is that there exists ry special histories of length t,
henceforth denoted by B¢, such that the submatrix Pr[F¢jB¢] is also rank ry. This means, for any
history x 2 OF, there exists coefficients (x) 2 RiBtJ such that

Pr{F¢jx] = Pr[F¢jB](x):

As discussed in Section 2.2, even though there are exponentially many histories for which we
may have to learn the coefficients, because of the circulant structure of the conditional probability
matrix, we can generate all of them using a small matrix with O(r2) entries.

Notation. To clean up the notation, we define Bo = f’ g where’ is the empty string. We de-fine
probabilities associated to empty string as: (') = 1, Pr{xy:::x7j’] = Pr{xy:::xy]andPr[’jx1
:::x7] = 1forany T-length sequence x1; :::; xr. Let Ft = 1 = f’g. Then, because Pr[FrjHt]is
all ones matrix, we can set Bt = fhg for any observation sequence h 2 Hy . These new definitions,
in conjunction with the proposition below imply: Ay, ;1 1 = Pr[xtjBt 1] and therefore will be
a row vector. Similarly, Ay, .o is a solution of Pr[F1jB1]Ax,.0 = Pr[x1F1j’] and is therefore a
column vector.

Proposition 8 (Existence of efficient representation) Let Bg, Bt and F1 be as defined above.
Fort2 [T 1], let By Hy be any set of histories of length t such that column vectors Pr{FjB] span
the column space of Pr[FjH¢]. Then, the probability distribution p can be written as®:

F‘;JI’[X1 o ZXT] = AXT ;T 1AXT LT 2 o :Axl;O
where matrices Ao+ for everyo 2 O and t+ 12 [T] which satisfy’

PriFt+1jBt+1]Ao;t = Pr[oFt+1jB¢] (8)

6. Here by choice of basis Bo and B, Ax,:0 and Ax,; ;T 1 are column and row vectors respectively
7. and we will see that this equation always has a solution.
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Proof We first show there exists a solution A,;t for Equation (8). We claim A+ defined using basis

2 3
Pr[ojbl] 0 0
6 0 Prlojb,] 0
Aot = (b10) (b20) (bro) & T
0 0 Prlojby]

Here (x) and (xo) are the coefficients associated to history x of length t under B and history xo of
length t + 1 under B¢, respectively. By definition of Ao,

PriFt+1jBt+1]Ao;t

2 3
. Prlojb1] 0 0 :
=Pr[Ft+1jBts1] (b10
[FajBeal (ba0) (buo) 45 0 5
) 0 0  Pr[ojbn]
Prlojbq] 0
. 6
=Pr[F B:io
[Fe+1JBt ]4 . . 0 g (by definition of (bjo))
0 0 Prfojbn]

=Pr[oFt+1jBt] (by Bayes rule)

Since oF¢+1 is a subset of F¢, by repeatedly applying this equation, we get
PriFriBr]Ax; ;1 1Ax; 1 2:::Ax;0 = Prixaxa:iixrj’]

Noting Pr[F1jBt] = 1and Pr(xixy :::x7j’] = Pr[xixy :::x7] completes the proof.
We do point here that Ay, ;1 1 = Pr[x7jBt 1] by definition and is therefore a row vector.
Similarly, Ay, ;o is a solution of Pr[F1jB1]Ax,;0 = Pr[x1F1j’] and is therefore a column vector. W

With exact conditional probabilities, we can learn Ay« exactly if we know any set of histories B+
which form r independent columns of Pr[F¢jH]. So the goal is to find such a set of histories. This
presents an issue: since there are exponentially many columns in Pr[F¢jH¢], finding the independent
columns is tricky. In fact, even checking if two histories form independent columns would require
checking exponentially many entries in the matrix.

To solve these issues, we iteratively build set of basis histories B¢ and tests . Basis histories
B¢ as the name suggests is a set of independent columns in Pr[F¢jH] we have identified till now.
Tests are the subset of futures/rows which witness the independence. We will always maintain that
the submatrix Pr[¢jB¢] is an invertible square matrix and therefore Equation (8) will always have a
solution.

How do we improve the set of basis histories and tests? Suppose, we start with sets By; ¢ such that
submatrix Pr[jB¢] is not rank r¢. We can then compute matrices Aot usifg our current guess of basis
and tests:

Prles1jBes1]AcR = Prlots1jBi];

and let p be the induced distribution:

Pbr[xl M- ZXT] = A)XT ;T 1)be LT 24 bel;o
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We will often use Br and Pry interchangeably. The main observation here is that if we observe a

counterexample to p bbeing close to p in TV distance, then we can use this counterexample to
improve our basis and tests.

Proposition 9 (Finding basis histories and futures) If x; :::x¢ is a counterexample, that is, it
satisfies the following:

Pbr[xl; DX = PrLX1; D1 X (9)

then for some 2 [t], we find a new test ®and representative history l° and set® = [ fg and B°
= B [ fO suchthat rank(Pr[°jB°]) = rank(Pr[jB]) + 1.

Proof For clarity, in the poof, we will abuse notation and not explicitly mention the sequence length
when writing the operator Ay i.e. we will use Ay, instead of Ay,.t 1. First, we find a time 2 [t]
where the following equations hold:

Prixy:::x]= Pr[jB]AX:::]ﬂlXl b
Prixs::i:xXs141] = Pris1jBa1]Ay,, Ay DAL b
This is true because the first equation is true for = 0 by definition, and the second equation is true for
= t 1 because of the counterexample (Equation (9)). Now, we can simplify the equations above
by substituting vector v = (Pr[xq :::x]) 1Ay ::: A, whidh gives
Prijxi:::x]= Pr[jB]v (10) Prix+1+1jX1
ciix]= PrivafBi1]Ag,, v = Prixs1+1jBlv (11)

where the last step holds by definition ob A, (Equation (13)). Let x+1+1 be the row where the
inequality holds. Define & x,1:+1 andb = xG :::x. We will now show that the equations above
imply vector Pr[x,+1+1jB° ] is independent of rows of Pr[jB? ]. This will be enough to prove our
claimi.e. rank(Pr[°jB®]) = rank(Pr[jB]) + 1.

We prove this independence by contradiction. Assume, they are linearly dependent, that is there
exists a vector w such that :

Prix+1+1jB° 1= w” Pr[jBO ]: (12)

Then, we reach a contradiction as

Prixs1+1jX1:::x]= W Pr[jxg:::x]= w”

Pr[jBlv
= Prlx+1+1jBlv
= Prixs141jX1:0:x]

where the first and third equality follows from linear dependence (Equation (12)), second equality
follows from Equation (10) and last inequality follows from Equation (11). |

Since, each Bt can be at most size r, and this process expands our basis every iteration, it
must terminate after rT iterations, hence proving Theorem 1. We present the remaining proofs in
Appendix D.
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Algorithm 1: Learning low rank distributions using exact conditional probabilities.
Set By = fq_:{:i_(?g and = fOg forallt2 [T].

t times
forround 1;2;::: do

Choose lbo;t foreacho2 Oandt2 [T 1] which satisfies

Prlt+1jBt+1]AoR = Pr[ot+1jBt] (13)

Let Pr be a function defined on observation sequence (x; :::x¢) fort 2 [T] as,

Sample n sequences (X1; :: : Xt) each of length t 2 [T] and check if any one of them is a
“counterexample” i.e. satisfies

Use Proposition 9 to find a new test ®and representative history b° and update
:= [ fgandB := B [ fg forsome 2 [t].
else
\ return fARt8020;02(1 1)

A.1. Algorithm

We now present our algorithm. The user furnishes ", the accuracy with which the distribution is to be
learned; and , a confidence parameter. The parameter n depends on the input and is detailed in the
proof of Theorem 1 below. Note that Line 3 of the algorithm is valid as we will always maintain that
Pr(t+1jBt+1] is invertible.

Appendix B. Main Setting: Learning with conditional samples

In this section, we consider our main setting: learn a low rank distribution in total variation distance
with only access to conditional sampling oracle. We use the same notation as the previous section,
except we abuse notation for the set of futures Fy and redefine it as Fy := OT t (so instead of all
futures of length up to T  t, now its only futures of length exactly T  t). Note that this only
decreases the rank of matrix Pr[F¢jH¢]. We now formally define a basis for distribution p.

Definition 10 (Basis of a distribution) Fix a distribution p over observation sequences of length
T. Consider a set fByg¢(7) where each By is a subset of histories of length t. Then, we say

fBtgt2[r) forms a basis for distribution p, if for every observation sequence x 2 Ot, there exists
coefficients (x) such that:

Pr[F¢jx] = Pr[F¢jB¢](x)
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with jj(x)jj2 c for some universal constant ¢ 18.

In the previous setting, when we had access to exact conditional probability oracle, the main
challenge was finding a set of basis histories. Now, in comparison to our warmup setting, we will
also have errors coming from the samples, and therefore even if we know a set of basis histories, we
will only be able to learn Aot approximately by solving a noisy version of this equation:

PriFes1jBes1]M.t = PrloFi1jBil;

This presents us with three difficulties: (i) how do we learn a good estimate for A,;t, (ii) how does
error in estimates of A+ propagate to error in estimating p in TV distance, and (iii) how do we find a
good basis to do the above tasks robustly?

B.1. Error propagation

In this section, we show how to estimate the operators Aot so that the induced probability distribu-
tion is not too far from p in total variation distance. For this, we would need the basis to be robust to
small errors. We explain this in detail now.

Suppose, we already have a set of histories By of length t such that columns of Pr[FjB] span
the column space of Pr[FjH¢] or in other words fBtg,[r forms a basis for distribution p. Then,
as noted in Proposition 8, Ao.+ can be written as the solution of the following equation:

Pr[Ft+1jBt+1]Ao;t = Pr{oF¢+1jB¢]

To estimate this operator accurately, we need to learn the subspace spanned by the right singular
vectors of Pr{F¢+1jBt+1]. The issue however is that the entries in this matrix can be very small: and
therefore almost all of its singular values can be pretty small. For example, as noted in the
techniques section (Section 2.4), for HMM simulating noisy parity, all its singular values would be
exponentially small in T. And therefore, we will not be able to estimate its right singular vectors
accurately. Instead, we consider the following conditioned matrix

Pr[Ft+1jBt+1]>Dt+11 PriFt+1jBt+1];

where D¢.1 is a diagonal matrix of size jFt+1j jFt+1j with entries d¢+1(f) := Ep2s,,, Prifjb] on
the diagonal. Here Eg,,, [] for set B+, 1 refers to expectation under uniform distribution on set Bt,1.

Remark 11 We note here that since we invert the diagonal matrix D¢+1, we need to be careful
about futures f where d¢+1(f) = 0. This is not an issue however as by definition of a basis,
d¢+1(f) = Oimplies Pr[fjh] = O for all histories h 2 H¢+1. As we will see in Appendix E.6, these
futures do not affect the spectrum of above matrix.

This matrix shares the same right singular vectors as the original matrix and is more likely to
have large singular values because of the preconditioning. As an example, for the noisy parity, there
exists a basis for which this matrix has only large non-zero singular values (see Appendix C for
details). We further define such basis as robust basis of distribution p.

8. Note that by repeating elements in the basis, we can always make the norm smaller than 1. So, this norm bound is

—withouttossof generatity————
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Definition 12 (Robust basis of a distribution) Fix a distribution p over observation sequences of
length T. Consider a set fBtg,[r] Which forms a basis for distribution p. Then, we say fBtg¢a(7]is -
robust basis for distribution p if for every sequence length t 2 [T]:

+ Pr[F¢jBt] D¢ 1Pr[F¢jB¢]

where , (M) denotes the minimum non-zero eigenvalue of M and Dy is a diagonal matrix of size
jFti jFtj with entries d¢(f) := Ep28, Pr(fjb] on the diagonal.

A priori, it is unclear if such a basis exists for arbitrary low rank distributions. Moreover, even if
such a robust basis exists, how do we find it? For now, we will ignore these issues and assume we
have access to a -robust basis By.

B.1.1. ESTIMATING THE OPERATORS

With access to a -robust basis B¢, we first show that we can estimate Aq;t in ‘2 norm.

Lemma 13 (Estimating operators Aq.t) Fix a distribution p over observation sequences of length
T. Assume the distribution p has rank r, and we know a -robust basis fBtg, (7] for distribution p.
Then, using poly(r, jOj, T, 1=", 1=, log(1=)) queries to the conditional sampling oracle, we can
learn an approximation Ao+ duch that with probability 1 , for all observations 0 2 O andt 2 [T]

jj/bo;t Ao;tjjz "

We provide proofs in Appendices E.2 and E.6. This lemma follows from standard arguments
once we can estimate the matrix Pr[F¢jB:]>D 1 Pr[F:jB¢] accurately. To estimate this matrix, first
note that each entry of this matrix can be written as:

h i . .
Prfjb;] Pr[jb;
PrIFB D PrlFBy = Erg ' (001 PTURIT
i

d(f)2

Because using conditional sampling oracle, we can estimate each Pr[fjb;] to multiplicative accu-
racy, we can estimate each entry of abovementioned matrix to additive accuracy. There are some
new technical issues with ignoring futures and histories with low probabilities, which can be easily
tested for and ignored.

B.1.2. ERROR PROPAGATION

The main technical challenge is in analyzing how the error in estimating A,;+ matrices propagate to
errors in induced distributions. In the previous section, we learned an estimate A)o;t of operator Ag:t
such that they were close in ‘, sense. Now, we show that this implies that the induced distributions
are also close in total variation error.

We first define some more notation. Let V¢ be the subspace formed by the right singular vectors
(with non-zero singular value) of Pr[F¢jB¢]>D 1Pr[F¢jB¢] andV ?tbe its orthogonal complement. In
Lemma 13, we learned an estimate A,.{bof operator Ao+ such that they were close in ‘; sense. We
can actually do much better!
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vector u 2 RiBtJ

Xn X m
(ﬁbo;t Ao;t)lfl = i(bi) + i Vj? (14)
i=1 i=1

where the coefficients ; and ? are bounded in ‘1 norm: i.e kk1; k’k1 ". Using this struc-tured
error, we can show how to bound the TV distance between the induced distributions.

Lemma 14 (Pertubation argument) Assume for each sequence length t 2 [T] and observation o
2 O, we have an operator Ao;? which is close to Aot as defined above in Equation (14). Let p bbthe
distribution induced by Aq;t Biven by

Pbr[xlz::x] = AI)?T :::A’xl(')

Then, for small enough ", the induced distributions fp and p are close in TV distance:
TV (p; p) 2j0jT"

We provide the proof in Appendix E.3. We now give a rough idea of the main ideas. As mentioned in
the technical section, the main approach will be to analyze how the error written in terms of coef-
ficients evolves. To do this more formally, let’s define some more notation. For any set of histories S
of sequence length t, let (S) denote a matrix whose columns are given by the coefficient (s) under
basis Bt for sequence s 2 S. Moreover, recall we assume Bg = f’ g and therefore (') = 1.

Also, abusing notation, V.3, is also matrix representing the orthogonal complement of subspace
formed by the right singular vectors (with non-zero singular value) of Pr[F¢jB¢]>D 1 Pr[F¢jB¢].

To prove our claim inductively, assume

(/bxl:t 1 AXl:t 1)(') = (Bxl:t 1)X1:t 1 + Vt 1x1?¢ 1? (15)

where By,., , is some subset of observation sequences of length t 1. Our goal is to understand
how the ‘1 norm of coefficients ,., , grows. Ideally, we would want to show

X X
ke ki O(") + (1+ O(")) k

x1:¢20t% x1:t 120t 1

ka (16)

X1:t 1

Couple of remarks. First, the sum over all sequences x1.¢ is crucial: since the number of sequences is
exponentially growing, bounding this error for each sequence separately and summing will be
suboptimal. Second, we will also get some terms in the expression above from the error in the
orthogonal subspace V.’ 1?X1:t g Fortunately, we will show it also grows similar to expression
(Equation (16)) above.

We now show why Equation (16) holds true. Specifically, consider the following standard de-
composition of this error

(Rere Ax)()
= (B Ax)AGL )+ A(ARL . A D)+ (AR A)Bay 1 A 1))
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We look at the three terms separately.

The first term is much simpler to bound: in words, the first term is looking at how the one-step
error (A,  A,) acts on the true coefficients Ay,., ,(’). Here the main argument will be to note that
Ay,.. (") = Pr[x1:t 1]1(x1:t 1). This scaling by the marginal distribution will ensure that summing
over all observation sequences will not blow up.

Bounding the other two terms are a bit more involved. The second term is looking at how the true
operator Ay, acts on the propagation error (Ay,., , Ax,.. ,)(’) till now. Since, the propagation
error can be written in terms of coefficients (Bx,., ,) (Equation (15)), we can actually show that Ay,
will keep the error bounded.

The third term is looking at how (fx, Ax,) acts on the propagation error. The most trou-
blesome component of this error is: (fx,  Ax.)({Bx;.: 1)xi.: ). Here, we can think of each
column of (By,., ,) as a vector and use how the one-step error propagates for each column. We fill
the details in Appendix E.3.

B.2. Finding robust basis

The last remaining step is to find a -robust basis. Such a basis might not exist, so we first define a
class of distributions where such basis exists.

Definition 6 (Fidelity) We say that distribution Pr[] has fidelity if there exists some basis fBtg¢(7],
such that max¢ jB¢j 1=and

1 1
82 [T]: s  SZPriF¢jH¢] Dy 1Pr[FjH¢]S, 2

where . (M) denotes the magnitude of the smallest non-zero singular value of M, D is a diagonal

matrix of size jF¢j jFij with entries d¢(f) := B b2s, Prifibl, and St is a diagonal matrix of
size jH¢j jHtj with entries s¢(h) := Pr[h].

In Appendix C, we will go over few common examples of HMMs where fidelity is large. Next,
we show how existence of a basis under which a distribution has high fidelity is enough for us to
find a robust basis.

Lemma 15 (Finding robust basis) Fix a distribution p over observation sequences of length T.
Assume distribution p has rank r and fidelity . Pick 0 < < 1. Let n = O(logr &)and =
(log r() 11%2). Then, we can find sets fStg¢,;r), each of size n, using nlog(T=) conditional
samples such that with probability 1, fStg¢[7] is a -robust basis for distribution p.

We provide a proof in Appendix E.4. According to this lemma, a random sample from a high
fidelity distribution forms a robust basis. This is contrast to our exact setting (Appendix A), where it
seemed necessary to search for a basis. Since, our motivation is to find algorithms which do not
require high fidelity, in Appendix F, we show how to build a robust basis for arbitrary low rank
distributions (without the high fidelity assumption).
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B.3. Algorithm

We are now ready to present our algorithm. For our algorithm, the user furnishes ", the accuracy
with which the distribution is to be learned; , a confidence parameter; , the fidelity of the
distribution and r, rank of the distribution. The parameters ;; n and m depend on the input and are
detailed in the proof of Theorem 2 in Appendix E.5.

Algorithm 2: Learning low rank distributions using conditional samples.

1 for sequence lengtht = 0;1;2;:::;T do
2 Sample set By = fby;:::;bng of n observation sequences of length t using Lemma 15.
3 Build empirical estimates ¢(bo) and & for all b 2 B¢, observations 0 2 O using

Corollary 35 with m conditional samples.

4 Compute SVD of §, and let Vitbe the matrix of eigenvectors corresponding to
eigenvalues > =2.

5 Compute the coefficients (lBio‘) for each observation 0 2 O and sequence b; 2 B: 1by
solving the program:

i 8) = argmin jjgbz t(bP0)jf + jizii,?

6 Compute model parameters AQ);t 1 for each observationo 2 O:
2 3
Rr[ojb{] 0 0
h ‘68 0 ®rlojbs] - 0
mo;t 1= Vt\b; (‘blé) (bkz)o)( (bO %) 6 2 - \h l\bt> 1+
4 . 0 0 5
0 Prlojbh]

7 return model parameters fAtg;tg.

Appendix C. Examples

In this section, we show that our parity with noise and all previously known positive results: full
rank HMMs from (Mossel and Roch, 2005; Hsu et al., 2012) and overcomplete HMMs from (Sharan et
al., 2017) can be learned by our algorithm using conditional sampling oracle. Note that we will use
the alternate form of fidelity which is more amenable to analysis given by

h i

1 . . 1 = . . =
+ St PAIF(jH™ Dy "PrIFjHS, =2 D ""*Exp PriFeixa] Prifejxa]” D 72

C.1. Parity with noise

We first formally define the distribution induced by parity with noise which has been extensively
studied in the computational learning theory (Blum et al., 1994a).
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(z1;b1;1) (z2;b2;2) (z3;b3;3) (z1;b7;T)
o @ O O

(z1) (z2) (z3) (z7)

Figure 2: Hidden Markov model for noisy parity. Each hidden state is of the form (z¢; by; t) where z;
represents the current bit to be output, by is the parity of a secret subset of previous bits and t is the bit
position. by is always set to 0 and zt is set to bt with probability and 1 byt otherwise for some
2 (0;1=2). For other positions t 2 [T 1], transition from hidden state (z; bt; t) goes uniformly
randomly to hidden states (1; bt+1;t+ 1) and (0; bes1; t+ 1), where byy; = by z¢ ift 2 | and bysq
= by otherwise.

which outputs 0 if the number of ones in the sub-vector (x;)i2s is even and 0 otherwise. Then the
distribution induced by HMM for parity with noise is such that the first T 1 bits are uniform over
f0; 1g” 1 andthe last bitis (xq;:::; %7t 1) with probability 1 and 1 (x1;::05x7 1)
otherwise.

We now show that Parity with noise HMM satisfies the conditions of Theorem 2. Note that for
= 1=2, each bit becomes a random bit. And then as can be seen in the proof below, the fidelity is 1
(since the second eigenvalue goes to 0).

Proposition 17 The distribution induced by Parity with noise HMM has rank 2T and fidelity (1
2)2=2 under a basis of size 2 for every sequence lengtht 2 T.

Proof The claim about rank follows from noting that Pr{jx] = Pr[jy] is same if both x and y have
the same length t; and the subvectors (x;)i2s\(t] and (yi)i2s\[t] have the same number of ones modulo
2.

We only need to show that the distribution has large fidelity. The proof is same forall t 2 [T], so
we prove this for a particular t. For a fixed t, Pr[F jx] only depends on the parity of the secret subset
(Xi)s\rt], so there are only two options for Pr[F jx]. Let those be v; and v, and V be the matrix
with these vectors as columns. We choose the basis Bt to be any histories with probability vector v,
and v;,. Note that if the last bit in the future f matches the parity, then the corresponding probability
entryis (1 )=2T t 1 otherwiseitis=2T t 1 Also,vyi(f)= (1 )=2T 1 () wvy(f) =
=27 t 1 Therefore, each entry in d(f) is 1=27 T,

Our goal is to show that following matrix has large non-zero eigenvalues

h i
diag(d) *=2E Pr[Fjx] Pr[Fjx]” diag(d) ¥*? = 2&iag(d) 122y v > diag(d) ¥

Since diag(d) 172V V >diag(d) 2 has same eigenvalues asV >diag(d) 1V, we compute its eigen-
values. The diagonal entries of V>diag(d) 1V are2+ (1 )2 and the off-diagonal entries are 2(1
). Therefore, the eigenvalues of V >diag(d) 1V areland (1 2)2. This gives us a lower bound on

(1 2)2=2. u
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C.2. Full rank HMMs

We first define full rank HMMs studied in (Mossel and Roch, 2005; Hsu et al., 2012). Recall the
definition of HMMs (Definition 1).

Definition 18 (Full rank HMMs) We say an HMM is full rank, if its emission matrix O and state
transition matrix T have full column rank.

We next show the distribution induced by full rank HMM can be learned by our algorithm in
Theorem 2. Let Py;1 be an O O matrix with (i; j)th entry Prl[o, = i;01 = j]. Note that the
previous result (Hsu et al., 2012) in this setting depend on smallest eigenvalues of Py;1.

Proposition 19 The distribution induced by full rank HMM has rank S and fidelity min(P2,1)?
under a basis of size O for every sequence lengtht 2 T.

Proof We note that in the full rank case, we can simplify our algorithm considerably. By our as-
sumptions, rank(Pr[OjO]) = S. And therefore instead of picking all distributions, we can replace
Pr[F¢jx] by one-step probabilities Pr[Ojx]. We can do this because Pr[Ojx] = Pr[OjO](x) im-
plies Pr[F¢jx] = Pr[F¢jO](x) as rank(Pr[F¢jH¢]) = rank(Pr[F{jO]) = rank(Pr[OjO]) = S and
O F¢ where H¢ and Fy is the set of all observation sequences of lengtht 1and T trespectively.
This also means we do not need a different basis for each t 2 [T]. And only need to show that the
following matrix has large eigenvalues:

h i
D '“?Eqp Pr[Ojo]Pr[Ojo]> D'

where D is a diagonal matrix with d(0%) = Eg,0[Pr[0%jo]]. Since, eigenvalues of D 12 are 1,
we are interested in eigenvalues of

h i
Eop Pr[Ojo] Pr[Ojo]” = Pr[OjO]U Pr[OjO]”

where U is a diagonal matrix of size jOj jOj with its diagonal entries given by Pr[o]. Then, by

definition, P»,1 = Pr[OjO]U. Using this we can lower bound by min(P2.1)?.
[ |

C.3. Overcomplete HMMs

We first define the class of overcomplete HMMs which can be learned using techniques in (Sharan et
al., 2017). In (Sharan et al., 2017), the authors were concerned with the stationary distribution
induced by HMMs. To define their assumptions, let S be the number of hidden states and =
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Sharan et al. (2017) showed efficient algorithms for HMMs under assumptions which imply (a)
Pr{F jS] and Pr[H jS] matrices are rank S, (b) the condition number of Pr[F jS] and Pr[H jS] is
poly(S) and (c) every hidden state has stationary probability at least 1= poly(S).

We next show the distribution induced by these HMMs can be learned by our algorithm in
Theorem 2. We will not require the uniqueness of columns of Pr[O; S].

Proposition 20 The distribution induced by HMM s defined above has rank S and fidelity (poly(S)) ?!
under a basis of size O(S) for every sequence lengtht 2 T.

Proof Just like the full rank case (Proposition 19), we can simplify our algorithm considerably. We
choose B to be the set H . Let F be the set of all observation sequences of length T forsome T >
2. Now, we can replace Pr[F jx] by probabilities Pr[F jx] in our algorithm. We can do this because
Pr{Fjx] = Pr[FjB](x) implies Pr[Fjx] = Pr[FjB](x) as rank(Pr[FjB]) = rank(Pr[FjB]) = S
and F F. Second, we do not need a different basis for each t 2 [T] as Pr[F jx] lives in the span of
Pr[FjB] forevery history x asrank(Pr[FjB]) = rank(Pr[FjH]) = S andB H where H is the set of
all histories of length T. This means we only need to show

that the following matrix has large eigenvalues:

h i
D ™2Eq.p Pr[Fjx1.]1Pr[Fjxs.]> D =2

where D is a diagonal matrix with entries d(f) := Ep,g Pr{fjb] on the diagonal. Since, eigenvalues
of D 172 are 1, we are interested in eigenvalues of
h i
Ex..p PrlFjx1:1Pr[Fjx1.]> = Pr[FjB]K Pr[FjB]>

where K is a diagonal matrix of size jBj jBj with diagonal entries given by k(b) = Pr[b]. Define Pr[F

< 1 and every hidden state has stationary probability at least 1= poly(S), we can lower bound by
min(Pr[FH )2 = 1=poly(S).

Appendix D. Proofs for Appendix A

Theorem 1 (Learning with exact conditional probabilities) Assume O = f0; 1g. Let Pr[] beany
rank r distribution over observation sequences of length T. Pickany 0 < "; < 1. Then Al-gorithm 1
with access to an exact probability oracle and samples from Pr[], runs in poly(r; T;1=", log(1=))
time and returns an efficiently represented approximation Pr[] sd&tisfying TV(Pr; Pr) € with
probability at least 1

Proof First, the total number of rounds are at most rT. This is because by Proposition 9, we increase
rank(Pr[jB]) by 1 in every round for some 2 [T], and rank(Pr[jB]) can be at most r by our low
rank assumption. So we only need to show that when the algorithm ends, we have found a good
estimate. Note that this happens when we can not find a counterexample in Line 5. By
Hoeffding’s inequality, for n = O(log(T r=)="2), we get with probability 1 =Trforallt2 [T]:h
i
Pro Prlxit] = Brixi:] " (17)

X1:t
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Moreover, define a probability distribution Pr over sequences of length up to T using Er as follows:
foranyt2 [T],

n #

biPréxq ::: Xt ;

Pr[x :::xl]

P?[OjX]_ M :Xt] = [0:1]

Priljxs:::xe = 1 Prl0jxq:::xe]

where [o.1] projects onto interval [0; 1] and where b 1 is an indicator vector such that (since each ¢
contains O string)

biErxq:::xet] = PExX1:::x0]:

Note that for a sequence (x1 :::x7), if forall t 2 [T], Prixq:::Xet] = PrixXq :::xetl, then Prixy

1::Xt] = Pr[xy:::x7]. Therefore, together with Equation (17), we get foreacht 2 [T]ando 2 O,
Pr Pr[ojxi:t] = Prlojxi:t] 2T" 1
X _

which implies
Exy. Projx1:t] W[OJ‘Xlzt] PAN

Using Lemma 21, we get for distribution p corresponding to probability function Pr:
TV (p;p) 2T(T + 1)"

Re-substituting the value of "', we get TV (p; p) " using at most O(rT > log(T r=)="2) samples
from Pr[] and queries to the exact conditional probability oracle. [ |

Next, we need a technical lemma which allows us to test for TV distance using just conditional
samples. This lemma will imply that if our algorithm does not find a violation, then with high
probability our estimate should be close to true distribution in TV distance.

Lemma 21 (Substitute for TV oracle) Let p and p be two probability distributions over obser-
vation sequences of length T with probability functions Pr and Pr respectively. Suppose we have for
allt2 [T]andforallo2 O

Exl;tp Pr[gjl(lzt] PI’[Ole;t] "
Then y
_ 1 . — . (T + 1)jOj"
TV (p;p) = > j(Prx1:7]  Prlx1.7])j —
X1:T

Proof We prove this by induction. Assume

(Prixi:+ 1] Prlx1:e 1]) tjOj"

X1:t 1
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Then,
X _
(Prix1:¢]  Prlxi:])
X1:
= Prixi:e 1] Prixejx1:e 1] PPIXe:e 1JPF[XejX1:e 1l
X1:t X
Prixi:t 1] Prixejxae 1] Prixeixae 1]+ (Prix1:t 1] Prix1:t 1]) PPXejx1:e 1]
X1:t X1:t
We handle the two terms separately. The first term
X . ™ 1 .
Prixi.t 1] Prixejxa:e 1l Prix¢jx1:t 1l
X1:t
X X . i
= Prixi:t 1] Prixjxa:t 1] PFIxjx1:¢ 1]
x20 X1:t 1
= X Exie 1 Prixjxs:e 1] PrXjx1:t 1]
x20
joj"

where the last step follows from our assumption. The second term

(Prixi:t 1] Prixa: 1]) Prixejxae 1]
X1:t

X X .
= Prixi:t 1]  Prlx1:x 1] PrIXjX1:t 1]
X1:t 1 x20
Prixi:t 1]  Pr{x1:x 1]
X1:t 1
tjoj"

Appendix E. Proofs for Appendix B

In this section, we introduce conditions for efficient learnability of low rank distributions using only
conditional sampling oracle. We will fill out missing details from Appendix B.

E.1. Properties of operator A,

Let fBtgt2(7 be some basis of distribution p (as defined in Definition 10). In the previous section,
we defined the operators Ao+ under basis fBi g7 in Proposition 8. We now prove some properties of
this operator and the associated coefficients. We use the same notation as the previous section,
except we abuse notation for the set of futures F and redefine it as Fy := OT t (so instead of all
futures of lengthupto T t, now its only futures of length exactly T t). Consider the eigenvalue
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decomposition of the covariance matrix associated to By where Dy is a diagonal matrix of size
jFtj jF¢j with entries d¢(f) := Ep2p, Pr[fjb] on the diagonal:
PriFejBel”Dy *PriFeiBel = Ve Ve o\ gy> tOV
’ ?>
t

Here, My is a set of all non-zero eigenvalues, Vi is the eigenspace corresponding to non-zero eigen-
values and V;? is the eigenspace corresponding to zero eigenvalues. A basic property of span(V¢ )
follows from the definition of basis fBtgt,(r as dt¢(f) = Oimplies Pr(fjx) = Oforall f of length T
t and x of length t. For such future f, we define Pr(fjx)=d¢(f) = 1 for the proposition below
to make sense. And we will see in Appendix E.6 how these futures do not matter in the estimation.

Proposition 22 span(Vt?) = ker(Pr[F¢jB¢]>D 1Pr[FjB¢]) = ker(Pr[FjB¢])

Recall we denote the coefficients associated to history x of length t under basis By by (x) given
by:
PriFtjBel(x) = Pr[Fejx]: (18)

By Proposition 22, we can assume that (x) 2 span(V¢) without loss of generality. We now show
that the coefficients (x) satisfy some nice properties.

Proposition 23 Let (x) 2 span(V¢) be coefficients associated to history x. Then, the following
statements are true:

1. The coefficients (x) are uniquely defined in span(V:). Formally, Let °(x) be any other
coefficients which satisfy Equation (18). Then,

Pv.°(x) = (x);
where Py, is the projection matrix onto subspace V.
2. The coefficients sum to one, even though some of the entries could be negative
1> (x)=1
where 1 is all ones column vector.

Proof First, recall by definition, the coefficients satisfy Equation (18). The first claim follows from
span(Vt?) = ker(Pr[F¢jBt]) (Proposition 22). Finally, the last claim follows by multiplying both
sides in Equation (18) by all ones row vector 1~

1= 17 Pr[F¢jx] = 17 Pr[F¢jB¢](x) = 1> (x)

where the last equation follows by noting that 1> Pr[F¢jx] for any probability vector Pr[Fjx] is 1
(recall Fy is set of all futures of length exactly T t). [

Even though, these are exponentially many coefficients, we next show existence of operators which
can be used to construct these coefficients.
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2Pr[ojb1] 0 0
6 6 0 Pr[ojb,] 0
Ao;t = (b10) (b20) (bno) § ) 0 :
0 0 Pr[ojby]

Then, it satisfies the following:
1. span(Ac:t) span(Vis1)
2. ker(Aot) span(Vy J 3.
Ao.t(x) = Prlojx](xo) 4.
17 Ao;t(x) = Prlojx]

Proof The first two properties follow from the definition of Ag;t. Let F+ be all observation sequences
of length T t. Similar to proof of Proposition 8, Aot satisfies

PriFt+1jBt+1]Ao;t = Pr[oF¢+1jB¢]Py,

Since oF+1 is a subset of F¢, we get by multiplying (x) on both sides, we get

Pr{Ft+1jBt+1]Ao;t(x) = PrloFe+1jBt](x) = (as (x) 2 span(V))
PrioFi+1jx] (as oF¢+1 is a subset of Fy)
= Pr[Ft+1jx0] Prlojx] (by Bayes rule)

= Pr[F¢+1jB¢+1](x0) Pr{ojx]
By uniqueness of (xo) (Item 1) and that span(Ac;t) span(Vi+1) (Item 1), we get that

Aoi(x ): Agi(x )
Priojx] Vest Priojx]

= (xo)
The last one follows from multiplying both sides above by all ones row vector and then using
1”>(x) = 1 (ltem 2).

Ao;(X ]) _ > _
1>|t97r[ojx = 17(x0) = 1

E.2. Learning operators

In this section, we will assume knowledge of a -robust basis fB1g,[r] (Definition 12) and show how
to learn an approximation of operators A, using it. For this, we need to learn approximations of

Towards this end, we would have to solve for (x) in the following linear equation: Pr[Fjx] =
Pr[F¢jBt](x). This requires estimating the following:

q(x) = Pr[F¢jB¢]”diag(d¢) *Pr[Fjx] and s, = Pr[F¢jB;]”diag(d¢) ! Pr[FjB:]
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which we show how to do in Appendix E.6. Now, we use these estimates to learn approximations of
projection Py,. Recall g, is the covariance matrix with rt < r non-zero eigenvalues and letg, bean
&pproximation for covariance matrix g, from Corollary 35. Compute SVD of g,, and let W be the
mathix of top ry eigenvectors (or equivalently corresponding to eigenvalues > =2 according to the
proof of proposition below). Then, V. is close to V¢ using Davis-Kahan sin() theorem (Corollary
47):

Proposition 25 Let p be any rank r distribution over observation sequences of length T. Assume
knowledge of a -robust basis fBtgy(r) for distribution p. Let g,; g,; Vpand V; be ab defined above.
Then, we can build an approximate projection Py, such &hat
t
I
P T
iR sdiz

JiPve Py je O

forjiB sz =2
Proof Let estimate g, be such that

B ediz dis P sl (19)
The claim now follows from Davis-Kahan sin() theorem. From our assumptions, eigenvalues of Vi are

> and rest are all 0. Moreover, from Equation (19) and Weyl’s inequality, all the eigenvalues
associated to ‘bt? are < . Then, for < =2, we get using Corollary 47,

p___
2 2r

iPv. Py ir

To compute an approximation for operators Ao, we also need to get the coefficients for one-step
extensions of elements in the basis.

Proposition 26 Let p be any rank r distribution over observation sequences of length T. Assume
knowledge of a -robust basis fB+g,(r; for distribution p. Also, assume the coefficients under basis

fBtgto(r) are bounded i.e. jj(h)jjz c for all histories h 2 OT. Suppose we have
estimates dp(bjo) and & such that
n o)
max jjb(bio) q(bio)jiz; iR s.i2

Define ®;0), approximation of (bjo), for = 42=c2:
®io) = argminjjs  wibio)ji3 + jizjj, 2
z
Then, the following are true:

1. the norm of the approximation (;0) is bounded:
. . P
jikio)iiz  2¢
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2. the approximation (®;0) is accurate in the span(Vis1):
JiPv¢.. (bio) PVt+1(gi0)jj2 o

Proof Let

jit(bio) a(bio)ii2;iiB  s.diz

= 42=(;2
We know that (bjo) satisfies
B.(bio) = q(b;o)
and approximate it by the following program (for = 42):
tio) = argminjjs 2 b(bio)ji3 + jzii®
First, we can see that the above error is small as
iib. (b1®) t(bio)jj3 + Ji(bRo)ii® jjs. (bi6) tbio)jj3 + ji(bio)jj*> & as
ji(bio)jj2 cand
iiB. (bio) t(bio)jjz jjs,Poio) 8 (bi0)jj2 + jja(bio) t(bio)jj> 2
Note that this also means r
N 7 82¢Z p
jifbio)jj ;3 2¢
Using these, we get
jjs.(bio) 5. (bB)jj
jis.(bio) P (bR) + g, (Ro) P 5. (bi)j]
jjs.(bio) P (bB)jj + jjs.(Ro) P 5. (b®)j]
ije.(bio) q(bio) + q(bio)  d(bio) + b(bjo) & (bP)jj + jjs, P 8.Jiji (b1)jj
jjBt(bio)p a(bio)jj + jja(bio)  dibio)jj + jidbio) R (b®)jj+ jje, P . ijii(bB)j +
2 2+ 2c6

for c < 1. Now, using that our assumption on g,,

N 6
jiPvii(bio) Py, (Bio)jja ~ —

|
Proposition 27 Let p be any rank r distribution over observation sequences of length T and
fBtgta(r) be some basis of distribution p. Then, we can build an estimate diag(®r[ojB¢]) for

everyo 2 O andt 2 [T], such that with probability 1
kdiag(Pr[ojBt]) diag(Pr[ojB¢])k, "

using ®(jOjT n3="2log(1=)) conditional samples.
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Proof This follows from Hoeffding’s inequality Proposition 45. |

Using the approximations above, we are in position to present the approximation error for our
estimate of operator Ao:¢. Let (B¢) denote a matrix with the coefficients (b;) as its columns. We also
show that the error can be written with small coefficients on the columns on matrix (B+1) and
Vit
Lemma 28 (Restatement of Lemma 13) Let p be any rank r distribution over observation se-
quences of length T. Assume knowledge of a -robust basis fBtg¢,(r) for distribution p. Also,
assume the coefficients under basis fBtg¢,7] are bounded i.e. jj(h)jj2 c for all histories h 2 o’
. Then, we can build an estimate Aot usingb

c8r3n21joj3T5 |
——e s log” =
many conditional samples such that with probability 1 , for any unit vector v
(Ab;t  Ao;t)v = (Brs1)(0; V) + Vit ? (0;V)

with bounded errors (here (o; v) and ?(o; v) are column vectors of size jBi+1j and jVy,qjre-
spectively):
k(o; v)ki; k¥ (0; v)ks ":

Proof Using PQ (B.0) and diag(P€[ojB¢]) from Propositions 25 to 27, define operator AOQ an
approximation of Ao;t, as

Ro;r = Py, (BB)diag(PH0jB:])P,

Let

& n
rn

Py,  Pviali2;jiPy, Pviiz 1= O

3=2n ’

jiPve.. (8+0) Pve. (BtO)jj2 2 nmaXJJi\éEl(bO) b Pv...(bo)jj2 O
t

jjdiag(Pr[ojBt]) diag(Pr[ojBt])jj2 3 =

]
Also, note that jjlio)jj2  2c, jjdiag(Pr[6jB])jj2 2 and jjPy
our main claim, we will first show that for any unit vector v

v...ii2; Py jl2 1. To prove

(A)o;t Ao:t)v = Visre(o;v) + Vt?"' 1?(0; v)

with ke(o; v)ko; k’ko 4 2(?11 P 2c3 + 7. To prove this, we will show that
/bo;t Ao;t
= Vb(oBt)d|ag(Pr[§JBt])Pb Pv..,(0Bt)diag(Pr[ojB+])Py,
= (Pb, Pvm)(gBt)dlag(Pr[OJBt])Pb * Pv.., (0Bt)diag(Pr[ojB.])(Pp Pv.)
+ Pvt+1(OBt)(d'ag(Pr[OJBt]) diag(Pr6jB¢]))Py, Ve

+

PVt+1((0tBt) (OBt))0|i?s1g(Pr[OJ'Bt])F'vt
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p p p
The first term is bounded by 2 2c1, second term by 2 2c7, similarly third term by =~ 2c3 and the
last term by ;. Therefore, we get that

AP, A, 4 251 + P 2c3+ 2 (20)
2
which implies for any unit vector v
(Aot Acit)V = Veere(o;v) + Vit ;7 (0;v) (21)

p p
with ke(o; v)ka; k?(0; v)k2 KAo:tto:tka 4 2c1+  2c3 + 5. To complete our proof, we will
show that
Vis1 = (Brs1)Visr (22)

This is enough, as this gives,
(At Ao;t)V = (Bes1)(o;v) + Vi+ 4?2 (0;V)

where (0;v) = Vir1e(o;v) as jj(o; v)jjz jjVesre(o; v)jj jje(o; v)jj as Vi+1 is a unit norm matrix.
We now prove our claim. First note that Pr{F jB¢+1]l = Pr[FjBt+1] and therefore by unique-
ness of (Bt+1),

(Bt+1) = Ves1 Vil
=) (Bt+1)Vis1 = Vsl (by right multiplying by Vit+1 and V34 Visr = 1)

This whole process requires O(n2jOjT m+) many conditional samples with m« defined in Proposi-
tion 32. Substituting in " = "0=(c Fn3=2) gives the result. ]

E.3. Perturbation analysis: Error in coefficients

Our approach for learning the distribution p is to learn approximations of operators AQ;t and use
them to compute probabilities

Prixi.7] = mxT ;T 1th LT o208 :'bxl;o
For clarity, let Ay, ., and K’xm represent the product of matrices Ay,;t 1:::Ax;;0and N?(t;t 108 IA%,-O

present a technical lemma showing that the errors in our estimates of Rr{x;.7] scales linearly with
errors in our approximate operators Ay .+.

Proposition 29 Assume for every t 2 [T] and observation o 2 O, we have operator Ao+ which
satisfies for any vector v

(At Ao;t)V = (Bes1)(o;v) + Vi+ 4?2 (0;v) (23)
with k(o; v)kq; k?(0; v)k1 "jjvjj2. Then,

(/bxl:t AXl:t)(’) = (Bxlzt)xlzt + V? X 1:t ?
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where By, ., is a set of observation sequences of length t + 1 of size exponential in t but the ‘1 norm
of these coefficients grows nicely:

X

ke ki JOJ"Prixpe 1]+ (1+ JOJ")ky,, (ki+ jOj"K,, K1 (24)
xt20

kel ki JOJ" Prixie 1]+ jOj"kuy, 1K1+ jOj"ky,, K1 (25)
xt20

(Rt 1 Aot 1)(x) = (Be)(0; %) + Vy (0] x) (26)
with k(o; x)k1; k?(0; x)k1 "asjj(x)jj2 1. Next, the following recursive relation holds
(mxlzt Axl:t)(')
= (A)Xlzt A)XtAXI:t 1 + A)XtAxlzt 1 AXl:t)(')
('bxt Axt)AXI:t 1(') + Axtt)(Ath):t 1 AXl:t 1)(')
= ("bXt Ax)Axi. (7)) + AXt(AXk1>:t 1 Axyo )0) ("'\xtt> AXt)(A)XM v A, )(0)

We will bound the three terms separately for each x¢. We start by bounding the first term

(A)Xt Axt)Axl:t 1(’)
= PAc,  Ax)Prixie 1l(xi:t 1) (by Proposition 24)
= Prix1:c 1](Be)(xe; x1:¢ 1) + Prixae 1] ? (X X120t 1) (by Equation (26))

= (Be) (Prix1:e 1l(xe;xwe 1))+ V7 (Prixae 17 (xe; Xa:e 1)
and here we can see that

KPrixi:e 1](xe; 1.0 1)ke Prixa:e alk(xe; X216 1)ke " Prixi.e 1] kKPrxi:¢

1P (% X2t 1)ka Prixoe 11K (xe; X0 1)ka " Prixae 1]

where we used jj?(xe; X1:¢ 1)ija; Ji(%e; X1e 1)ij1 “i(xwxe 1)ij2 . This gives the first term in
Equations (24) and (25) (with the jOj factor for sum over x¢). We bound the remaining terms by
induction. Assume

(/bxl:t 1 Axl:t 1)(') = (Bxl:t l)xl:t 1 + Vt 1X]_?t 1? (27)
where By, ., , is a set of observation sequences of lengtht 1. Let’s first bound the second term.

AXt(A)Xl:t 1 AXl:t 1)(')

= Axt((Bxl;t 1)X1;t 1 + Vt 1;1:t :) = (by Equation (27))
Axi ((Bxye 1)xa 1) (by Proposition 24)
= (xtBx,., ,)diag(PrixtjBx;. 11)xi 1 (by Proposition 24)
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We can bound the ‘1 norm of the coefficients as

X X . . . X X . .. X . .
i Prixjbilij = Prixejbiljij = Jih = Ky o ke
xt20 bi2Byy, xt20 bi2Byy,y bi2Byy.y 1

P
where the second last step follows from X:20 Prix¢jbi] = 1. For clarity, let (xt; Bx,., ,) repre-sent
a matrix with its column given by (x¢; b) forb 2 By,., ,. Similarly, define (x¢; Bx,.? ;), (Xt; Vi 1)
and (x{; Vi ;). We can then similarly bound the remaining term.

(/bxt AXt)(A&l:t 1 AX1;t 1)(’)

= l(]'bxt Ax ) ((Bxyie 1)xie 1% Vi 18, 2) i (by Equation (27))

= (Be)(Xt; Bxyi 1)xae 1+ Vi (Xe; Bxu Dxie 1 (by Equation (26))
h i

+ (B)(xe; V? )(X“?1+ V? Axe; V2 )x “?1 (by Lemma 28)

Each of these terms can be bounded similarly. We show how to bound the first term:

X X
k i(xe; bi)ka jij k(xe;bi)ka "ke 1k (28)

biZBxl:t 1 biZBH:t 1

where we used jj(x¢; bi)ija "jj(bi)jj2 ". This gives the remaining terms in Equations (24) and
(25) (with the jOj factor for sum over x¢). |

We next give a solution for the recursion from Proposition 29. This is standard, but we give a
proof for completeness.

Proposition 30 Consider the following recursions:

f(0) = 0;g(0)= 0
f(t)= d"+ (1+ d")f(t 1)+ d"g(t 1)
g(t)= d"+ d"f(t 1)+ d"g(t 1)

Let T 2 Z*. Then, the following holds forallt T and " 1=12dT:
f(t) 3dT"

Proof We first claim: g(t) 6d" for all t T. We prove this by strong induction. This is true for t =
1. Let’s assume g(i) 6" foralli t 1. Then, first we unroll the recursion for f (t).

f(t)=d"+ (1+ d")f(t 1)+ d"g(t 1)

d"+ (1+ d")[d"+ (1+ d")f(t 2)+ d"g(t 2)]+ d"g(t 1)

d"+ (1+ d")d"+ (1+ d")%f(t 2)+ d"(1+ d'g(t 2)+ d"g(t 1)
X1 . !

(1+d")t 1+ 4" (1+d") gt i)
i=1
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where the last equation follows from observing the first few terms form a geometric series. Using
our induction hypothesis, we get
!

X 1
f(t 1) f(t) (1+ 2dT") 1+ (d")(6d") (1+ d")i !
i=1
2dT"+ 6d" (1+ d")t? 1
2dT" + 6d"(2dT")
3dT"

where we used that (1+a)t 1+2atfora< 1=2tand" < 1=12dT. And therefore, we can bound
g(t) as

g(t)=d"+ d"f(t 1)+ d"g(t 1)
d"+ 3d2T"2 + 6d2||2
3d||

where we used g(t 1) 6d" and " 1=12dT. This proves that g(t) 6d" forallt < T.
Moreover, by arguments above, in that case f(t) 3dT" forallt T. |

Lemma 31 (Restatement of Lemma 14) Let AQ;t be the approximation of A+ from Lemma 28.
Furthermore, for sequence x1.7 of length T, define
Prixir]= B, (7):

Then, for the values of " < (12jOjT) 1, we get that the distribution p and b given by probability
functions Pr and Pr are close in TV distance:

TV (p;b) 2jOJT":

Proof Recall F; = f’g. Then,

X
2 TV(p;b) = P¥[x1.7]  Prlxi.7]

))((1:T -
Abl:T AXl:T
X1:T
= (Bxy.r )xpr + VT x2_2 (by Proposition 29)
X1:T
= J(Bxyr )xard (as V{7 = ker(Pr[FrjBr]) = [0](Proposition 22))
X1:T
=X 1> 1.7 (as(x) = 1forallx 2 Ht)
X1:7T
kxl;'r kl (29)
X1:7T
The claim follows from Proposition 29 and Proposition 30. |
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E.4. Finding robust basis

We now show how to find a robust basis. We first recall some definitions: the covariance matrix for
a basis is defined as

B, = Pr[F¢jB¢]”Dy ' Pr[F¢jB¢]

where D is a diagonal matrix of size jF+jjF¢j with entries d+(f) := Eps, Pr[fjb] on the diagonal.
We further define the inner covariance as
1=2 . . 1=2
B, = D} Pr[F¢jB¢] Pr[F¢jB¢]"D ;
Note that the matrices g and g share their non-zero eigenvalues (with extra eigenvalues all 0). As we

will see, random sampling from a high fidelity distribution gives a robust basis. We show in
Appendix F more efficient ways of building a basis.

Lemma 15 (Finding robust basis) Fix a distribution p over observation sequences of length T.
Assume distribution p has rank r and fidelity . Pick 0 < < 1. Let n = O(logr 8)and =
(log r() 1%2). Then, we can find sets fS¢g¢,;r), each of size n, using nlog(T=) conditional
samples such that with probability 1, fS¢g¢y[7] is a -robust basis for distribution p.

Proof Let S¢ be a random sample of size n of observation sequences of length t from distribution
p. We ignore the t dependence in notation in this proof for clarity.

Let B be the unknown basis of length t sequences under which distribution p has high fidelity and
jBj = n 1=. Define a distribution d over futures given by d(f) = Ey,g[Pr[fjb]]. Define diag(d) to
be a diagonal matrix with diagonal entries given by d(f).

Before, we prove that S is a robust basis at length t, we first show some properties of d that

will come in handy. First, the norm of Pr[F jx] under d is upper bounded:

Brfik _ ") Prifib)

jjdiag(d) 2 Pr{Fixljj*= E ~ gy Efiftaiin® n®

d (f)
(30)
since Pr[fjb]=d(f) n by definition and jj(x)jj1 P njj(x)jjz2 P fas B is an basis.
Our next step is to show that the eigenvalues under S and B are not so different. For clarity, let
h i h i
H = diag(d) ™2 E Pr[Fjx]Pr[Fjx]> Esas Pr[Fjs]Pr[Fjs]” diag(d) ***

Then, by matrix Bernstein inequality and Equation (30), for jSj = n = O(n®log2r() 2)and <
1, we get the following bound on H:

.
... 2n®logr 2n3log2r
EjjH]j2 o + 3n e

which by Markov’s inequality shows jjHjj, =2 with probability 1=2. And by Weyl’s inequal-ity,
shows that

1 h [

Ert diag(d) 1=2ESZS Pr(Fjs] Pr[FjS]> diag(d) 1=2 5 _ (31)
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and all other eigenvalues are 0. We can repeat this sampling log(T =) times to find the random set
with these properties with probability 1 forall t 2 [T].

We now show that S forms an basis. For clarity, let Pr[FjS] be a matrix with Pr[Fjs;] as
columns. Then, Pr[FjS]>diag(d) 1 Pr[FjS] has r; eigenvalues > n=2. Let V; be the eigenvec-tors
corresponding to non-zero eigenvalues of the latter matrix. Next we note that span(fPr[Fjsq],
:::; Pr[Fjsn]g) has dimension r and therefore there exists coefficients (x) 2 span(Vy) such that

X
PriFjx] = i(x)Pr[Fjsi] = Pr[FjS](x)i

Multiplying both sides by diag(d) 172, we get
r

9 ... - .. e . - . .. n .. ..
n®=2 jjdiag(d) **2 Pr[Fjxljj> = jidiag(d) ™2 Pr[FjSI(x)jj2 (i~

where the first inequality follows from Equation (30) and the last inequality follows from Equa-
tion (31). Simplifying this shows S forms an basis with the following upper bound on the coeffi-

cients r
T 2n
Wiz <l (32)
The only remaining part is to show that the two distributions d and d are only a small factor apart.
For this, we first note from Equation (30)
d(f) Pr[Fjsi] 322
dif) = E.,s dif)— n

Since,
diag(d=d)*=? diag(d) ™2 Pr[FjS]Pr[FjS]> diag(d) “*diag(d=d)’™?

= diag(d) ¥? Pr[FjS] Pr[FjS]”diag(d) ¥?= s ;

it follows from discussion above and Equation (31) that s has ry eigenvalues greater than

n
2n3:2

Substituting n 1= proves the claim. [

E.5. Main result

Theorem 2 (Learning with conditional samples) Let Pr[] be any rank r distribution over obser-
vation sequences of length T. Assume distribution Pr[] has fidelity . Pick any 0 < "; < 1. Then
Algorithm 2 with access to a conditional sampling oracle runs in poly(r; T; O; 1=; 1="; log(1=))

time and returns an efficiently represented approximation Rr[] satisfying TV(Pr; Pc) " with
probability at least 1
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Proof From Lemma 15, wp 1=2, we built a -robust basis of size n where
logr
_ 11=2

logr

using n samples from p. From Lemma 31, to get TV error " w.p. 1=2, when given access to a
-robust basis of size n, we need to learn the estimate operators AO;P using Lemma 28 to accuracy

IIO=
2jOjT
Substituting this in Lemma 28 gives the required sample complexity as
8r3n21i)i3T5 8,321iyi9T 11
ccr’n-+joOj°T cr’n<-joOj°T
=l log? = Q 1) log? 1
- - e " it
. . "6 (6 ng 6
Substituting the values of ; n and c above, we need
3:~i9T 1
r’joOj°T 1
=Q g teg® T
ne 11
many queries to conditional sampling oracle. |

E.6. Estimating covariance matrix in Frobenius norm

In this section, we would show how to estimate the following objects:
a(x) = Pr[F¢jB¢J>Dy *Pr[Fjx] and g, = Pr[F¢jB¢] Dy *Pr(F¢jBi];

which we need for estimating the operator Ag.¢. We ignore t subscript when clear from context.

coefficients under basis Bt. Define s(b; x) as the following sum where b 2 B: and x is a history of
length t:
X Prfjb ] Pr{fjx]

s(b; x) = a0

f2F¢
Then we can learn estimate ®(b; x) such that with probability 1 ,

js(b;x)  B(b; x)j "

using at most c2nl0j0j2T*

m.= O log> 1

ng

conditional samples.
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Proof We start by writing s(b; x) in terms of expectation under Pr[jx]:
X Pr[fjb] Pr[fjx] Pr[fjb]
; — — fPr{jx]
s(b ; x) o —d{f—=E Hf—

Ft

With this, we define (un-normalized) probability functions Rr[jb] for b 2 B which set proba-
bility to 0 if f is part of a set F  (to be defined) which will depend only on history b i.e.

(

0 f2F
Prlfjb] = _ y
Pr[fjb] otherwise

We define ®as mixture distribution of Pr[jb] for b 2 By i.e. dff) = Ey,zp,[PE[fjb]]. An important
aspect of our definitions is that for any future f,

Pr(fjb] d Pr{fjx] 3=2
f) n oo dn

are upper bounded. Now, suppose maxy Pr[Fpjb] p. Then,

(33)

n #
Prfjb] Br(fjb]
E E
fPI’[jX] d(f) fPr[jx] (Ij)(f)
X Prifjb] Pr[fjx]  Pr[fjb] Pr[fjx]
d(f) &5)
X PrifjblPrifix]  PrlfjblPrifix]  Pr[fjb] Prlfjx]
f d(f) d(f) 86
Prifib]  er[fjo] LI, X PelfIbIPrIfiX e i)
f d(f) f &(f)d(f)
P .
cn332 Pr[Fpjb] + cn>™2 R=1 Pr[Fkabk]
n

O(cnszzp)

where the last step follows from maxp, Pr[Fpjb] p. Now, we can sample m = (1=2c¢2n3p2) log(2=)
random futures from Pr[jx] and call this set S. Then, again by Equation (33) and Hoeffding’s in-
equality (Proposition 45), we get that
" " # " # #
Prifjb ] Prifjb ] .

Pr Eprfjx W Efs W cn P

Together, with (1=2c2n3p2)log(2=) conditional samples, we get the following guarantee with
probability 1
" #
Prifjb ] Brifjb |

Eprijx W Efs B

(cn **p)

To estimate Br[fjb] and d&f), we need to identify the case when f is “irregular”.

42



LEARNING HIDDEN MARKOV MODELS USING CONDITIONAL SAMPLES

Definition 33 (-regular future) We define a future f to be -regular for history b if for all 2 [t]
Prifjbfi. 1]> :
Otherwise, f is -irregular for history b.

To do this, define empirical estimatesfPr[f jbf1. 1] for every future f and basis b 2 By using
®(njSjT=2log(1=)) many samples. Then, we perform the following test A(f; b) for each future f
and basis history b using these estimates:

Definition 34 (Test A(f; b)) Test A(f; b) passes if the empirical estimate Br[f jbf;. 1] > 2 for all
2 [t] and fails otherwise.

Note that with probability 1, (i) if test A(f; b) passes for future f and history b, then f is -
regular for b, and (ii) if test A(f; b) fails for future f and history b, then f is 3-irregular for b. In
the rest of the proof, we condition on the event that this relationship between test A(f; b) and
irregular futures holds for all futuresf 2 S and b 2 B:. We set F, to be the set of futures f which
are 3-regular for basis b and removing the ones where test A(f; b) passes. By Proposition 37,

p= Pr[Fpjb] O(OJT) (34)

Now, we define estimates Pr[fjb] for each future f 2 S and basis history b 2 By by first running
test A(f; b) on future f and history b. If test A(f; b) fails we set f’r[fjb] = 0. Note that otherwise
Pr[fjb] to be the estimate from Proposition 36 i.e. with probability 1

Pr(fjb]  Pr[fjb] Pr[fjb]

This requires ®(njSjT2=()2 log(1=)) many samples. Moreover, because Pr[fjb] = Pr[fjb] for
futures where tests passes, we can estimate the probability ratios with additive error:

Prfjb] (1+ )Pe[fjb] (1+ 4)Pe[fjb] Br(fjb]
#f) (1 )dH) dtf) dff) "
where the second inequality holds for < 1=2 and
Pr(fijb] (1 )Pr[fjb] (1 2)Pr[fjb] Pr{fjb]
&l f) (1+ )d(f) d(f)
d(f)
where the second inequality holds for < 1=2. This means
n # n #
Rr(fjb] Rr(fjb] (35)

" Ten Tt Tam

Combining Equations (33) to (35), we can build estimate [dp(x)]; for [q(x)]; such that with probabil-
ityl Of)
i) [a(x)hj "
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using
1
@(cznlojOJZT“ﬁmgz(%

many conditional samples.
|

Corollary 35 We can learn approximations dp(bo) and & for all b 2 By, observations o and time t
2 [T] such that with probability 1 ,

.. N ..
jibo) a(bo)jje " n;jjeP  sdir "n
using at most ®(n2jOjT m+) conditional samples.

Proof Each entry of g, and q(bo) is given by sums of the form s(b; x) where b is a basis history and
X is arbitrary history of length t. Therefore, we can estimate each of them using estimates given by
Proposition 32:

X
B edi’ js(bi; bj) b(bi; bj)j*> n>"?
i;j2[n]

The result similarly holds for g(bo). There are O(n?) entries in each matrix with T many g,
matrices and O(n) entries in each vector with njOjT many q(bo) vectors. [

Proposition 36 Consider a future f;.¢ of length t and history x. Fix > 0. Suppose Pr[fjxf;. 1] > for
each 2 [t]. Then, we can build estimate Pr[f1.¢j&] such that with probability 1

Prifieix]  Prifi.ejx] Pr{fijx]
using at most O(t2=()? log(t=)) conditional samples.

Proof By Hoeffding’s inequality, using m = 16t2 log(t=)=()2 samples, we have, with proba-bility
greater than 1 , that for all 2 [t],

Prifjxfi. 1] Prifjxfi. 1) 2t EPF[H*fl: 1);

where the last step uses our assumption above. For an upper bound, we have,
Prifieix] = L Pri¥ixfy 1] (1+ ) oy-Priffxfo o]
= (E)t Prifi.ejx] Prlfi.cjx) + Pr[fi.jx]

where the last step follows with (1 + a)t 1+ 2at for a < 1=2t. Similarly, for a lower bound we
have:

Prifi.cjx] (1 2t+tpr[f1:tjx) Prifg.cjx] Prifi.¢jx];

where the last step follows with (1 + a)t 1+ atfora 1. |

44



LEARNING HIDDEN MARKOV MODELS USING CONDITIONAL SAMPLES

Proposition 37 Define a future f to be -irregular for history b 2 By if there exists some 2 [t] (
can depend on b) such that
Prifjbfy. 1] < :

Let F, be the set of futures f where f is -irregular for history b. Then,

Pr[Fpjb] jOJT

the first time irregular is observed i.e. f 2 Fy.¢ () t= min Pr[fjbf;. 1] < . Now,
Pr{fjb]
f1:71 2Fp;t

= Prifese.7jbfrc 1fe] Prifejbfic 1] Prifi.c 1jb]

fiit afefeen.7 2Fp;t

X
Prifejbfie 1] Prfi.e 1jb] Prigjbfit 1ft]
f1:t lftZF)kz;t futures g of length T  t 1
j[e]] Prifi.c 1jbl] (as Prifejbfie 1] )
fl:t 12Fb;t
iOj
Summing over all T of these sets gives the claim. |

Appendix F. General algorithm for finding approximate basis

In this section, we learn an approximate version of basis for probability vectors. Throughout this
section, we ignore t subscript in Fy and By when clear from context. We define an approximate
basis, which allows us to ignore histories which have very low probability under the distribution p:

Definition 38 (Approximate Basis) Fix 0 < < 1. For a distribution p over observation se-
guences of length T, we say a subset of observations sequences B forms an "-basis for p atlengtht 2
[T], if for every observation sequence x = (X1;:::;Xt), there exists coefficients (x) with ‘2 norm
ji(x)jj2 1 such that:

Exp [ij PrlFjx] PriFjB](x)jis] ":We
first define regular distributions.

Definition 39 (Regular distribution) We say a distribution p is -regular if min Pry[ojx]
where the minimum is over all histories x and observations o where Pr[ojx] = 0.

We now present the main result in this section: how to build an approximate basis for a regular low
rank distribution.

Theorem 3 Let p be an -regular distribution over observation sequences of length T with rankr.
Fix0< "< =Trand0< < 1. Then,in poly(r; T;1="; 1=; log(1=)) time, with probability 1 ,
we can find an "-basis of size at most O(r2T 3 log(1=")) using conditional sampling oracle.

We believe the regularity assumption on the distribution can be removed using the ideas from Ap-
pendix E.6 but leave it as future work.
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F.1. Learning coefficients

Towards this goal, we first show how to check given an observation sequence x and set of observa-
tion sequences B if there exists (x) such that

jiPrlFjx]  Pr[FjB](x)jj1 "

Instead of directly working with the ‘1 loss, we first define an ‘; loss which we can use as its
proxy.

vector 2 RIBi, we define the ‘, approximation error as:

P ] . P xh ‘]2 .
() := rifjx . I .rffjb
I—B, () Efd d(f) jJ=1J d(f) 2 J

where d is the mixture distribution for B :

d(f) = prif 71Xh fib
= ZPr[fjx] + Prifjbil;
(f) = S Prifix]+ — i=1r[ jbil

When clear from context, we drop the B; x superscript.

We will use our ability to simulate relative probabilities for regular distributions (Proposition 36) to
build our guess for approximate basis.

Proposition 41 Let p be an -regular distribution, x be an observation sequence of lengtht 2 [T]and
B be any set of observation sequences of length t. Suppose f1; : : : f, arei.i.d. samples from d. Then,
using poly(T; 1="; 1=; log(1=)) many conditional samples, we can have estimates Pr[f;jb] fo€ all i 2
[mlandb 2 B [ fxg such that with probability 1 ,

sup Ls;x() bg;x() "
kk2C;Lem()Le;x (0B

where the estimated ‘, error function ng;x is defined as

1 X prffpd Xno prifjb]?

Bixy .= j J
Bo() 2= M atm) §(fi) j=1 §(f
and dP(fi) is the mixture distribution defined with the estimated probabilities.

Proof For notational convenience, we will drop the B; x superscript and simply write L() in the
proof. Using poly(1=;1=;T;log(1=)) conditional samples (Proposition 36), with probability 1 ,
we can have estimates Pr{f;jbF such that, foralli 2 [m]andb 2 B [ fxg,

jPrlfijb]  Prlfijblj Pr[fijb]:
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Define:
.2
t = 2 X P hix XP Tk
m— diff——_, ° d(fy——
i2[m] j=1 i
We have that L0 B L0 O+ Lr B
We will handle the two terms above separately.
To bound jL() L()j, let us first show that for any observation sequence f :
XPrifjb;]? )
h
j=1 d(f) 4h
To see this, observe that: Jibs
max Prifijb;] 2h;

i2[m};j2th]  d(fi)

xh Pl Pxh iligin 2.
. r[J] 2h. a(f [£jlqh?:

i=1 i=1

which implies:

Now using that the square loss is a 2-smooth function and a standard uniform convergence argument,
we have that r

sup L() b() 16(Ch+ 1) w
kk,C m

holds with probability greater than 1
For the second term, define

Prifiix]  Xn  Prifijbj]  Prffijx] Xn  Rrifijb;]

(Fle —d@— ., i d(f) 1 1 EET
Let us first show that, forall i 2 [m],
i(fi)j 4h(1+ Cph):
We have that:
(i Z(r[ff.i;xl Pq‘[;ijx] P%?Eik;j]" d(?r)[fijbjfbd(fi)
! j2[h] '
(1+ kk) max PrIfibl  Prifigb]

Y pasrixg  d(fi) &(fi)
Prfijb] ~ Prlgijb]

b2B[fxg d(f|) @(fl)

(1+c B
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The claim would follow provided we have that, foralli 2 [m]andallb2 B [ fxg,

Prfijb] ~ P¥[fijb]
d(fi) &(f))

To see this, using that 1=2, we have the following upper bound that:

4h; (36)

Pr(fijb] (1 + )Pr[fijb] (1+ 4)Pr[fijb] Pr{fijb] .

4h
&(f;) ¢ dE) dE) d)
and the lower bound:
Prifijb] (1 ) Pr[fijb] (1 2)Pr[fijb] Pr(fijb] oh:

&(f) @+ d) de)
This completes the proof of Equation (36).

Now consider any such that L) L(0).PAlso, it is straightforward that L(0) 4. This
implies that:

W) = 2 Prled e efibd 1 e
m &(fi) j=1 (i) m i2[m]
v % +—X
2YT(p T (f)2e T )2
i2[m] mi2[m]

vi X~ 1 X
4t°‘1_u T2+ (fi)?
Eiz[m] Eiz[m]
P —1e2ph2 P o2
4 4h(1+ C h)+ 16°h“(1+ C h)
p—
16h(1+ h)(1+ C h)%
where the first step follows from a2 b2 = 2b(a b) + (a b)2 and the second step from

Cauchy—Schwarz inequality. Combining the bounds for the first and second terms completes the
proof. [

F.2. Algorithm

We now ready to present our algorithm. The user furnishes ", the accuracy with which approximate
basis is to be learned; and , a confidence parameter. The parameter n and H depend on the input.

By Hoeffding’s inequality, it is clear that if this algorithm ends then we have found an approx-
imate basis. We know show that with high probability, this algorithm ends in small number of
rounds.

Proposition 42 Let p be an -regular distribuﬂon over observation sequences of length T with rank
r. Fix0 " 2=T2r2 LetC = 2Tr log(1=") and let H be any natural number

H n
_Tln LBh;bh+1()
2RM;jjjj2C
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Algorithm 3: Learning approximate basis using conditional samples.
forroundi = 1;2;:::;H do

Sample n samples x = (xq;:::; x¢) of length t from distribution p.
Check using Proposition 41 if any of the samples x above is a “counterexample” i.e.
satisfies "
min by ()> —
2RM;jjjjaC 8
if we find such a counterexample x = (x1;:::; X¢) then
‘ Add x to B
else
| returnB
Proof For 2 Rh, define:
X h

h
L) i= Legibp O+ g1 2
and dM) to be the mixture distribution corresponding to By,. Define:

Prifjbj]

Pr(fjb;] := :
r(fj j] d(h)(f)

It will be helpful to overload notation and view P; = Pr[Fjb;] as a vector of length jFj and P1.n
= Pr[FjBn] as a matrix of size jFj h, whose columns are Pq1;:::Pn. We overload no-tation
analogously for the vector P ; andthe matrix P1.n. ATso, let D(P) be a diagonal matrix of size jFj
jFj, whose diagonal entries are d("), where we drop the h superscript when clear from context. With
our notation, we have that Pp+1 = D 1*2Py,1 and P1., = D 172P;.},. We will write P and P
in lieu of P1.5and P 1.1, when clear from context.

We have:

(h) Prifjbns1] Xo  Prifjb]?

L O0=E ;g m —d®Hf— j dEH-

(D *Phs1 D P1.n)”D(D Phis D P1in)
kFh+1 PikZ,'

i=1

where we have used our matrix notation. Let us consider the following ridge regression estimator:

(h) - argmin LM () + kk?
2R¢

argmin kP h41 Pk? + kk?
2Rd

(P>P + 1) P Phia:
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For pmin = |, define j, to be the jFj jFj sized matrix, as follows

X h
h = Pminl + Pl:hpl;h'—?pminl"' I:’j|:’>1j=j1

We will now show that:

: (h) > 1 .
2rt'::‘nL () P thP1 L ohet (37)

Define:
— —_ —>
hi=1+ P1.pPqp:

One can verify that:
P = pPTPTP 1) 'PoPhas = PPS(PP +1) Phis= PP Phrgy
and that:
K2 = P PP Pres = Praan . Dp P
= P7;+1hilph7+1 P::lh%P hel'
Using this, we have:

min LM () = kPar P2+ kg2
2R N
1

2
L Pher + kK2

I PP

2
PP+ | PP Pher + kK2
h

— 2 —
= ZPh:]_h Ph+1+ k(h)kzz

Y
Phith Phett

By our assumption on pmin, we have that d(")(f) pmin, which implies D —1—

have

Iri Using this, we
Photh Phe1= (D *72Pps1)(1+ D 72pp>D 1°2)1p 1°2p =
Phe1(D+ PP”) 1Ppyy
Phe1(Pminl + PP”) *Ppyg =
Ph+1;1Ph+1;

where we have used the definition of , in the last step. This proves the claim in Equation (37).
This implies:

X H

H
1 X
min min L(h)() — min L(h)() Phsin P31t h=
hH 2R h H 2R h H he1
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Using that kPh+1k? 1 (since Ph41 is a probability distribution), Lemma 43 implies:

1 X S 1 r
g IOg(l + Ph+1h I'-"h+1) Jfl_?g 1+ Hz(pmin);h=1

which implies there exists an h H such that:

log(1 + Ph>+1h1Ph+1) H Eg 1+ H=(pmin):

For H 4rlog(1+ H=(pmin)), exponentiating leads to:
Pt 1, tPhes exp log 1+ H=(pmin) 12 log 1+ H=(pmin)
> r Hr

where the last step follows due to our choice of H. This shows that there exists an h H such that:

min L(h)() r log 1+ H=(p )
2Rh H min
Choosing = "2, setting H = 8rT2log(1=") suffices to satisfy our assumptions. This implies we
get the minimum loss is achieved at whose norm is bounded by
s
i €= 2Triog L

and therefore for " < 2=T 2r2, we get

min LMy o
2Rh;jjjicC

The following is a variant of the Elliptical Potential Lemma, from the analysis of linear ban-
dits (Dani et al., 2008). |

[T], each x; 2 V, where V is a d-dimensional subspace of a Hilbert space, and kxjk B. Let 2

R*. Denotety = g+ P |t=1xixi>- We have that:
T X L) q 2minln 1
+Xi X 1ln 1+ . x; = >lIn1 1 |oglety(+ TB
o T . =TT T det(l) T Ld - —

We now finish the proof of Theorem 3 by adding the missing details. We first show that ‘1 loss is
upper bounded by our ‘, proxy loss.

Proposition 44 Let x be an observation sequence of lengtht 2 [T]and B = fby;:::;bng be any
set of observation sequences of length t. We have that:

Xxh a _—
BiPrFix] j PriFiblijs  Le;x(): =1
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Proof We have that:

2 3
" . xh - rifj XP ] fib
. . = JX ; J
ji PriFjx] j=1JPr[FJbJ]JJl Efd4pd(ﬂ7j=1JPd(f)g
v Prifix] X Prif] ]Zfd
h _
tEdlf) —— ) T_d(f)y
where the last step uses Jensen’s inequality. |

p
Proof [Proof of Theorem 3] We choose C =  2Tr log(16="2), H = 8rT2log(16="2) and n
= O(1="21log(H=)). Let h(x) be the coefficients such that

h(x) = argmin by ()
2RN;jjji2C
From Proposition 41, using poly(r; T; 1="; 1=;log(1=)) many conditionally samples, we can get
with probability 1 =2, for all h 2 [H] and observation sequence x in our random sample

n2
Le,;x((x)) be, ;x((x)) 3 — (38)
In our algorithm, when we find a counterexample, it means for some observation sequence x in the

random sample:
2
n

Bo, (X)) > o

This means, by Equation (38), for that observation sequence x,
n2

Layix((x)) > | o+

However, by our choice of C and H, by Proposition 42 this can not happen H times and therefore,
our algorithm should end in at most H rounds.

We will now show that the overall error of our basis is small. When our algorithm ends, then we
should have for all observation sequence x in our random sample:
n2

min b () _

Bp;x
2Rh;jjjj2 C " 8

This means by Equation (38), we should have for all observation sequence x in our random sample:

n2
min L () _
hoiin Bh;x 4
2RM;jjji2C

By Proposition 44, this implies for all observation sequence x in our random sample:
min jjPr{Fjx] Pr[FjBljj Ny
2Rh;jjjj2C
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Therefore, for our choice of n, by Hoeffding inequality, we get with probability 1 = =2,

Pr min jiPr[Fjx] Pr[FjBljj p "=2 "=2

XP 2Rh;jjjjaC
Since, for all histories x

min jiPrlFjx]  Pr[FjBljj ,1;
2Rh;jjjj2 C
we get that
Exp min jjPr[Fjx] Pr[FjB](x)jj 1 (1 "=2)"'=2+ "=2 "
2Rh;jjjj2C

Let BO be the set where we repeat C times every b 2 B, then we get that

Exp min  jjPr[Fjx] Pr[FjBI(x)jj , (1 "=2)"=2+ "=2 "
2RM;jjji21
This completes the proof. |

Appendix G. Helper propositions

Proposition 45 (Hoeffding’s inequality) Let X1; X3; :::; X, be independent random variables
such thata X; b almost surely. Consider the sum of these random variables,

Sn=xl+ +Xn:

Then forallt> O,

Znt2

Pr(jSn E[Sn]lj nt] 2exp b a7

Here E[S,] is the expected value of Sj,.

In our work, we care about how far are the projection operators onto top eigenspace for two
symmetric matrices which are close to each other. This follows as a corollary of Davis-Kahan
theorem.

Proposition 46 (Davis-Kahan theorem) Let and bekreal symmetric matrices with the eigen-value
decomposition: VoV> + V?1V?> and VoV > + VBV B>, |fhhekeigenvalues of o are contained
in an interval [a;b], and the eigenvalues of 1 are excluded from the interval [a ;b + ] for
some > 0, then

jivB>( b )V jj

.. > ..
%’V

Corollary 47 ((Peng, 2020)) Let,, WP, V aRd be as defined above. Assume V;V 2 RnT.
Then,

p
> 2r]j
v e’ g, Zm B
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