Electronic Journal of Statistics
Vol. 17 (2023) 3443-3471

ISSN: 1935-7524
https://doi.org/10.1214/23-EJS2182

Online inference in high-dimensional
generalized linear models with
streaming data

Lan Luo*

Department of Biostatistics and Epidemiology, Rutgers School of Public Health,
New Jersey, USA
e-mail: 1.1luo@rutgers.edu

Ruijian Han*

Department of Applied Mathematics, The Hong Kong Polytechnic University, Hong Kong,
China
e-madl: ruijian.han@polyu.edu.hk

Yuanyuan Linf

Department of Statistics, The Chinese University of Hong Kong, Hong Kong, China
e-mail: ylin@sta.cuhk.edu.hk

Jian Huang'

Department of Applied Mathematics, The Hong Kong Polytechnic University, Hong Kong,
China
e-mail: j.huang@polyu.edu.hk

Abstract: In this paper we develop an online statistical inference approach
for high-dimensional generalized linear models with streaming data for real-
time estimation and inference. We propose an online debiased lasso method
that aligns with the data collection scheme of streaming data. Online de-
biased lasso differs from offline debiased lasso in two important aspects.
First, it updates component-wise confidence intervals of regression coeffi-
cients with only summary statistics of the historical data. Second, online
debiased lasso adds an additional term to correct approximation errors ac-
cumulated throughout the online updating procedure. We show that our
proposed online debiased estimators in generalized linear models are asymp-
totically normal. This result provides a theoretical basis for carrying out
real-time interim statistical inference with streaming data. Extensive nu-
merical experiments are conducted to evaluate the performance of our pro-
posed online debiased lasso method. These experiments demonstrate the
effectiveness of our algorithm and support the theoretical results. Further-
more, we illustrate the application of our method with a high-dimensional
text dataset.
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1. Introduction

Streaming data refers to the type of data that is generated continuously over
time, typically in high volumes and at high velocity. It includes a wide variety of
data types such as log files generated by mobile or web applications, ecommerce
purchases, information from social networks, and financial trading floors. To
reduce the demand on computing memory and achieve real-time processing, the
nature of streaming data calls for the development of incremental algorithms
that do not require access to the full dataset. In this paper, we focus on the
generalized linear models in a high-dimensional regression setting. We develop a
real-time estimation and inference procedure that is highly scalable with respect
to fast growing data volumes, but with no loss of efficiency in statistical inference
in the presence of a large number of features.

Streaming data processing essentially falls into the field of online learning.
This line of research can be dated back seven decades to Robbins and Monro
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[21], who proposed a stochastic approximation algorithm that laid a foundation
for the popular stochastic gradient descent (SGD) algorithm [22]. The SGD
algorithm and its variants have been extensively studied for online estimation
and prediction [28], but the work of developing online statistical inference re-
mains unexplored. A recent paper by Fang [11] proposed a perturbation-based
resampling method to construct confidence intervals for SGD, but it does not
achieve desirable statistical efficiency and may produce misleading inference in
high-dimensional settings. In addition to the SGD types of recursive algorithms,
several online updating methods have been proposed to specifically perform se-
quential updating of regression coefficient estimators, including the online least
squares estimator for the linear model, the cumulative estimating equation es-
timator, the cumulatively updated estimating equation estimator by Schifano
et al. [23] and the renewable estimator by Luo and Song [18] for nonlinear mod-
els.

Most of the aforementioned online algorithms are developed under low dimen-
sional settings where the number of features is far less than the total sample
size. However, a prominent concern in high-dimensional streaming data analy-
sis is that only a subset of the variables have nonzero coefficients. Besides the
small sample size issue at the early stage of data collection, processing such data
stream without properly accounting for the sparsity in feature set may intro-
duce significant bias and invalid statistical inference. It is worth noting that even
if the cumulative sample size exceeds the number of features as time goes by,
traditional estimation methods in low-dimensional settings such as maximum
likelihood estimation (MLE) may still incur large bias especially in generalized
linear models [26]. Therefore, current state-of-art online learning algorithms
in low-dimensional settings may be insufficient for processing high-dimensional
data streams.

In the traditional offline settings, many methods have been developed for
analyzing high-dimensional static data. Most of the work on variable selec-
tion in high dimensional regression problems is along the line of lasso [27],
the Smoothly Clipped Absolute Deviation (SCAD) penalty [10], and the mini-
max convex penalty (MCP) [31]. However, variable selection methods focus on
point estimation without quantifying the uncertainty in estimates. Later on,
statistical inference problems in high-dimensional settings, including interval
estimation and hypothesis testing, have attracted much attention since the pi-
oneering works of Zhang and Zhang [32], van de Geer et al. [30], Javanmard
and Montanari [16], among others. Recently, a novel splitting and smoothing
inference approach for high-dimensional generalized linear models was proposed
by Fei and Li [12].

While significant progress has been made on statistical inference for high
dimensional regression problems under the traditional offline settings, variable
selection and statistical inference for high-dimensional models with streaming
data is still at its infancy stage. Sun et al. [25] introduced a systematic framework
for online variable selection based on some popular offline methods such as MCP.
But their focus is not on statistical inference. Different from this work, there
are some existing methods considering the problem of inference. For example,
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Deshpande, Javanmard and Mehrabi [7] proposed a class of online estimators
for high-dimensional auto-regressive models. One of the most relevant works is a
novel inference procedure in generalized linear models based on recursive online-
score estimation [24]. However, in both works, the entire dataset is assumed
to be available at an initial stage for computing an initial estimator, e.g. the
lasso estimator; thereafter, a recursively forward bias correction procedure is
conducted along sequentially arrived data points. However, the availability of
the entire dataset at an initial stage is not a natural setup in online learning.
To address this issue, Han et al. [14] proposed an online debiased lasso method
for statistical inference in high-dimensional linear models with streaming data.

Unlike the case of high-dimensional linear models where the loss function
depends on data only through sufficient statistics [14], parameters and data are
not linearly separable in generalized linear models. Motivated by the renew-
able estimation method in low-dimensional generalized linear models [18], we
start off by taking a first-order Taylor expansion on the quadratic loss func-
tion to bypass the need of historical individual-level data. The key idea centers
around using “approximate summary statistics” resulting from Taylor expan-
sions. However, this is not a trivial extension of the methods developed un-
der low-dimensional settings. In high-dimensional settings where predictors are
spuriously correlated, a data-splitting strategy is typically used for decorrela-
tion where variable selection and estimation are conducted using two different
sub-datasets [24, 12]. A prominent concern of using such approximate sum-
mary statistics that involve previous estimates is that it may incur dependency
in the corresponding estimating equation. Theoretically speaking, the depen-
dency among recursively updated estimators poses extra technical challenge in
establishing the non-asymptotic error bound. In our proposed online method
for real-time confidence interval construction, we aim to address the following
questions: (i) what types of approximate summary statistics to be stored to
carry out an online debiasing procedure? (ii) will the error accumulate along
the updating steps if we use the approximate summary statistics? (iii) will the
online debiasing procedure maintain similar oracle properties to its offline coun-
terpart? and (iv) how to choose the tuning parameter adaptively in an online
setting where cross-validation that relies on splitting the entire dataset is not
feasible.

The focus of this paper is to develop an online debiased lasso estimator in
high-dimensional generalized linear models with streaming datasets for real-
time estimation and inference. Our new contributions include: (i) we propose a
two-stage online estimation and debiasing framework that aligns with streaming
data collection scheme; (ii) online debiased lasso accounts for sparsity feature
in a candidate set of predictors and provides valid statistical inference results;
and (iii) online debiased lasso estimators for the generalized linear models are
shown to be asymptotically normal. This result provides a theoretical basis for
carrying out real-time interim statistical inference with streaming data. Online
debiased lasso is inspired by the offline debiased lasso method [32, 30, 16], how-
ever, it differs from the offline debiased lasso in two important aspects. First,
in computing the estimate at the current stage, it only uses summary statistics
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of the historical data. Second, in addition to debiasing an online lasso estima-
tor, online debiased lasso corrects an approximation error term arising from
online updating with streaming data. This correction is crucial to guarantee the
asymptotic normality of the online debiased lasso estimator.

This paper is organized as follows. Section 2 introduces the model formu-
lation followed by our proposed online two-stage debiasing method to process
high-dimensional streaming data. Section 3 includes some large sample proper-
ties concerning the theoretical guarantees for our proposed method. Simulation
experiments are given in Section 4 to evaluate the performance of our proposed
method in comparison to both MLE and offline debiased estimator. We illustrate
the proposed online debiased lasso method and apply it to analyze a real data
example in Section 5. Finally, we make some concluding remarks in Section 6.
All technical proofs are provided in the supplementary material.

1.1. Notation

For a matrix X € R"*P, we let X;., X.; and X;; denote the i-th row, j-th
column and (4, j)-element of matrix X. X; _; is a sub-vector of X;. with the
Jj-th element deleted and X _; _; is a sub-matrix of X with the i-th row and the
j-th column deleted while other elements remain unchanged. For a sequence of
random variables {£, }nen and a corresponding sequence of constants {ay, }nen-
We say that &, = Op(a,,) if for any € > 0, there exist two finite numbers M, N >
0 such that P(|¢,/an| > M) < e for any n > N. Generally speaking, &, =
Op(ay) denotes &, /a,, is stochastically bounded. &, = o,(a,,) means that &, /a,
converges to zero in probability. With the consideration of the streaming data,
we use X @) and YU to stand for X and y, arriving in j-th batch respectively.
In addition, Xij ) and Y*(j ) (with star index) are the cumulative variables of
XU and Y. For example, Xij) = ((XIN)T ... (XU)T)T, For a matrix A €
R™ ™ et Amax(A) and Apin(A) denote the maximum and minimum eigenvalues
of A respectively.

2. Methodology

In this section, we describe the proposed estimation method with streaming
data, including online lasso estimation and online debiased lasso estimation.
With the consideration of practical implementation, we also provide an adap-
tive tuning method to select the regularization parameter. A rundown of our
algorithm is summarized at the end of this section.

Consider up to a time point b > 2, there is a total of N, samples arriving in
a sequence of b data batches, denoted by Dy = {D;, ..., Dy}, and each contains
nj = |D;| samples, j = 1,...,b. Assume each observation y; is independently
sampled from the generalized linear model with density function

yxB° — g(x°) }

(] 258 = aly) cxp{ 5
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where g(-) is a convex function and ¢ is a fixed and known parameter, and a(-)
is a normalizing factor. The underlying regression coefficient 8° € RP is of our
interest, which is assumed to be sparse with sy nonzero elements. Specifically,
we let So = {r: 8% # 0} be the active set of variables and its cardinality is so.
Our main goal is to conduct point-wise statistical inference for the components
of the parameter vector 3% (r = 1,...,p) upon the arrival of every new data
batch D;, j =1,2,...,b. The log-likelihood function for the cumulative dataset
Dy is

1
U(B; Dy) = A > log f(yi | @i, B)
i€D;
1

1
Ny og a(yi) 2Nppo
i€Dy

Z {9(xiB) — yiz:iB}.

€D}

Based on Dy, the standard offline lasso estimator is defined as

_ _ 1
B = argmin N, > {g(@iB) — viw:iBY + M8l ¢, (2.1)
BeRp b iep;

where Ny = Z?:1 n; is the cumulative sample size and )\, is the regularization
parameter. However, as discussed in Luo and Song [18] and Han et al. [14], the
classical lasso estimator obtained through minimizing equation (2.1) requires
re-accessing the historical raw data Dj_; which is not preferable in an online
setting. Therefore, an online estimation and debiasing procedure needs to be
developed for real-time estimation and inference with high-dimensional stream-
ing data. For the sake of clarity, we refer to the lasso estimator in (2.1) as the
offline lasso estimator. Sections 2.1 and 2.2 are devoted to the construction of

the online lasso estimator and the online debiased method, respectively.

2.1. Online lasso estimator

We first consider an online lasso estimator through the gradient descent method.
Define the score function as u(y;; z;, 8) = Vg {g(x:B) — viz:B} = = (¢' (z:8)—
v;), and the aggregated score function for the cumulative dataset D} is Uu®(p) =
ZieD; w(yi; i, B). Let UY)(B) = Ziebj u(yi; z;, B) be the score function for
data batch D;, and U®) (B) can be rewritten as U® (8) = 22:1 UU)(B). To de-
rive an online estimator upon the arrival of Dy, a key step is to update U (*—1) (B)
to U®(B) without re-accessing the cumulative historical raw data Dy_;.

To illustrate the idea, we first consider a simple case with two data batches,
that is, Do arrives after D;. The lasso estimator based on the first batch data is
denoted by 81, which is the offline estimator B(!) that minimizes the objective
function in equation (2.1). To avoid using individual-level raw data in D;, we
approximate U1 (8) through a first-order Taylor expansion at 81, that is,

UM(B) =UD(BYV)+ IV BB - BY) + N0,([18 - BY3),
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where J((8) = oU M) (8)/9B. It is worth noting that B(1) is not the solution
of UM (B) = 0. Nonetheless, according to the Karush-Kuhn-Tucker (KKT) con-
ditions, B satisfies ||[UM (BM)]|s = Op,(A1N1), which will be much smaller
than N; with a proper choice of A\;. As a result, we can approximate U™ (3)
by J(BD)(8 — B))

Recall that U (8) = UM (B8)+UP)(B). We further propose to approximate
U®(B) by

U (B) =T (BV)(B~BY) + U (B).

Apparently, calculating fj(?)(ﬂ) only requires access to the summary statistics
{B(l), J(l)(,@(l))} rather than the individual-level data in Dj.

The above approximation could be further generalized to an arbitrary data
batch Dy,. Let J—1 = Zs;} JW(BU)) denote the aggregated information ma-
trix. Here, we evaluate each batch-specific information matrix J () by plugging
in BY) rather than B®) to avoid retrospective calculations. Then the approxi-
mation procedure becomes

b—1
TO(B) =1 > TDBY) ¢ (8- BCD)+ U (B)
j=1
=J V(=B ) + UV (B).

The aggregated gradient ﬁ(b)(ﬂ) depends only on {E(b_l), f(b_l)}. Hence, we
compute B through the following procedure.

e Step 1: update B(b) through gradient descent with learning rate #:
BY — BO 4 [nU® (B®) /2N,)]. (2.2)

e Step 2: apply the soft-thresholding operator S(z;n\p) to each component
of B®) obtained in Step 1, where S(z;1\) = sgn(x)(|z| — nXy); and X,
is the regularization parameter for step b, that is,

BY) — S(BY A, r=1,...,p. (2.3)

The above two steps are carried out iteratively till convergence to obtain the on-
line lasso estimator (). This is an online modification and extension of the iter-
ative shrinkage-thresholding algorithm (ISTA) for the generalized linear models
[6, 3]. In this algorithm, gradient descent is combined with soft-thresholding [9]
to produce a sequence of sparse solutions. It is an online algorithm where the
iterations proceed along with new samples rather than a fixed dataset. In the im-
plementation, we set the stopping criterion to be || x U® (8(®) /2N, ]|, < 1076,
In summary, our proposed online estimator B(b) can be defined as

50 a5 Y {alwid) - i)

BERP 1€Dy
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DN | =

+3(8- BTG - B0 Ll @)
In contrast to the standard offline lasso estimator in (2.1), our proposed online
estimator in (2.4) depends on the data only through the summary statistics

{B(bfl), f(bfl)} instead of D}_;.

2.2. Online debiased lasso

We now proceed to study the online statistical inference and construct con-
fidence intervals for the r-th component of the regression parameter vector,
r = 1,...,p. However, as pointed out by [33] and [4], the lasso-type estima-
tor is not root-n consistent and does not have a tractable limiting distribution
in the high-dimensional setting. An additional debiased step is needed. To do
that, we define the following estimator that will be used in the low-dimensional
projection:

~ . 1 /4 b b
P = arg min {2Nb (T8 =230 4+ 47T ) + /\b|'71} - (25)
YERPT

where N}, and Ay, are the same as in (2.4). Letting W € R™*™ be the diagonal
matrix with diagonal elements /¢” (X ) B(), where g (-) is the second deriva-

tive of the function g(-), and X @ be the weighted design matrix W) X,
Equation (2.5) can be further recast into

b
- ) ) ) |
50 = argmin ¢ == S| XL - X[ +nlvlip. (20
~ER(P-1) b 2

It is worth noting that "?7(-17) can be computed in a similar way to the online

lasso estimator defined in equation (2.4). Specifically, (2.6) has the same form
as (2.1) if we choose the function g(t) = t2/2. It implies that we can compute

'Ayﬁb) according to the procedure (2.2)—(2.3) in Section 2.1. To solve (2.6) in the

A A ), which has

r,—r)Y—r,—

online fashion as (2.2)—(2.3), the summary statistic is (
been stored as J® in previous lasso estimation step. Besides that, we introduce
two notations: 7 = J{7) — I A" and 37 = 3, ..., ~1,... .3 e R,
whose r-th element is —1. Then, upon the arrival of the batch data Dy, we define

the online debiased lasso estimator as

b
~ ~ 1 _ . . o~
B =B - 2 [W}T} XYy — g (X8}
Tr

j=1

L EOYT Eb: JDBIYED — g(m}}

j=1
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= B + debiasing term + online error correction term. (2.7)

The debiased lasso estimator involves the initial lasso estimator defined in (2.4),
as well as two additional terms: a debiasing term and an online error correction
term. van de Geer et al. [30] studied the offline version of debiased lasso for
generalized linear models. Our debiased term can be viewed as an online gen-
eralization of the offline counterpart in van de Geer et al. [30]. However, they
are fundamentally different because the debiasing term in (2.7) is not sufficient
to establish the asymptotic normality of Bg??r As we used B(j) to approximate
3“’), the approximation error accumulates even if each ,@ @), j=1,...,b,is con-
sistent to B°. The additional “online error correction term” in (2.7) is used to
eliminate the approximation error arising from the online updates where we
do not do retrospective calculations by plugging 8 into ¢/(X @) BUWYs for
j=1,....b—1.

Meanwhile, the proposed debiased lasso estimator with the online error cor-
rection term aligns with the online learning framework, as (2.7) only requires
the following summary statistics rather than the entire dataset Dj:

b b
MY =S x0T {ym _ g/(Xmﬁ(j))} , MY =" JOEIEID, (2.8)
j=1

j=1

which keep the same size when new data arrive, and can be easily updated.
Then, (2.7) could be written as
O T
GO ONER S LS A S VIONNE VOB OF-10)
ﬂon,r - ﬂr ?T(b) {Ml + M2 J 6 }
The asymptotic normality of the online debiased lasso and the oracle inequal-

ity of two lasso-typed estimators in (2.4) and (2.5) are established in Section 3.
For variance estimation, let

5 — {&ﬁb)}Tj(b)fyﬁb). (2.9)

The estimated standard error 5. = {p®11/2) 7" can also be updated online
accordingly.

2.3. Practical guidance: adaptive tuning

In an offline setting, the regularization parameter \ is typically determined by
cross-validation where the entire dataset is split into training and test sets mul-
tiple times. However, since the full dataset is not accessible in an online setting,
such a procedure is not feasible. To align with the nature of streaming datasets,
we use the “rolling-original-recalibration” procedure with the mean squared pre-
diction error (MSPE) as the cross-validation criterion [14], as practical guidance
for choosing tuning parameters. Specifically, we define a sequence of candidate
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sets, that is, Tx 1 and T» ; = {a/\/N; : a € Tx1},j = 2,...,b. The construction
of Ty ; aligns with the rate O(y/log(p)/N;) of tuning parameter in Theorem 1.
At time point b, the cumulative dataset up to time point b — 1 serves as the
training set while the new data batch Dy is the test set. It is worth noting that
for every A € T ; where T) ; is the candidate set, we update the lasso esti-
mates B(j)()\) along 7 = 1,...,b— 1 and save the most recent one, denoted by
,/B\(bfl)(/\). Therefore, as we proceed to step b, instead of re-accessing raw data
{D1,...,Dp_1}, we plug in B(b_l)()\) to evaluate the MSPE defined below:

1 b / b) (b—1 2
MSPE,(A) = ny” Hy< Vg (x50 >(A))H2, A e T, (2.10)

and choose A such that A\, = argmin,c7, , MSPE()). In calculating MSPE, (),

we plug in B(bfl) rather than B(b) because the latter involves the test set Dy
and may lead to an issue of over-fitting. The initial A; is selected by the classical
offline cross-validation.

2.4. Algorithm

We present the procedure discussed in Sections 2.1-2.3 in Figure 1 and Algo-
rithm 1. It consists of two main blocks: one is online lasso estimation and the
other is online low-dimensional projection. Outputs from both blocks are used to
compute the online debiased lasso estimator as well as the construction of con-
fidence intervals in real-time. In particular, when a new data batch D, arrives,
it is first sent to the online lasso estimation block, where the summary statis-
tics {ﬂ(b_l), J(b_l)} are used to compute U®. Then we use gradient descent
to update the lasso estimator B(b’l) to E(b) at a sequence of tuning parameter
values without retrieving the whole dataset. At the same time, regarding the
cumulative dataset that produces the old lasso estimate B(*~1) as training set
and the newly arrived D; as test set, we can choose the tuning parameter \;
that gives the smallest prediction error. Now, the selected A, and sub-matrices
of J® are passed to the low-dimensional projection block for the calculation of
?ﬁb) (Ap). The resulting projection ?T(b) from the low-dimensional projection block
together with the lasso estimator ﬁ (®) will be used to compute the debiased lasso

estimator ES)Z{T and its estimated standard error &\ﬁb).

Algorithm 1. Online debiased lasso algorithm in generalized linear models.
Forb=1,2,...
Receive the streaming dataset Dy,
For a sequence of A\ € Thp, update online lasso estimator B(b)(/\) defined in (2.4)
Determine Xy from Ay = arg min)\ETA’bMSPEb(A) defined in (2.10)
Update and store the summary statistics {E(b), f(b)}
Given Ao, update the estimator in low-dimensional projection 3 defined in (2.5)
Update and store the summary statistics be) and Méw by (2.8)
Compute B, by (2.7) and 5
Output BS,ZL),T and its estimated standard error ET(-b)
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") = 3" -
8" + v

(@
Calculate lasso estimators ﬂ( )()\)
at a sequence of A € Ty,

{ Ay = argmin MSPE,()\) } J = j) T)J(b)(ﬁ )
AETx, ~(b ~(b
M Iy
ettt telelletebsslelsilsisiisiebsisisieineie et s 2SR
: 3" 50 (b =0 =) g Calculate Lasso es- !
Outputs ! Bon.» and 7 70 — J. - Jrﬂ-’Yg) }_[ S 'Ay(,l')()\b) |

Low-dim projection

F1G 1. Flowchart of the online debiasing algorithm. When a new data batch Dy arrives, it is
sent to the lasso estimation block for updating B~ to B(®). At the same time, it is also
viewed as a test set for adaptively choosing tuning parameter \p. In the low-dim projection

block, we extract sub-matrices from the updated information matriz J®) to compute 'Ayﬁb)()\b)
?,(.b) are further
used to compute the debiased lasso estimator Bg?r and its estimated standard error Eq(nb).

and the corresponding low-dimensional projection *T—,(.b). Outputs B\ﬁb) (Ap), and

Remark 1. When p is large, it may be challenging to implement the online debi-
asing algorithm since the space complexity to store the aggregated information
matrix J®) is O(p?). To reduce memory usage, we can compute the eigenvalue
decomposition (EVD) of J® = QuApQ; , where Qy is the p x N, columns or-
thogonal matrix of the eigenvectors, Ay is the N, x N, diagonal matrix whose
diagonal elements are the eigenvalues of J®). We only need to store Q; and Ay.
Since rp = rank(Ap) < min{Ny, p}, we can use an incremental EVD approach [5]
to update Qp and Ap. Then the space complexity reduces to O(ryp). The space
complexity can be further reduced by setting a threshold. For example, select
the principal components which explain most of the variations in the predictors.
However, incremental EVD could increase the computational cost since it re-
quires additional O(r?p) computational complexity. Indeed, there is a trade-off
between space complexity and computational complexity. How to balance this
trade-off is an important computational issue and deserves careful analysis, but
is beyond the scope of this study.

3. Theoretical properties

In this section, we state our main theoretical results: the oracle inequality of
lasso estimators B®) and 'A)q(,b) defined in (2.4) and (2.5) respectively, as well as
the asymptotic normality of the online debiased estimator ﬁé‘;),r. Recall that 89

is the underlying true coefficient. Consider a random design matrix X with i.i.d
rows. Let ¥ = E[(XM)TXM]/Ny, J = E[JV(B)]/N; and ® = J~! be its
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inverse. Then, the ground truth of 'Ay,gb) given in (2.5) is defined as
779 = arg min,yeR(p_l) E (JT)T —2J, oy + 7TJ_T7_T'7) .
In addition, we let So = {r : 82 # 0}, so = |So|, S» = {k # 7 : O, # 0} and

s = |Sy| for r = 1,...,p. The following assumptions are needed to build the
oracle inequality of the lasso estimators 8®) and 3£ defined in (2.4) and (2.5).

Assumption 1. Suppose that

(A1) The pairs of random variables {y;, T;}iep; are i.i.d.. The covariates are

bounded by some constant K > 0, that is, sup;cp« ||il|cc < K with prob-
b
ability one.

(A2) supiepy |2:B°] = O(1) and sup;cp, |(@:) )| = O(K), where (x;),
is the sub-vector of x; with r-th element deleted. In addition,
SUP;ep; 11/g" (i) = O(1).

(A8) For some d-neighborhood (6 > 0), ¢"(-) is Lipschitz with constant ly, that

(&)
173 _ Al
wp sup lg” (u) = g"(v)]
€Dy uwe{v:lv—z; 80| <8} u =]

)

<.

(A4) The smallest eigenvalue of J is bounded away from zero. In addition,
0 <1 € Anin(B) < Apax(B) < o < 00 for two absolute constants ¢
and cs.

(A1) assumes that the streaming data is homogeneous, and the covariates
follow bounded distributions for some finite K or the covariates are sub-gaussian
random variables with K = y/log{max(Ny, p)}. (A2) requires the boundness
of |&;8° and |(z;)_~°|. Such an assumption is regular for high-dimensional
models [30, 2]. (A3) requires the Lipschitz property of the derivative of the
mean function around the truth value. It can be easily verified that the popular
logistic regression, a special case of generalized linear models, satisfies (A3).
(A4) ensures that the compatibility condition [29] holds.

Theorem 1. Assume Assumption 1 holds. Suppose that the first batch size n; >
cK?s3logp for some constant ¢ and b = o(log Ny), and the tuning parameter
\j = C{log(p)/N;}/2,j = 1,...b for some constant C. If there exists an ¢ > 0
such that K%s3 log(p)]\fb_1+6 = o(1), then, for any j = 1,...,b, with probability
at least 1 — p~2, the proposed online estimator in (2.4) satisfies

1B — 8%l < 7 s0h;. X (B9 — B)[3 < 5oy 5.

Remark 2. Theorem 1 provides upper bounds of the estimation error and the
prediction error of the online lasso estimator ,B\(j ). The constants cgj ) and cgj ),
J=1,...,b, possibly depend on the batch step j. Since the lasso estimator B(b)
depends on B~ the estimation error in the previous step will be carried onto
the updated estimators. As a result, it is inevitable that some constants in the
oracle inequality depend on b; nonetheless, they are well under control as long
as b = o(log Ny).
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The next corollary shows the consistency of the proposed online lasso esti-
mator in (2.4).

Corollary 1. Assume those_conditions in Theorem 1 hold. Then, the lasso
estimator in (2.4) satisfies |B® — B°||l1 —, 0 as Ny, — oo, where —, means
convergence in probability.

We present the oracle inequality for ﬁﬁb) in the next theorem.

Theorem 2. Assume Assumption 1 holds. Suppose that the cumulative batch

size satisfies Nj > ccgj)K%%s% logp,j = 1,...,b for some constant ¢, and the
tuning parameter \; = C{log(p)/N;}'/? for some constant C, then, for any
j=1,...,b, with probability at least 1 — p~2, the estimator in low-dimensional

projection defined in (2.5) satisfies Hﬁy) =21 < ez

Combining the results in Theorem 1 and Theorem 2, we can establish the
asymptotic normality of the online debiased lasso estimator.

Theorem 3. Assume those conditions in Theorem 1 and Theorem 2 hold. If
there exists an € > 0 such that

s2K31og(p) log(Ny)N, 27 = o(1), s2s2K2log(p) Ny = o(1),
then for any fized r,
~(b)

Tr ~
\/—N—b( O =B =W, +V;,
b
1 . ) .
W= ——{3"} 7Y {XU}T (¢(XDB%) —y)), V. = 0,(1).
VN = ( )

According to Theorem 3, the asymptotic expression of ?ﬁb)(/\ég{r - BY/VN,
is a sum of W, and V,., where W,. converges in distribution to a normal random
variable by the martingale central limit theorem and V,. diminishes as N, goes
to infinity. Note that 7" = O,(Np), which implies the convergence rate of

éi?,r — 8% is at the order of 1/v/Ny,.

Remark 3. Theorem 3 implies that the total data size NV, could be as small as
the logarithm of the dimensionality p, which is a common condition for offline
debiased lasso in the literature [32, 30]. However, due to the lack of access to
the whole dataset, it is increasingly difficult to derive the asymptotic property
of online debiased lasso. One major difficulty arises from the dependence among
BW . ..., B® . Another difficulty is dealing with the approximation error that
accumulates in the online updating, especially under high-dimensional settings.
In contrast, the classical offline lasso does not have these two problems. Even
for the online debiased lasso in the linear model [14], the above two problems
can be bypassed by making use of the special structure of the least squares in
the linear model.
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4. Simulation studies
4.1. Setup

In this section, we conduct simulation studies to examine the finite-sample per-
formance of the proposed online debiased lasso. We randomly generate a total
of Ny samples arriving in a sequence of b data batches, denoted by {Dy, ..., Dy},
from a logistic regression model. Specifically,

(4) go

i ; exp(x;”’ B

PP =1al) = 2@ )
1+ exp(z;” B°)

Py =02y =1-P@Y =12, i=1,...,n;; j=1,....b,

where {mgj)}T ~ N(0,%) and B° € RP is a p-dimensional sparse parameter
vector with sqg = 10 denoting the number of nonzero components in B°. We set
half of these nonzero coefficients to be 1 (relatively strong signals), and another
half to be 0.01 (weak signals). We consider the following settings: (i) N, = 624,
b=12,n; =52 for j =1,...,12, p = 600; (ii) N = 1,000, b = 10, n; = 100
for j =1,...,10, p = 1,000; (iii) Ny = 1,000, b = 10, n; = 100 for j =1, ..., 10,
p = 2000. In all settings, we choose & = 0.1x {0.5"=71}, ;_;  and the learning
rate is set to n = 0.005.

The objective is to conduct both estimation and inference along the arrival of
a sequence of data batches. The evaluation criteria include: averaged absolute
bias in estimating B° (A.bias); averaged estimated standard error (ASE); em-
pirical standard error (ESE); coverage probability (CP) of the 95% confidence
intervals; averaged length of the 95% confidence interval (ACL). These metrics
will be evaluated separately for three groups: (i) 8% = 0, (ii) 2 = 0.01 and (iii)
B2 = 1. Comparison is made among (i) the maximum likelihood estimator ob-
tained by fitting the conventional generalized linear model at the terminal point
where N, > p, (ii) the offline debiased ¢;-penalized estimator at the terminal
point which is also the benchmark method (included in p = 600 only because of
the computation burden), and (iii) our proposed online debiased lasso estimator
at several intermediate points from j = 1, ..., b. Two offline methods included in
comparison are executed with existing R packages hdi [8] and glm, respectively.
The results are reported in Tables 1-3.

4.2. Bias and coverage probability

It can be seen from Tables 1-3 that the estimation bias of the online debiased
lasso (ODL) estimator decreases rapidly as the number of data batches b increas-
ing from 2 to 10. Both the estimated standard errors and the average length of
95% confidence intervals show a similar decreasing trend over time, and almost
coincide with those by the offline benchmark method in Table 1 at the termi-
nal points. Besides that, the coverage probability of ODL always performs well.
For example, in Tables 1-3, the coverage probabilities of ODL are close to 95%
across all updating points 7 = 2,4, ..., 10.
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TABLE 1
Ny =624, b=12, p =600, sp = 10, X = 0.1 X {0.5“_3"}@]-:17_,_4,, Performance on
statistical inference. “MLE” is the offline estimator obtained by fitting the traditional GLM,
“offline” corresponds to the offline debiased 1-norm penalized estimator, and “ODL”

represents our proposed online debiased lasso estimator.
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Bo,r MLE | offline ODL
data batch index 2 4 6 8 10 12
0 1.594 0.018 | 0.042 0.034 0.031 0.029 0.027 0.025
A.bias 0.01 1.554 0.016 | 0.044 0.031 0.026 0.012 0.010 0.010
1 11.85 0.077 | 0.192 0.168 0.159 0.147 0.137 0.134
0 2.43 x 10° 0.307 | 0.576 0.416 0.347 0.304 0.274 0.251
ASE 0.01 2.45 x 106 0.307 | 0.577 0.416 0.347 0.304 0.274 0.251
1 2.42 x 106 0.308 | 0.576 0.416 0.347 0.304 0.275 0.251
0 27.18 0.300 | 0.576 0.411 0.341 0.298 0.269 0.246
ESE 0.01 27.68 0.296 | 0.576 0.403 0.330 0.287 0.266 0.240
1 27.49 0.291 | 0.559 0.395 0.326 0.295 0.257 0.240
0 1.000 0.955 | 0.947 0.949 0.949 0.949 0.948 0.947
CP 0.01 1.000 0.957 | 0.949 0.958 0.951 0.958 0.951 0.956
1 1.000 0.951 | 0.946 0.939 0.929 0.925 0.931 0.926
0 9.51 x 10° 1.202 | 2.259 1.631 1.361 1.193 1.076  0.982
ACL 0.01 9.59 x 106 1.203 | 2.261 1.632 1.361 1.193 1.076  0.983
1 9.48 x 106 1.206 | 2.257 1.629 1.361 1.193 1.077  0.983
C.Time (min) 0.06 112.3 6.99
TABLE 2

Ny = 1,000, b =10, p = 1,000, so = 10, = = 0.1 x {0.5/*771}, ;1 . Performance on
statistical inference. “MLE” is the offline estimator obtained by fitting the traditional GLM,
and “ODL” is our proposed online debiased lasso estimator.

Bo,r MLE ODL
data batch index 2 4 6 8 10
0 99.47 | 0.032 0.025 0.022 0.019 0.018
A.bias 0.01 151.69 | 0.036 0.026 0.026 0.019 0.020
1 100.99 | 0.113 0.123 0.128 0.127 0.122
0 7.91 x 10° | 0.449 0.317 0.259 0.224 0.200
ASE 0.01 | 8.36 x10% | 0.450 0.317 0.259 0.224 0.201
1 8.05 x 10° 0.449 0.317 0.259 0.224 0.201
0 1692.27 | 0.434 0.309 0.252 0.218 0.196
ESE 0.01 1611.81 | 0.435 0.317 0.258 0.225 0.198
1 1774.24 | 0.413 0.293 0.242 0.214 0.191
0 1.000 | 0.956 0.953 0.951 0.950 0.948
CP 0.01 1.000 | 0.955 0.949 0.945 0.949 0.941
1 1.000 | 0.965 0.963 0.947 0.928 0.917
0 3.10 x 107 1.761 1.243 1.014 0.879 0.786
ACL 0.01 | 3.28 x 107 | 1.765 1.244 1.015 0.879 0.786
1 3.15 x 107 1.764 1.244 1.016 0.879 0.786

It is worth mentioning that at the terminal point in Tables 1 and 2 where the
cumulative sample size Ny is equal to or slightly larger than p, we can still fit the
conventional generalized linear model to obtain the MLE. It fails to provide re-
liable coverage probabilities due to severely large biases and estimated standard
errors. In particular, the estimation bias of MLE is around hundreds times that
of the offline or online debiased lasso when p = 600 as shown in Tables 1, and
it further increases to thousands times of the online debiased estimator when
p = 1,000. Furthermore, as clearly indicated by the large empirical standard
errors, MLE under this setting suffers from severe instability. Such an invalid
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TABLE 3 o
N, = 1000, b = 10, p = 2000, sp = 10, = = 0.1 x {0.51=91}, ;1 .. Performance on
statistical inference. “ODL” represents our proposed online debiased lasso estimator.

ﬁO,r ODL
data batch index 2 4 6 8 10
0 0.028 0.021 0.018 0.016 0.015
A.bias 0.01 0.019 0.013 0.014 0.011 0.009
1 0.091 0.102 0.104 0.102 0.110
0 0.449 0.317 0.259 0.224 0.200
ASE 0.01 0.449 0.317 0.259 0.224 0.200
1 0.449 0.317 0.258 0.224  0.200
0 0.442 0.313 0.255 0.221 0.197
ESE 0.01 0.458 0.318 0.258 0.218 0.196
1 0.419 0.305 0.245 0.218 0.195
0 0.953 0.951 0.951 0.950 0.950
CP 0.01 0.947 0.951 0.947 0.949 0.958
1 0.964 0.946 0.935 0.934 0.920
0 1.760 1.242 1.014 0.878 0.785
ACL 0.01 | 1.761 1.241 1.014 0.878 0.785
1 1.763 1.243 1.015 0.878 0.785

estimation and inference result by MLE further demonstrates the advantage of
our proposed online debiased method under the high-dimensional sparse logistic
regression setting with streaming datasets.

4.83. Computational efficiency

We make a computation time comparison including data loading time and algo-
rithm execution time of different methods in Table 1 only, as the offline debiased
lasso implemented with hdi becomes computationally prohibitive when p in-
creases to 1000. Moreover, while achieving comparable statistical performance,
the computational advantage of our proposed online debiased lasso is clear when
p = 600, as it is almost 16 times faster than its offline counterpart.

5. Real data analysis

New technologies have made available vast quantities of digital text, record-
ing an ever-increasing share of human interactions, communication, and cul-
ture [1, 20]. The information encoded in text serves as a rich complement to
the more structured traditional data in research. For example, text from fi-
nancial news, social media, and company filings can be used to predict asset
price movements and study the causal impact of new information; text from
advertisements and product reviews may also be utilized to study the drivers
of consumer decision making [13]. One of the most prominent features of text
data is that it is high-dimensional in nature due to the large volume of the word
dictionary. Existing works mostly focused on point estimation without much
consideration of statistical inference such as interval estimation [17]. Thus, a
computationally-efficient online interval estimation method in high-dimensional
setting is desired. Our proposed method can fill in this gap.
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Fic 2. Trace plot of the point estimate and 95% confidence bands of regression coefficients
corresponding to phrases “additional”, “mortgage loans” and “return”, respectively.

In this section, we analyze the 10-K reports dataset collected from year 2002
to year 2006 [17]. This dataset includes n ~ 16,800 annual financial reports from
all publicly-traded corporations and the corresponding stock future volatilities.
Our goal of this analysis is to investigate the influence of annual financial reports
on stock volatility. In particular, we will fit a logistic regression model where
the response variable y encodes the increase (y = 1) or the decrease (y = 0) in
stock utility, and the high-dimensional covariate vector x is the top-3000 phrases
(including unigrams and bigrams) with highest frequencies, i.e. p = 3,000.

We apply our proposed online debiased method to construct confidence inter-
vals along with sequentially collected data points. We obtain an updated point
estimate of the regression coefficient and its 95% confidence interval every six
months, and the trajectories are plotted in Figure 2. In this analysis, we look
into the associations between the frequencies of some phrases and the odds of
increased stock utility. Particularly, we focus on “additional”, “mortgage loan”
and “return”. As shown in Figure 2, all confidence intervals cover zero at the be-
ginning, i.e. in June 2002. Later on, as data accumulates, we find that “mortgage
loan” tends to show a positive association to the odds of increased stock utility
while “return” shows a negative association. Furthermore, the estimated regres-
sion coefficient of “additional” stays close to zero and its confidence interval
always covers zero.

These results are intuitively reasonable. First, “mortgage loan” stands for a
secured loan that allows one to take funds by providing an immovable asset
such as a house or commercial property. It typically happens when company
faces a cash flow shortfall. Consequently, it will undermine investors’ confidence
and increase the volatility of the stock price. In contrast, “return” indicates a
healthy development of the company, which strengthens investors’ confidence
and reduces the volatility. Moreover, our interval estimation can help identify
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insignificant coefficients. For example, the word “additional”, which is found to
be positively associated with the volatility in [17], turns out to be statistically
insignificant.

6. Discussion

In this paper, we propose an online debiased lasso method for statistical infer-
ence in high-dimensional generalized linear models. The method is applicable
to streaming data, that is, only the historical summary statistics, not the raw
historical data, are needed in updating the estimate at the current stage. Under
regularity conditions similar to those in the offline setting and mild conditions
on the batch sizes, we prove the online debiased lasso (with an online correction
term) is asymptotically normal. The numerical studies further demonstrate the
effectiveness of our algorithm and support the theoretical results.

There are several open questions in the area of online inference. First, our
method are developed for homogeneous data, where the streaming data are
assumed to be i.i.d. sampled. While there are some existing works that address
dependence and time-varying effects in low-dimensional settings [19], it will be
interesting to explore how they can be extended to high-dimensional settings.
Second, the loss function we consider in this paper is the negative log-likelihood
function. It is unclear whether other loss functions, including non-smooth robust
loss functions such as the Huber’s loss [15], could be used for online inference.
Third, we did not address the issue of the online variable selection. The major
difficulty in this problem is how to recover the significant variables which may be
dropped at the early stages of the stream. We hope to address these interesting
questions in the future.

Appendix A: Proofs of theoretical results

This section provides detailed proofs for the theorems described in the main
text.

A.1. Proof of Theorem 1

Proof of Theorem 1. For the prior data batch D, we have 3(1) = BW where
BW is the offline lasso estimator. Since the oracle inequality of B() is well-
established in Section 6.7 of [4], Theorem 1 holds when b = 1. Now we prove the
oracle inequality of B(b) for an arbitrary b > 2 by the mathematical induction.

Suppose that E(b_l) satisfies
1B = Bl < " Vsohpr, [XLTV(BEY - 8O3 < o VsoNiAE,

with constants cgbfl) and cgbfl). We claim that ||8® — 8°||; < cgb)sox\b. Other-
wise, we consider the following linear combination,
Cgb)So)\b

et sod + 1B — 811

8O =80 4 (1—1)B8°, where t = (A1)
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Then [|B® — 891 < P soA. Since |B® — 81 < ¢iPsoAp/2 if and only if
1B® — BY|; < cgb)so)\b, it suffices to show [|B® — B9||; < cgb)so)\b/z

Let L(B;D;) = > ep,{9(®iB) — yiw:B}, j = 1,...,b. Due to the convexity
of the objective function, we have

~ 1 ~ ~ ~ ~ ~ ~
_— (). —(B®) _ gl—1T J(b-1)g(b) _ g(b—1) (b)
s { B Dr) + 5B = BODTIODE - FO0) Lk 5O

{875 + 50— BOD)T T80 - FO0 ) 4wl
(A.2)

<
- 2N,

where JO—D = Y71 JO)(8)). Recall that Dj_; = {Dx,...,Dy—1}. A Taylor’s
expansion gives that

ﬁ(E(b)§ b-1) — E(IBOQDEA)
= (OO T(EY - %)+ 5 (BY - 8T {TU V@) } (B - 8°),

where J¢=1)(¢) = Z?;} J@(€) and € = t8°+ (1—15)B® for some 0 < t; < 1.
Then

%(’ﬁf(b) _F-1)T Fo-1(F0) 73@—1)),%([3073@71))7(;(1,71)([3073(5,1))
= %(E(b) — BO)TJO-D(B®) _ g0y _ (1) _ g0yT J-1)(g(b-1) _ g0y
=£(B™;D;_,) — L(B% D;_y)

+ % S EY - g {3089 - 199} (B - 8)

=BV - 80T {ID(BI)} (B - 8% — (U (8%} (B - B°)
= L(BY;Dyy) — £(B% D) + A - AP - AP,

Substituting the above equation into (A.2), we have

1 ~ ~ 1
- (). p* (@] A(b) _ A(b) _ A(b)
2Nb£<ﬂ ) b)+/\b||13 ||1+2Nb( 1 2 3 )
1 *
< —L(B%D;) + M1B°]1. (A.3)

2N,

The remaining part is the same as the proof of Theorem 6.4 in van de Geer [29].
Define

£(B) = QLNbE (£(6:D5) — L(8° D))},
v(B;Dy) = L(B;Dy) —E{L(B;Dy)}, BER?,
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which are the excess risk and the empirical process respectively. Note that £(3)
does not depend on Dj since the data are i.i.d. samples. Then, (A.3) could be
further written as

E(BD) + MBI
1 S . 1
< 5 108V DY) — w8 D) |+ M8+ 5 (A - AP - AL

- 2N,
_ 1w 0 L a®) A A®)
= 2NbA4 + Xl B711 + 2Nb(A1 A, A37).

Recall that X7V = (XW)T, ... (X®=D)T)T ¢ RNe-1XP_ The next lemma
provides the upper bound of \Agb)m = 1,2, 3,4, whose proof is given at the end
of Appendix.

Lemma 1. Under the conditions of Theorem 1, with probability at least 1 —p~3,

1AV < 2K,V soM | XV (B — 89))12,
b b— = b— S(h—
AP < Ko XV (B® — B[l | XV (BOY — BO)lo,
AP < X1 Npo 1 [|BY — BYY11/8, 1A < Moo 1B — B1/8,

where ly is Lipschitz constant defined in Assumption 1, K = sup;epy [|@i[ o and
Ks = SUpieD;|9“("’3iﬁ)\-

The upper bound of |A;] could be absorbed in the upper bound of |As|.
According to Lemma 1,

Agb) - Aéb) o A:(,’b) o Az(Lb)
1), ~1), 3(b— 1 ~
< 2| XV (B — )2 XV (B — )2 + g A NIBY — B0

_ ~ 1
< 2K (Nymrey ™V s0) 2| XD (BY = B0)|2 + 7t Nyso].

Consequently,
EB) + M8 = MlIB°ls
1 - = 1
< N, { Ko(Ny_rey Vo) 21| XM (BY — B2 + chb)Nbso)\g}

(b—1) 1/2
c s ~ 1
_ {Kg (2 N 0) 1XP(B® — BY) ||, + 80§b)50)\b}>\b =A®N,.  (A4)

Recall that So = {j : [3? # 0}. For B € RP, define Bs, = (6]’,80)?:1 where
Bj.so = Bilijesyy- Then, B = Bs, + Bsg. It follows from (A.4) that

EB) + MlIBG I < Ml = MllBG Iy + AN < 18 =BG + AN,

Here, some discussions on the value of ||3° — ng |1 are needed.
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Case 1. Suppose that ||8° — (b)H > A® /2. Then,
E(B®) + MlBR 1 < 3M[18° — B 1,

impling ||,8 ||1 < 3|B°- ,3(9? |l1. Then, we can adopt the empirical compatibility
condition, that is,

18° — HX B0 - 0|2,

B} <
¢>
where ¢¢ > 0 is the compatibility constant. Thus,

£(B® )+Abllﬁs)||1+AbIIB° B

2\ s ~
= ¢0b< ) 1XP (80 = BO) |y + A® N,

1/2
2 s ~ 1
<¢0 (b U) Ay (]\2) I ib)(ﬂo ﬁ(b))Hz gcgb)so)\g

1/2
s ~ 1
=5 )  IXTB =B+ g5,
Ny 8

Let k2 = 1/sup;epy [4/9" (%iB)|. Based on Lemma 1, we have

1 ~ 1
s A < EBY) + e s,

ko (0) 120 _ Z(b)\12 3(b)
= — <

which is also known as the margin condition [29]. Next, we apply the arithmetic
mean-geometric mean inequality and obtain

1/2 ~(b)
50 b EBY) 1w
Ny (M) 1X7(8° = B2 < 5s0Xs + =5 — + 5eisod]. (A5)

Then, it follows that

£(BY _ c? 5
P inlg B0l < (5o oo (a9

On the one hand, since £(8®) > 0

~ C? 5
0_go, « (24 2.0
187 =B < (%2 + 554 S0\p-

With suitable choice of cgb_l),

c? 5 o L2 b0\, 5 w13 g
21K aips O R St
2k &) 2]€2 ¢0+ 2\/ Cy + (&)
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we have
18° — (b)” §C§ 50

Here we require that KQ\/ ) > 2/¢o, and 8K3 (32b 2 /k;g gb). On the other
hand, combining (A.5) and (A.6), we obtain

5C
1X(8° = B2 < 51— (50N) /2.
Again, since C < 2K, (b_l), we obtain
~ 5K\
1X"(8° — B3 < (k—2> S VoA Ny < ¢ s0AE Ny, (A7)
2
Case II. Suppose that ||3° — || < A®) /2. Then,

EBD) + MlIBY 1 +Ml1B° — BY 1 < 2400,

b—1
Cg )SO

1/2
~ 1
= 2K2)\b( ) \|X£b)(ﬂ0 — ,B(b))HQ + chb)so)\g.

Then, by the margin condition, it is straightforward to show that

~ 1 36K3

18° =Bl < 5el s, X7 (80— BB < 52l s Ny =ch” s} N,
2

(A.8)

In summary, we obtain ||8° — 30|, < clb so)\b/2 in both cases. According

o (A.1), we have shown that ||3° — ,B(b)||1 < c1 )so\p. The remaining step is
to repeat the above arguments and obtain the upper bound of the estimation

error in (A.7) or (A.8). It is worth pointing out that c(b) = SKgcgb_l)/kg and
céb) = 36K220éb71)/k§, where K5 and ky do not depend on b. The proof is
completed by taking a union bound on the events considered in Lemma 1. O

A.2. Proof of Theorem 2

Before proving Theorem 2, we state Lemma 3 in [14] to compute the cumulative
error.

Lemma 2 (Lemma 3 in [14]). Let n; and N; be the batch size and the cumulative
batch size respectively when the j-th data arrives, j = 1,...,b. Then,

b
N
Z: FJ <1+ log — (A.9)

%

e“

—
>
—
o
=
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Proof of Theorem 2. Recall that

o . 1 /=
'757) = ar%(rnlﬁ {W (Jr(fr) j;g]) Y+ ’)’Tj\(_JT) _r'7> + )‘j”’)'”l}
YEREP— J

is a standard lasso estimator. The /proof follows the standard argument as long
as estimated information matrix J) /N, satisfies the compatibility condition.
Therefore, it suffices to demonstrate the compatibility condition holds. Recall
that J 3)/N SY_, JO(BD)/N;. Then we have

j(j)/Nj _Jo— NL ZJ: {Ju)(gm) _ E[J(i)(ﬂo)}}

J =1

1 Z{J“ ) = JO(B%) | + Nig[wﬂo —E{IO(B")}].

] =1

<.

According to the error bound of E(i) provided in Theorem 1 and (A.10), we
obtain

J
¥ L ATOE) - 06}
=1

; log(p 1/2
=0, (KQng)so (—N(j )> ,

where K is defined in (A1) of Assumption 1. Meanwhile, based on Hoeffding’s

inequality, it follows
_o, [ ()"
p Nj :

_ 1/2
o=l e (m (52)”)
o° J

Consequently, the compatibility condition holds by Corollary 6.8 in [4]. O

< K18 - ),
> Nj : i
o) i=1

ii[ (8% - (1D (8")]

J

=1 oo

In summary,

A.3. Proof of Theorem 3

Proof of Theorem 3. We first deal with the debiased term. Recall that 'y(b) € RP
is the extension of 3 € RP~. Then,

b
{7#17)}7 Z{X(J’)}T {y(j) _ g/(X<j)E(j))}
=1
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b
= AT 3AXDYT [{ - g (X8} 4+ {g (XD g (XVEY]
j=1

For 1 < k < n, we let X,gj) e RY? denote k-th row in X, namely the
covariates of k-th data in j-th batch. According to the mean value theorem,

g'(X,gj)ﬂ(j)) _ g'(X,gj)ﬂO) B g”(nl(cj))X]E)j)(ﬁ() N
where ) € (X80, X)), Let @ = (7)., il))T and AW € Rroxs

is diagonal matrix with the diagonal element {g” (X ,(C] By — q" (n; ( )) . As
a result,

b
GO AXYT {y - g (XVBY) |
j=1
b
= GO Xy {v9 —g(x8%}

LEOTY JOED) 8 - B) — 1,

H'M@

where II; = {’y(b)}T Z], {XUITAWD X @ (B — BW). Now, we focus on the
online debiased lasso estimator. According to the above results,

A’Isb (/BOIIT’ /BO)
G S x)T {9(X08% -y | (5177 S 0 (Fy a0 B
j=1

j=1
b
I — {70} Y JO(B9) (B — B + 7D (B — 5Y)

j=1
b
= (3T X {g (X980 —y D | 11y
j=1
+{%§b>}TiJ“>(/§<”><E“>—/30) 7B - BY)
j—l
}TZ{X N {g XV —yP} 10+ 10,

where

Z{W}TJ (BB - 8) zbj{ OYTIDED)E - B2)
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Therefore, the remaining part is to show that |II;| = 0,(v/Np),7 =1, 2.
First of all, according to the Lipschitz condition of g”(-),

g' XD (B~ BY) — g (XPVBI)XP (B0~ BY)| < 1, { XV (8° ~ B},
Then,
) ) ~ . . ~ 2
HA(“X(“(BO _ﬂm)H <1, HX(J)(ﬁO _’6(]))“2 < K21, (D so))2n;,
1

where the last inequality follows from Theorem 1 and the bounded assumption
of X. Meanwhile, the boundedness of || X (-7)7yr(b)||oo (bounded by K) could be

shown by (A2) in Assumption 1 and Theorem 2. Therefore, we obtain an upper
bound for |II;]:

b
| < X ()7(b) OOHAU)X(J') 0_ 3G H
L] < ) X950 (8" =B,

j=1
b

< ZKSZ gj)soz\j) n; =0, (cl se K3 log(p) log(Nb)),
=1

where the last equation is from (A.9) in Lemma 2.
Next, we apply the Karush-Kuhn-Tucker (KKT) conditions. Let e, € RP
denote the zero-vector except that the r-th element is one. Write

o] = [ (5} T — GO} TI0e] ) (B - 6°)|
< [GOyTIO - FOYTIeT|| |8 - 8|,

< Np\p X cgb)so)\b = cgb)soNb)\ﬁ =0, (cg )so 1og(p)> .

By the conditions in Theorem 3, we conclude |II;| = 0,(v/Np),i = 1,2. As a
result,

AR, - 8% = (FOYT Z{X“ {9/ (X986 ~y 9} + 0,(VIy).
We refer the two terms on the right-hand side as W,. and V. in Theorem 3. O

A.4. Proof of Lemma 1

For the sake of completeness, we provide the proof of Lemma 1.
Proof of Lemma 1. We start from |A§b)|. Recall that

b—1
AP = 23 E0 - 0T {10 (ED) ~ 50 ()} (B - 8)

j=1
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Let v = X(J‘)([j(b) — B9, wh) = g//(X(j)g(j)) — ¢"(XU)¢) and diag(w?))
denote the diagonal matrix with diagonal element w'?). Then,

b—1

1 . . ) 1
Agb) =35 Z(U(J))Tdiag(wm)vm = §deiag('w)v,
j=1
where v = ((vM) T, ..., (v N and w = ((w)T,... (w® V)T As a

result,
b 1 . L 0-1),7
AP < Slvl3diagw)llz = 51XV (B — 83wl
It remains to find the upper bound of |w|~, that is,

- 0|, = XD EWY — g (X )
lwlloe = | max fw oo = max [lg"(X 87 — g"(XE)]o0

< 4)(BW) — < () g0 A,
<lg goax [ XPBY =)l < 3Kl max cisods

For ease of understanding, we could assume that cgl)so)\l = Maxi<;<b—1 cgj)so)\j
since the first data batch containing the least information may lead to the largest
estimation error. Besides that, this assumption will not affect the outcome. The
upper bound of |A;| could always be absorbed in the upper bound of |Az| due
to b = o(log N;) and K2s2log(p) N, ¢ = o(1).

Regarding As, the proof is structurally similar and is omitted. Recall that
|Aéb)| = {UC-D(BOT(B® — B%) and UG~ (B°) could be written as the sum
of i.i.d. random variables, that is, U(®~D(8%) = Eiepg ) u(y;; i, B°). Since
E[U®-1(8%)] = 0 and ||z;]|« < K, by Hoeffding’s inequality, with probability
at least 1 — p~3,

1T (B%)lloo < Ab—1Np-1/8.

The result of \Aib)| can be shown in a straightforward fashion by Theorem 14.5
in [4].
The proof of Lemma 1 is complete. O
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