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where  are independent  random variables.Yi N(0,σ2
i )

If  are independent random variables with  and 
, then for large enough ,
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Var[Xi] = σ2

i n

•CLT provides reference distributions for data summaries under 
minimal assumptions. 

•Finite-sample error bounds for the Gaussian approximation is 
presented by Berry-Esseen bounds.

Berry-Esseen Bound

•The desired rate is  based on univariate cases:n−1/2
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•In high-dim. settings, [1]'s work on -dim. hyper-rectangles 
( ) drew huge attention for its surprisingly efficient 
polylogarithmic term on  despite suboptimal  rate:
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•We used the relationship between the Kolmogorov-Smirnov 
distance and anti-concentration inequalities. 

•Newly developed dual-induction argument established the  
rate.
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•Recently, [2, 3] established the optimal  rate up to log 
terms, assuming non-degenerate covariance and finite third/
fourth moments. 

•Similar attempts under -dependence (see Settings) have 
obtained  at best [4]. 

•Our contribution: the first  rate high-dimensional Berry-
Esseen bound under -dependence.
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• -dependence: for a positive integer ,m m

•nondegenerate covariance: for some ,  and any interval
,

σmin σ > 0
I ⊆ [n]

•finite -th moment:q

•high-dim independent cases (i.e., )m = 0

• -dim -dependent cases, vs. [5]: 

- same optimal dependence on 
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Discussions

•Extension to weaker dependence structure

•Extension to graph dependence structure 

•Applications to inference on high-dimensional time-series data

our result [3]
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