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THANK YOU!



BIBLIOGRAPHY

[D15] DRUCKER, New limits to classical and quantum instance compression, SICOMP'15

[D16] DELL, And-compression of NP-complete problems: Streamlined proof and minor observations, ALGORITHMICA'16

[vN28] von NEUMANN, Zur theorie der gesellschaftsspiele, MAT. ANN.'28

[HJKS22] HULETT ET AL, SNARGs for P from sub-exponential DDH and QR, EC'22

[AH91] AIELLO & HÅSTAD, Statistical zero-knowledge languages can be recognized in two rounds, JCSS'91.

[GJS19] GOYAL, JAIN & SAHAI, Simultaneous amplification: The case of non-interactive zero-knowledge, Crypto'19

[RR20] ROTHBLUM & ROTHBLUM, Batch verification and proofs of proximity with polylog overhead, TCC'20

[RRR18] REINGOLD, ROTHBLUM & ROTHBLUM,  Constant-round interactive proofs for delegating computation, 
                  SICOMP' 2021

[WW22], WATERS & WU, Batch arguments for NP and more from standard bilinear group assumptions, Crypto'22

[FLS90] FEIGE, LAPIDOT & SHAMIR, Multiple non-interactive zero knowledge proofs based on a single 
 random  string, FOCS'90

[CJJ22] CHOUDHURI, JAIN & JIN, SNARGs for P from LWE, FOCS'21

[F89] FORTNOW, The complexity of perfect zero-knowledge, ADV. COMP. RES.'89

[LY94] LIPTON & YOUNG, Simple strategies of zero-sum games with application to comlexity theory, STOC'94

[GMW86] GOLDREICH, MICALI & WIGDERSON,  Proofs that yield nothing but their validity and a methodology of 
     cryptographic protocol design, FOCS'86

[LM20] LANZENBERGER & MAURER, Coupling of random systems,TCC'20

[GSV98] GOLDREICH, SAHAI & VADHAN, Honest-verifier statistical zero-knowledge equals general statistical 
  zero-knowledge, STOC'98 


