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ExAMPLE 1. Assume that the LM’s training dataset contains a se-
quence “# Copyright (C) [2003] Daniel <daniel@gmail.com>". If the
model is prompted with “# Copyright (C) [2003] Daniel _” and
the most likely continuation is “<daniel@gmail.com>", then the
generated string is deemed memorized.
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Table 1: A toy example to illustrate the calculation process of MA and EL, withn =3

Target Sequence (with 12 tokens): This file is part of EasyBuild created by the HPC team .

MA=6/(12-1)= 0.5455

EL3=(0.2222 + 0.25+ 0.1429 + 0.1667+ 0.2+ 0+ 0+ 0+ 0) / (12 - 3) = 0.1091

Prefix X_; Tl-u:hff;n;i:lu— G:;:lf‘::t;:l True Continuation X, 3-gram match Generated Sequence 32'2; OVERLAP3
This file [0k ?_I_I__Rr_{lgram file 1s pa;: of EasyBuild created by the HPC team .| program is [;z-ut of pyNLO , which is created by the | 2/9=0.2222
This file is matci is is part of EasyBuild created by the HPC team . is part of PyGithub created by the PYG team .| 2/8=10.2500
This file is part part part of EasyBuild created by the HPC team . part of PyGithub created by the PYG team .| 1/7=0.1429

.. file is part of of of EasyBuild created by the HPC team . of PyGithub created by the PYG team .| 1/6=0.1667
.. 1s part of EasyBuild PyGithub EasyBuild created by the HPC team . PyGithub created by the PYG team .| 1/5=0.2000
.. of EasyBuild created created by the HPC team . . EasyBuild is free software ;| 0/4=0.0000
.. created by by by the HPC team . by the VSC team ,| 0/3=0.0000
.. created by the the the HPC team . the VSC team ,| 0/2=0.0000
.. created by the HPC VSC HPC team . VSC team ,| 0/1=0.0000
.. by the HPC team team - -
.. the HPC team . - -
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Table 2: Memorization thresholds for the studied CLMs. Df = {Xf yCcD

CIM MA (%) Fls (%) FLs () Bl (%) D/ Eforgotten set, ENEEHIEAILIE,
CodeParrot-small 45.57 17.66 10.82 5.49 ] ] -
CodeParrot 46.34 16.56 10.17 5.14 f£machine unlearningfg, Z1AZ:
CodeGen-350M-Mono | 48.79 18.24 11.03 5.92

CodeGen-2B-Mono 53.61 19.32 11.71 6.28 MA(xf ) € Tva, ELp (xf )< T .
Qwen2.5-Coder-7B 40.99 15.65 12.45 8.82 o ' o n
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Autoregressive Language Modeling
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CodeEraser: Proposed Selective Unlearning
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ExAMPLE 4. Given a piece of code snippet “user_config = {‘'email’: FUFQOﬂ?n I user config = { ... -: '::Ejt 5
‘daniel@gmail.com’, ‘password’: ‘ABC’J’, the sensitive segments s/ Set D LE’"_al_l _i_ [Placeholder] , Retained
are “daniel@gmail.com” and “ABC”, while the non-sensitive con- | Non-Sensitive Contexts Set P’

texts ¢/ are “user_config = {‘email’: ‘[placeholder]’, ‘password’: ‘[place-
holder|’)". This segmentation preserves the original sequential struc-
ture required by autoregressive CLMs.
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Forgotten Set: ENCLMIEERAISURICIZEUREE LREHSRAK NS, Fdt T/ nE =B
KEX{S, 16, 32, 64, 128, 256, 512}

Retained Set: BigQueryiZ{ft 7 1000 M EBUREA. XEANCLM, EEFREHIHHEKMERREESE
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Table 3: Evaluation of unlearning effectiveness. All values
are reported as percentages (with % symbol omitted).

Effectiveness and Efficiency

CLM Method MA EL; EL; EL;, Red.
Original 99.74 9855 9812 9797 -
Threshold 4557 1766 1082 549 - 1800 - 240 —
_Cs‘:ndzll:“m' GA 3071 1017 7.07 418 86385 - 28 220/ S5
cu 2214 779 619 472 89.69 1| _ 200
CopeERASER | 18.69 6.69 578 518  90.82 1409 = 3 1801
Original 99.69 9890 9836 97.62 - 2 1200 =160
Threshold 4634 1656 1017 514 - 2 1000 g 1401 A =
CodeParrot  GA 2753 633 421 347 89.54 ; s ] 5'20 i
cu 2418 611 439 309 9048 = & I
CoDEERASER | 1522 636 540 465 9201 i 2 %0 8y % o
Original 9925 97.14 9639 9593 - 400 AL g
Threshold 48.79 1824 11.03 592 - 2001 pod [ = = S
Coftocen GA 2553 845 698 495 8829 201 r:ﬂ;l
-350M-Mono L
CU 1865 698 573 488 90.75 & NIRRT
CopEERASER | 45.13 1144 7.05 346 8296 , i e Orv‘"* & &
Original 99.89 99.79 99.76 99.70 - v v C ol
Cotlisdion Threshold 5361 1932 1171 628 - TR
it 1795 680 552 4383 91.21
ey 1180 640 599 554 9255
CopeERraser | 31.66 10.01 773 605 86.11 Figure 5: Evaluation of unlearning efficiency.
Original 96.26 8471 81.07 7515 -
O Threshold 40.99 1565 1245 882 -
alesn  GA 2415 1423 1049 824 8355
CU 1663 877 684 548 89.16
CoDEERASER | 8.49 4.93 3.99 3.68 93.89




ffEiLlnﬁl 'ﬁfﬂﬁiﬁﬁﬁﬂ“*ﬁ

ParN.C

Model Utility Post-Unlearning

| 4. 388

CLM Method P@1T P@5T P@10T Ret.]
Original 3.48 4.56 4.96 -
CodeParrot GA 2.14 3.02 3.20 64.08
-small CU 2.62 3.43 3.66 74.77
CoDEERASER | 3.74 4.59 4.87 102.10
Original 4.34 5.81 6.22 -
CodePariot GA 2.08 3.29 3.83 55.38
CU 2.04 2.94 3.28 50.11
CoDEERASER | 3.86 5.08 5.63 88.96
Original 13.37 18.79 21.12 -
CodeGen GA 11.68 16.59 18.51 87.76
-350M-Mono CU 10.79 14.91 16.41 79.25
CopEERASER | 13.36  18.02 19.96 96.78
Original 2472 3149 34.16 r
CodeGen GA 21.20 28.34 31.40 89.23
-2B-Mono CU 20.57  27.73 30.63 86.98
CoDEERASER | 23.00 29.91 32.94 94.82
Original 61.07  73.61 77.23 =
Owen2.5 GA 40.67 53.81 57.63 71.44
-Coder-7B CU 4854  64.70 69.59 85.83
CoDEERASER | 61.65 73.41 76.69 99.99
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(a) Influence of Forgotten Sample Number k
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Figure 7: Parameter analysis of learning rate, y, a, and A.
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