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1. 515

RIE T B ) AR A AR R LSO T 3R FF A 4t (OpenAl, 2023; Touvron et all, 2023), FF)5
TR RERY T T, X ERACE B G S LG AR IE 2 BT, AU TRAS I SRS AR L, A
M4 TEA = T AR A B R AR . SR, AZ S I Y — > 2RO AL (Li et al),
2023; Nijkamp et ali, 2022; Roziere et al), 2023; Wang et al), 2021) 5PMJEAZ (Gemini Team,
2023; OpenAl, 2023) Z [AJAPEREZERE . SRS RALAIEAL AT REsR R, (Hih THE AR, T2
N BN BB AR TTVA B -

NI Pk, FAIHfEH T DeepSeek-Coder 251, %R & —RIIFUHATHEAAL, H
B 1.3B 2] 33B A&E, B MBUYIRACERICRITE & GofR . R Py MUY TEIR H 87
FMAETEF Y 2 7ML token EMICYNZE, WPk T XA TS S AR R, Jeoh, FAls:
A G EGON AR G, DA SR TN R A (e NS SCIE BT SO R BEARRE 7. BR T
NZRHIAR T —A> token HHIKSL, FATIEFIA T HEIAFE (Fill-In-Middle, FIM) 53k
(Bavarian et all, 022; Li et ali, 2023). #%J5 ik BAEUE— i AUBIR AU b A RE T . i 2 Ak
B R AU AR, BATH BT SCREY A 16K, X—JRREAFH AR e Ab B AT
a5 HRERHGRRATSS , ASeTh 7 HAER AR g e 5 v i AR AE

FATRIH Z 0 AT B AR AR & BL M A T T TR L85 45 R R B FE AL E , DeepSeek-
Coder-Base 33B 7¥prA NS S Free il sk ge . 1b4h, DeepSeek-Coder-Instruct
33B TERZHOPALIEME L T OpenAl GPT-3.5 Turbo, E44/NT OpenAl GPT-4 55
> (e RE R (A BN, RESEER /), DeepSeek-Coder-Base 7B #£ 5 CodeLlama-
33B (Roziere et al|, 2023) & FBTR FAFIBLRUAT LLES, Rl th il 2 se g iy tEfe . 28 BFTiR,
FATHY F LTI AT

o FRAIEH T DeepSeek-Coder-Base fl DeepSeek-Coder-Instruct , X2 AT5cHEg L HTAL
PGB S RAL (LLMs) o @7 R B Tz )14k, ik Sofa e o %) 87
PR = AORTEBEAREE Sy BLAh, ENTIRAEZ AL, DA ) 2 BTSRRI/ 5K

o FATE R AR TN GRIT BEO I A QR BRI . FATLI, Bk RERTHE S
T A= R RE

o FATHI TS E 5T FIM NSRS 3 ACAS A TN ZR B Be i 2 i . X L8 TRFIT R 4521
R T FIM BCE g AARER 7T, ARSI SR Al i et 5 & Fed 1 5 531 UL A -

o FRATEHIAEE AR 2 DA AT 55 10— RN IMED L, P FRATA RS LLM 3647 7)) 2 WAk
i RE W], DeepSeek-Coder-Base 7 ixX S8Ry I 1 v 8 1 B A 19 HIAURS LLM. )it
Ab, I AR B AT A B R, DeepSeek-Coder-Instruct FEAURSAH AL 55 H HUfS:
THTF OpenAl GPT-3.5 Turbo #iBIF 14 RE
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DeepSeek-Coder [yl 25504t 87% MTEALTD . 10% MBS AT 1 SRTE 2 TERIA L 3% (1
ST S SR R TR . S0 2k [ GitHub Markdown il StackExchangel
FOVORE, SN SRBAR PR S A R, IF 3T SLAL B B R . IR 5 AT 55 RO
R, PO RS, S YERR R B TP SR BIARAE )y . EA T, BN AR A
TS BRI A . B RO BT HU A . OB . P 2 A it
Giie, 0P B R, T SO N GEOR O Y B
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2.1. GitHub %I YS kg

FefCE T GitHub FQIEET 2023 4F 2 H2 Wi ATFOfE, H0Uie [l ol 87 sk
BE. NEB/DRRHE AR, FRATRH T5 StarCoder i H (’ ) AHACAAY i 8 A0
W, WG T A o 7 PR S NG, R 00 %5 S K/ 32.8% . g i S
WA SEEE AR EANZ StarCoder Data It H o F i 1 g A0 -

B, BT i AT K 100 AN PAFsER AT SRS 1000 AN AFRSCIE. LA,
MR TR AT & LR T 25% #YSCPF. B XSLT gefRifisdh, A lut—2adjgin 100 4~
PRSP "<?xml version=" f3C{F. XiF HTML X, FATHEW WA S HTML
RESA B FRATER S T L SCAR | HE & 20% HARZATF 100 ASFRFRISCHE. T3 &
ZRARr) JSON Al YAML 30, AR FAFEUE 50 2] 5000 Z [EJISCPF. B RO Bk
TR B B PR A

2.2. DT

TESEHIIBTST (|Chen et alL lZOQ]J; tLi et alL l2023|; |Nijkamp et alL l202ﬂ; tRoziere et alL l2023|) W
PR R A 2 e SOOI AT A2, X 22 T 30 H oA [R] SO TR OB K 2R
SRTT, TESEBR R v, ISR DUA S i DA B AN B ) RS 5. R, FEAS P IR
e, FRATTRFAR T QAT R [l — G R N SO Z [ AR 22 o BARTIT S, FRATE Se Mt SCrR R 4R
WA, RIERNXLESAFHATHE . DA OREEAS ST T RO LR SCTESi AT 91 vp 62 132 301
Z o JE I BRAHST OC Z 57 SO, FATTHOLICHE HE RE 08 B HEf L S B ELSE A g A K B S 454 . 1X
R A 0] 55 7 O AR 48 B B AH G, I R THSE AL A P H 2 AR5 37 s i i) 5 A
PEFIE PR (EARERRR, FAVCEIESCA 2 BRI &R, FE IR R X SA T, B
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Algorithm 1 K A3 MEF
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26:
27:
28:
29:
30:
31:
32:

procedure TOPOLOGICALSORT( files)

graphs « {} > PRI 2SI 4R 1R
inDegree < {} > WA T A7 A B 25 - il

for each file in files do
graphs| file] <« []
inDegree| file] « 0
end for

for each fileA in files do
for each fileB in files do

if HASDEPENDENCY(fileA, fileB) then > YR fileA fKHT fileB
graphs| fileB].append(fileA) > ISHA B #| A 1yi
inDegree| fileA] < inDegree| fileA] + 1 > B0 A AR
end if
end for
end for
subgraphs « getDisconnectedSubgraphs(graphs) > IR TERR T K

allResults « []
for each subgraph in subgraphs do
results < []
while length(results) # NumberOfNodes(subgraph) do
file « argmin({inDegree| file] | file € subgraph and file ¢ results})
for each node in graphs|file] do
inDegree[node] < inDegree[node] — 1
end for
results.append(file)
end while
allResults.append (results)
end for

return allResults

33: end procedure

{11 Python HY) Yimport”. C# H Pusing” PAK C &S HH Yinclude”.

it [ ik T390 PSRRI R TG PV . RIARRT B, B T AR

45k 4408 Pgraphs” AR, TR SRR IR & ; PAJ—1 4478 “inDegree”
Wi, MFAAERA S . B, Sk g — R SO ARG G R, A s
# “graphs” fll ”inDegree”. %1, B HEEAMMIE P REATAERD /- T80T
B, SRR — MG R MR T v SR AR Y SR AN, R AR
/NPT, AT RERS AL BRI YRR . S RE YT RN INE] “results” 2, /D HATESY
SIARE . W ARRFEEIE T, BEPAEA T A NI IMEF P8 . BikmiR X S ey 21 )
PN, HRFEANFI P RISCEBHEER , TR NGRS TREASCIFRAR R, N ER:
A SRR RN Y — 2648 SO R AR RE . 207 R OR T AR5 BAE VIR B A3 2 R B



2.3. @EHLE

IHEIBFTERET, XPRABE F A (LLMs) B IS8l Sekb A7 25 2 mT DAY ok R B P RE SR It
Lee et all (2022) 5, EFHRMIIGRTRNE H iR w5 KR M ERL NS, g8k E
2 THER AT AT LLM 1. Kocetkov et all (2022) HiE 255 07 v T8k, UG 1
BFEWVERERE , ORI Z B UG B AE 55 _ BB SE R RERY RSP PP IR . AEH
fIfEdedert, FATERM TR PRE. 2R, FAIAIES METAEA AR FAHER MR
CFRGNIATRE, MAZIESCER S, oG & T e id e G i R 2L, AR &
PEREEH . BT, BT RSP AU BN REAS, F B AR RIS B RA
AR RO SRR SE B

2.4. Uk Lig R

IENAEE @ SRR L IERM AL, FRATIRLE G omieas . AR DA A A, 25
SRR . I A AR AR . AT ek 25 DA BB LR IR TS . el e I hiR
BT IR GRS, S 87 MBS, RIS T RFNE T RRE N SRR .
Bl iy 798 GB, 5 6.03 4230 AERERIRATT R AR IIZREEE A 2 T REAFAE T GitHub
RN R BTG g, FATSEME T n-gram T IEGAR . IR RAEBRAT AR E SRR AR
FE. BEME, A IEH A E K H HumanEval (Chen et al), 2021), MBPP (Austin et al,,
2021)), GSMS8K (Cobbe et al/, 2021) 1 MATH (Hendrycks et al., 2021)) Z&%HE 15 1) SCRY A7
IV R A A S o 6T AR, AT AT R0 - AR — B AUt 5 S I s P AR AT I
ZAHERY 10-gram P45, DR H NGRS T HERR o XTI o e & K /T 10-gram
{ER/INT 3-gram YFAFERIGTEOL, FRATRAVETR LA A T 08 .

3. YNZRHm

3.1. YIZhEms
3.1.1. F—lchm

TAER B — NG B PR T —330FM (next token prediction) . FELLIIFEH, $445
FRSCOFPHE U E KB 2 H o B, (X285 BRI T NS, (L REaS R Pty B
SCHI J SE R R TT .

3.1.2. vplajlER

FATBA AW H AR N F ML (fill-in-the-middle). FEARSHIIZS T, @H T
BRI E 1Y LR SONUS 2 SCAR A A B AR AN A . i T RETE = AP e E OB G &R
DUREE T — A ST AS B A T XA R IR SERE T . AL, —287575 (Bavarian et all, 2022; Li
et all, 2023) 2 Hh TR (Fill-in-the-Middle, FIM) HBNZRTT & SITIER Bt SCARREAL
RNy R = Ay, REFT R Y, H R AT ER EA ] WOk BHEIgad R 5]
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iHE | K/ (GB) | XPHHC(T) | ikl (%) | B F | K/ (GB) | S () | b EE (%)

Ada 0.91 126 0.11 Literate Haskell 0.16 20 0.02
Agda 0.26 59 0.03 Lua 0.82 138 0.10
Alloy 0.07 24 0.01 Makefile 0.92 460 0.12
ANTLR 0.19 38 0.02 Maple 0.03 6 0.00
AppleScript 0.03 17 0.00 Mathematica 0.82 10 0.10
Assembly 0.91 794 0.11 MATLAB 0.01 1 0.00
Augeas 0.00 1 0.00 OCaml 0.91 139 0.11
AWK 0.09 53 0.01 Pascal 0.79 470 0.10
Batchfile 0.92 859 0.12 Perl 0.81 148 0.10
Bluespec 0.10 15 0.01 PHP 58.92 40,627 7.38
C 28.64 27,111 3.59 PowerShell 0.91 236 0.11
C# 58.56 53,739 7.34 Prolog 0.03 5 0.00
Clojure 0.90 295 0.11 Protocol Buffer 0.92 391 0.12
CMake 0.90 359 0.11 Python 120.68 75,188 15.12
CoffeeScript 0.92 361 0.12 R 0.92 158 0.11
Common Lisp 0.92 105 0.11 Racket 0.09 13 0.01
C++ 90.87 36,006 11.39 RMarkdown 6.83 1,606 0.86
CSS 5.63 11,638 0.71 Ruby 15.01 18,526 1.88
CUDA 0.91 115 0.11 Rust 0.61 692 0.08
Dart 0.89 264 0.11 SAS 0.92 70 0.11
Dockerfile 0.04 48 0.00 Scala 0.81 971 0.10
Elixir 0.91 549 0.11 Scheme 0.92 216 0.12
Elm 0.92 232 0.12 Shell 13.92 10,890 1.74
Emacs Lisp 0.91 148 0.11 Smalltalk 0.92 880 0.12
Erlang 0.92 145 0.12 Solidity 0.85 83 0.11
F# 0.91 340 0.11 Sparql 0.10 88 0.01
Fortran 1.67 654 0.21 SQL 15.14 7,009 1.90
GLSL 0.92 296 0.11 Stan 0.20 41 0.03
Go 2.58 1,365 0.32 Standard ML 0.74 117 0.09
Groovy 0.89 340 0.11 Stata 0.91 122 0.11
Haskell 0.87 213 0.11 SystemVerilog 0.91 165 0.11
HTML 30.05 14,998 3.77 TCL 0.90 110 0.11
Idris 0.11 32 0.01 Tesh 0.17 53 0.02
Isabelle 0.74 39 0.09 Tex 20.46 2,867 2.56
Java 148.66 134,367 18.63 Thrift 0.05 21 0.01
Java Server Pages 0.86 1072 0.11 TypeScript 60.62 62,432 7.60
JavaScript 53.84 71,895 6.75 Verilog 0.01 1 0.00
JSON 4.61 11956 0.58 VHDL 0.85 392 0.11
Julia 0.92 202 0.12 Visual Basic 0.75 73 0.09
Jupyter Notebook 14.38 2,555 1.80 XSLT 0.36 48 0.04
Kotlin 6.00 3,121 0.75 Yacc 0.72 67 0.09
Lean 0.52 68 0.07 YAML 0.74 890 0.09
Literate Agda 0.05 4 0.01 Zig 0.81 70 0.10
Literate CoffeeScript 0.01 3 0.00 Bt 797.92 603,173 100.00

% 1| Ik AR S S IR SR 2

A— NSNS . 78 FIM JiiEd, SR TPAARREES: PSM (H4-/528-+hia) Al
SPM (JEZ-HiZR-mhiE)) . 1E PSM BT, YIZEREH Prefix, Suf fix, Middle F)IFAHE, fil
Hh ) O AR BTSNG0S 5F . M, SPM B BaE HES O Suf fix, Prefix, Middle, $ii;
TSP X e T 1y A A A PACRY T & A EE A HES I RE ) 2 X HEE, R
IG5 F it T30 KA I ZRHESE

N THRE FIM Ik S Ml SR, BT T 7 — R I H L .

FREveE: EALER T, FATRH DeepSeek-Coder-Base 1.3B /LA . O T fij (LKL 3
e, TATLETISLIEE P Python 148, ATH) FZ FAREIEA IR (FIM) $ARR



Benchmark/HumanEval-Pass@1 Benchmark/HumanFIM-Pass@1 Benchmark/MBPP-Pass@1
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B3 | A FIM HARrA R

By, AT HumanEval-FIM EEN (Fried et al), 2022). Z3:ENR % 144%) Python
(W4T FIM 145, Hr HumanBval gy 28 i) — A TACHS S e BEMLIEER, DA A 2 500 it
RABATIRE ST FAMRE, SE5 N —WocH HArt b, PSM B vl i 2RI gy 22
o X EZZE A PSM W K EFHESFE A ORI, lRES B 2E S 3. i, 38
THEMUACA R P BCE T8 FIM S28l T PSM i 0% FIM Wi, 50% FIM i, 100% FIM
FLBiA 50% MSP Ffil. s i (Masked Span Prediction, MSP) KB #H T5 (Raffel
et al), 2023) GIA, BIEIEZA AL I A EEHX L 5 By, MRHE CodeGen2.5 (Nijkamp
et all, 2023) PRFSE, 5 PSM LG, MSP mlfg<x#27 FIM fbERE. Bt, IROTRZ T EMA
FATHIXT E AT

g5 RIS B R, ERBINAE 100% FIM H ) F7E HumanEval-FIM _F 8]
MRS, (Tt S BT ARE IIEE . X R FIM RE 1 5 AR kM4 ik g 2 A7 LEAL
f5. esbh, FATMEE], 16 50% PSM BT, BIEAGEIET MSP %, 77 FIM 2%
TR RN RE Sy 2 MIBGETA, FoA e BE 50% PSM H By i e 43

TEFATH S, FATHIALSFFIAT =AW (sentinel tokens) o X4~ 3C
F, BATE SR HNERI D =B, BHERA fores fridaie T faupo B PSM K, 3K
AT I AN SRR A

< | fim_start | >fp.< | fim_hole | >fuy< | fim_end | >fnidde<leos_token|>

IE4N Bavarian et al) (2022) B TAEFTHE A, FRATHEST WAl B2 BidE SRR S B 1 1)
HE (FIM) Jrik. %I7ioRA PSM B, FIM B 0.5,

3.2, 4yrilds

fEsri i fEr, FA16 ] HuggingFace Tokenizer PR e TN — A T4 Rt
XT4f (Byte Pair Encoding, BPE) 43ial#§, U Sennrich ¢ A (2015) (Sennrich et al), 2015)
Frik e e, FRAMEH—MAZRI/INA 32,000 #5305 .

2https://github.com/huggingface/tokenizers
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3.3. B

AL T — RN SEEEA R R BZLAT & 20 5K, 935 1.3B. 6.7B Fll 33B 244
PURLHORERY . X LA T A DeepSeek-Al (2024) HEARHY) DeepSeek RiEFH R (LLM) Al
IMEZE Y | R MRS R — MUY #S  (decoder-only) K Transformer, 3R T Su et al.
(2023) HidRnyhes i B4 (Rotary Position Embedding, RoPE) . {HISHE I Z, DeepSeck
33B MR THA MR S (Grouped-Query-Attention, GQA), HK/NA 8, M4 T T
SRR, A, FATRA FlashAttention v2 (Daa, 2023) S S L HIAH 211
TellBRA kaar a 25 T 2% B.

3.4. i1t

/G DeepSeek LLM (DeepSeek-Al, 2024) ik, Fefi1fifl AdamW (Loshchilov and Hutter,
2019) VERLALES, B F1 B2 BUMEAT R 0.9 F1 0.95. FKATHRYE DeepSeek LLM H 8 ) 45 ik
SEFRETRBEAE R VI ] 38 R ) R, FROTSEHE T = prBormg , Horrfds 2000 2Bk,
SIS R AR ST S0 10%. (AR . 280 DeepSeek LLM (DeepSeek Al
2024) TR, HEAU B S RN W B e |

WS ‘ DeepSeek-Coder 1.3B ‘ DeepSeck-Coder 6.7B ‘ DeepSeek-Coder 33B
[ o 2 I i BRI A SwiGLU SwiGLU SwiGLU

Rk 2 4k & 2048 4096 7168

Hp ) J2 4 5504 11008 19200

Wl = A0 24 32 62

HE IR 16 32 56

FEE AL EZS EZS A (8)

A A 1024 2304 3840

R R 5.3e-4 4.2e-4 3.5e-4

Z% 2 | DeepSeek-Coder WIS .

3.5. SHIIAEE

AT LI A HAL-LLM (High-Flyer, 2023) HEZEHEIT , i HEZL DAHAE I G5 K 5 BB B 1 R R%
PERER LB ZHEZRER I T Z A AT DAL T SRR, (387K & 74T (Korthikanti et al),
2023), PAM ZeRO ##EH4T (Rajbhandari et al|, 2020) #1 PipeDream jfi7K 2347 (Narayanan
et all, 2019), FATMZIEH T4 NVIDIA A100 f1 H800 GPU fy4E#E. 78 A100 e,
A RECE T 8 Y GPU, il NVLink M mimi B H800 EHEMMmELL, Ay
MSFRAEALE 8 B GPU. X2t GPU jiid NVLink #l NVSwitch $ R4 AIATHEE, BT
PR R G 5. S T EdE A100 AT H800 4EHE 7 s 2 [ L4 5, FATRA T Am &t
AR R FFRAY InfiniBand HER AR, KECENFRATATT SRR AL T 38 A LS 30 LR
Jiti o



3.6. KEPFX

J T 345 DeepSeek-Coder ZbFEY [ 1R SCHIRE ST, Frhl@st xR A5, RATE
FBCE T RoPE (Su et all, 2023) Z4LAY RERIAN L FSCH 0. B SERTNEE (Chen et al),
2023; kaiokendev], 2023), FATRM TERIEGHORNE, RrAam T 1 3] 4, FRFEARRTE
M 10000 ik 100000, FLFIHEFT T 44N 1000 B4, #E /N A 512, JFEHIK RN 16K,
2f O] RARSE S I AT G Bof ] . BRIS L, XS B IR AT RS A B ik 64K RITHY
RS BRI, ARSI, BIBYE 16K Hl T P RETR i T EER A . ROR IRk
ZroeBMIPEAER B SCGEN Y, BRI DeepSeek-Coder FEARFRY i bR SCRFHYREE
Tz .

3.7. AR

FEA T8 o v o A A TR T R 2 IO DR 5 DeepSeek-Coder-Base , T FF % T DeepSeek-
Coder-Instruct . ZHHR L&A &1 M NEKH52, SR Alpaca $5454430 ([Taori et al;, 2023)
PATEERAC . T KR RIE R, ST T — R A FRAFIE T <IEOT 1> SRARCHAS
JBIE R . FEINGRd R, FATEEH AL, (05 100 9, BIiRs RN le-b. &
AT T AM Jelooidtt RN, SIIZRETECh 2B,

il 2% T DeepSeek-Coder-Instruct 34B fj— AR . %75 Bl A B AT IR
it iE s, ), BATEDRBIEM pygame Hi5— M ACEEHg. B Hh a6 T —
AT DA TEAS B AR B R 2O et . 2 T RN, FRATIHE B BRI AN
F%. WIS, BIHZIA T/ "score” AEAI—A~ "display_score” E¥l, IR T HIMI4E
FGXHEIRE . R PIER T DeepSeek-Coder-Tnstruct 16 4 # % B B e e Iy R fig
J1. maRparemt W .

4. SR

TEAA R | FeIFEITUES Fxt DeepSeek-Coder HEFT T 1A%, (3% A iS4 1 (SL1). FIM f74
w4 (). B et g (SIRd) B TR r S (). %075 DeepSeek-Coder
5 DA e AV 2 R T T

o CodeGeeX2 (Zheng et al), 2023) {03 T Z1EF UL AR CodeGeeX HISE AL, B
£ ChatGLM2 (Du et aly, 2022) 241k, FHiiid REACHS R PIEE S 60T 1 Hg 8

o StarCoder (Li et al,, 2023) j&2—/NAFFAI AL, S8 wEE 150 2. EEITERH L
FEA Stack FEgE (Kocetkov et all, 2022) 74 TSR, M 86 Migwitih s, Hifk
HAET 2 55 i) £k Be

+ CodeLlama (Roziere et al), 2023) 05— R 5 AR O REUE S AL (LLM), &
fil72& LLaMA2 (Touvron et al), 2023) [Yf7ZERA , XSGR —=Fp L —7B. 13B Al
34B——FEJE KA 5000 AZi A TERE E3- T TR0 25, @ AER A LLaMA2 42
Wz k.



Q1: Write a game snake using pygame Q2: Add a scoring system in the top left corner

Sure, here is a simple implementation of the classic Snake To add a scoring system to the top left corner of the game
CODE CODE

game using Pygame. This code will create a window with a window, you can create a function to display the score and
snake that can be controlled using the arrow keys. The snake increment it each time the snake eats the food. Here's how you
will grow in length each time it eats the food. The game will can modify the code to include a scoring system:

end if the snake hits the edge of the window or its own tail.
python

“python
import pygame
import random

running = True
‘While running:

running = True

While running: screen.fill(BLACK)
snake.draw()
food.draw()
— screen.fill(BLACK) — display_score(score)
snake.draw() pygame.display.flip()
food.draw() :
pygame.display.flip() clock.tick(SPEED)
clock.tick(SPEED) !)‘)"game.quit()
pygame.quit() In this updated code, we've added a “score’ variable to keep

track of the player's score, which is incremented each time the
snake eats the food. The “display_score’ function is used to
render the score text and display it in the top left corner of the
window. The “display_score’ function is called after the snake
has moved and the screen has been filled with the black color,
but before the ‘pygame.display.flip()* call, so that the score is
drawn on top of everything else.

This code sets up a basic game loop where the snake moves in
response to key presses, and the game ends if the snake hits the
edge of the window or its own tail. The snake grows in length
each time it eats the food. The game continues until the player
closes the window.

Score: 7

Run Code r

Run Code

A 4 | DeepSeek-Coder-Instruct 33B fEZ#E F ) [H 52 w3l .

o code-cushman-001 Chen et al| (2021) &H] OpenAl F &R 120 {CSHAAL, WAIER
GitHub Copilot ) HEHAL

o GPT-3.5 fll GPT-4 (OpenAl, 2023) & OpenAl F&5eitE iz AT B, REEE
MIFAEL TR MCRS A AT 25, (B2 U I T B3 PEfe . BI7eab 3t
AR 55 T A RO R BR B T R ) S50

4.1. RSBk

HumanEval fil MBPP Jt#i HumanEval (Chen et al), 2021) #1 MBPP (|Austin et al), 2021)
FER I T PRI RE S AL (LLM). HumanEval 415 164 T L4 51 Python i),
I PIBAE, HTAEZHEA (zero-shot) BEE FPFALAAD LLM Ay LR ; M MBPP
FMENELE 500 AL, RAAHEA (few-shot) BH. N TIHBAIINZIEFRES, HATH
HumanEval EifEHi) Python [ R T 7 sb-LAE M HfEiE S, B C++. Java. PHP,
TypeScript (TS). C#. Bash #l JavaScript (JS) (Cassano et al, 2023). FEiX P EEAEN i,
AR T 2R RGNS, IF AR R A A SR SC i R R AR, AR AP LK .

ZERYNFR E 7. RIPAFEH, DeepSeek-Coder-Base fF HumanEval 1 MBPP |4 5l B S
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po kil BEL | Python | C++ | Java | PHP | TS | C# | Bash | JS | 4y | MBPP

ZHH R
code-cushman-001 12B | 33.5% | 31.9% | 30.6% | 28.9% | 31.3% | 22.1% | 11.7% - - -
CodeGeeX2 6B 36.0% | 29.2% | 25.9% | 23.6% | 20.8% | 29.7% 6.3% 24.8% | 24.5% | 36.2%
StarCoderBase 16B | 31.7% | 31.1% | 285% | 25.4% | 34.0% | 34.8% 8.9% 29.8% | 28.0% | 42.8%
CodeLlama B 31.7% | 29.8% | 34.2% | 23.6% | 36.5% | 36.7% | 12.0% | 29.2% | 29.2% | 38.6%
CodeLlama 13B | 36.0% | 37.9% | 38.0% | 34.2% | 45.2% | 43.0% | 16.5% | 32.3% | 35.4% | 48.4%
CodeLlama 34B | 48.2% | 44.7% | 44.9% | 41.0% | 42.1% | 48.7% | 15.8% | 42.2% | 41.0% | 55.2%

DeepSeek-Coder-Base 1.3B | 34.8% 31.1% | 32.3% | 24.2% | 28.9% | 36.7% | 10.1% | 28.6% | 28.3% | 46.2%
DeepSeek-Coder-Base 6.7B | 49.4% | 50.3% | 43.0% | 38.5% | 49.7% | 50.0% | 28.5% | 48.4% | 44.7% | 60.6%
DeepSeek-Coder-Base 33B | 56.1% | 58.4% | 51.9% | 44.1% | 52.8% | 51.3% | 32.3% | 55.3% | 50.3% | 66.0%

FE2 R
GPT-3.5-Turbo - | 762% | 63.4% | 69.2% | 60.9% | 69.1% | 70.8% | 42.4% | 67.1% | 64.9% | 70.8%
GPT-4 - | 84.1% | 76.4% | 81.6% | 77.2% | 77.4% | 79.1% | 58.2% | 78.0% | 76.5% | 80.0%

DeepSeek-Coder-Instruct  1.3B | 65.2% | 45.3% | 51.9% | 45.3% | 59.7% | 55.1% | 12.7% | 52.2% | 48.4% | 49.4%
DeepSeek-Coder-Instruct  6.7B | 78.6% | 63.4% | 68.4% | 68.9% | 67.2% | 72.8% | 36.7% | 72.7% | 66.1% | 65.4%
DeepSeek-Coder-Instruct  33B | 79.3% | 68.9% | 73.4% | 72.7% | 67.9% | 74.1% | 43.0% | 73.9% | 69.2% | 70.0%

% 3 | KX EAEZLE ST HumanEval il MBPP e FAGPERER .

T 50.3% 71 66.0% WP ERR, A T A HiR LR . 52 HEATR IR CodeLlama-
Base 34B #Lt, FATHBAAEMERZ Eor Tt T 9% F1 11% . (EERER 2, B2 3074/
i) DeepSeek-Coder-Base 6.7B ##7  HAM:FEH R T CodeLlama-Base 34B. &35 )5,
FATHBIZAE HumanEval JfE 10 B8 1 PR GPT-3.5-Turbo, W#E#i/N T OpenAl
GPT-4 S5HRA IR PEREZE1E

DS-1000 FHEiX  HumanEval fil MBPP f74E— A~ B 8E , RIEAT™ S AT 7 B g 4 A
fE55, WRETCIRHERG S K2 By 0 B\ B R AR AL, MHILZ T, Lai et alf (2023)
51 DS-1000 B MG I 7 LA R R 1,000 A58 HS B Se A Bt TARHL
1% 5 W 2k T X AR U 1 AT ACRE SR A AR RS A BB 77 . DS-1000 BAlEE 2 A FE T B AR
W R H E T A AT T 4038, 55 Matplotlib, NumPy . Pandas, SciPy. Scikit-Learn. PyTorch
Fl TensorFlow. ZEEUETFAL T ELAIBIAUAEACH kb B N e BE, FRATEEEE TR pass@l
SER DA BRI y

DS-1000 FEEN A 45 R a0 H . MFEFRIPAFH, DeepSeek-Coder HAYE A JE I
BEAS T R i HERf 2, X R FRATR B BB S AE i o i AR, B REAE 52 B 1) B B
2 LA S MERG 0 T A28

e e ‘ Matplotlib ‘ Numpy ‘ Pandas ‘ Pytorch ‘ Scipy ‘ Scikit-Learn ‘ Tensorflow ‘ iy
CodeGeeX2 6B 38.7% 26.8% 14.4% 11.8% 19.8% 27.0% 17.8% 22.9%
StarCoder-Base 16B 43.2% 29.1% 11.0% 20.6% 23.6% 32.2% 15.6% 24.6%
CodeLlama-Base 7B 41.9% 24.6% 14.8% 16.2% 18.9% 17.4% 17.8% 22.1%
CodeLlama-Base 13B 46.5% 28.6% 18.2% 19.1% 18.9% 27.8% 33.3% 26.8%
CodeLlama-Base 34B 50.3% 42.7% | 23.0% 25.0% 28.3% 33.9% 40.0% 34.3%
DeepSeek-Coder-Base  1.3B 32.3% 21.4% 9.3% 8.8% 8.5% 16.5% 8.9% 16.2%
DeepSeek-Coder-Base  6.7B 48.4% 35.5% 20.6% 19.1% 22.6% 38.3% 24.4% 30.5%
DeepSeek-Coder-Base  33B 56.1% 49.6% | 25.8% | 36.8% | 36.8% 40.0% 46.7% 40.2%

% 4 | AFEFEELE DS-1000 /545 FPEREFI .
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LeetCode JEFEHMEMIA O 1 — L IUEBIRAE B A A EAORE ST, FATAE T Leet-
Code 3egEsEMEMAAL. LeetCodell st 905000 81, 455k T E K mPk i, FIT- DU b 280 1
BRARRE AU L RE . FATEE T LeetCode SE38 P IRofgl H , PAR 1181 H SCH# T 5
HBAER AT TN G - AT 2023 45 7 A 3 2024 45 1 A0SR T 180 1@ H X T4EE
A, FATCE T 100 A0 Bl ABR PRI 2R . FRATEIAR “ {problem  description}\n
THSEMA AU AP R I \n® " python\n{code template}\n" """ SRIMEHEL IR

PAhgER A B R . AETRATIIEA T, DeepSeek-Coder BEEUATEE T 24 mifFF IR A T
R R, BRI, DeepSeek-Coder-Instruct 6.7B 1 33B iz #E il 120 72 51 X
57 19.4% F1 27.8% 11 PassQ1 1543, X —MERERE# T Code-Llama-33B 45 A3 F AL AL .
DeepSeek-Coder-Instruct 33B & M—FE1Z 155 HifE# OpenAl GPT-3.5-Turbo B IEAEAL, Sk
i, SEEUEK GPT-4-Turbo MLt TFAER K IPEREZEHE .

iRy SR | (R (45) | thAE (91) | IRRE (44) | T (180)
WizardCoder-V1.0 15B 17.8% 1.1% 0.0% 5.0%
CodeLlama-Instruct 34B 24.4% 4.4% 4.5% 9.4%
Phind-CodeLlama-V2 34B 26.7% 8.8% 9.1% 13.3%
GPT-3.5-Turbo - 46.7% 15.4 % 15.9% 23.3%
GPT-3.5-Turbo + CoT - 42.2% 15.4% 20.5% 23.3%
GPT-4-Turbo - 73.3% 31.9% 25.0% 40.6%
GPT-4-Turbo + CoT - 71.1% 35.2% 25.0% 41.8%
DeepSeek-Coder-Instruct 1.3B 22.2% 1.1% 4.5% 7.2%
DeepSeek-Coder-Instruct + CoT  1.3B 22.2% 2.2% 2.3% 7.2%
DeepSeek-Coder-Instruct 6.7B 44.4% 12.1% 9.1% 19.4%
DeepSeek-Coder-Instruct + CoT  6.7B 44.4% 17.6% 4.5% 21.1%
DeepSeek-Coder-Instruct 33B 57.8% 22.0% 9.1% 27.8%
DeepSeek-Coder-Instruct + CoT  33B 53.3% 25.3% 11.4% 28.9%

%5 | KRBT LeetCode 3EFERMEN R EHYHERE L.

AT AR, 5] AJE4E4E (Chain-of-Thought, CoT) 28 EEHETF T DeepSeek-Coder-
Instruct BALAYEES] o XFMERTHETE B PERAE 55 TH P IC I . Sl AER GRS i g
L RTFELERMTIEL RN, NaHmERE", FRATWER THERIIETT. XU MERATIA
M, ARG TN AR HE A BT AR AL S A4 P AR i e AR AT 55 h 2 S S O R A
ek, THREERENES. B, RATRZEWUAEFR A DeepSeek-Coder-Instruct AR}
SRR CoT $7R3kng . XA AIEHE T RS WALy M SRR tESE, A E
A AR AR A 55 s R SRS A = AL 45258

FEHR, FUERATE A AR OA F FITRR, (E03 765 2
BHRE rTRetE. FRATWERE|, GPT-4-Turbo F1 DeepSeek-Coder #AYTE-L H F1/\H 28471H)
LeetCode Fa#€ i UG T S5 10 40 8. MBI 5 AE AR AR R AL FATT R A1 LeetCode $ifs

3IATEHE https://github.com/deepseek-ai/DeepSeek-Coder/tree/main/Evaluation/LeetCode &7 T %
FEHEIA
4https://leetcode.com/
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PEATRARALIN, T892 AR5 QLA VA M
4.2. ‘PR 4

DeepSeek-Coder BAZETRINZITEBCR A T 0.5 () FIM (Fill-In-the-Middle, H[aJiETE) I1ZkkL
Bllo SN 1T I RS M (AT AR A AR AR G 45 2 AURS r BO R S (RTEEFIE28) BR3¢
Mt e ARG . ZRE AU kb T AU A A B0 . HRICAZ DR &LLL6E
TIW ARG, HhsohE 40 HE SantaCoder (Allal et al), 2023), StarCoder (Li et all,
2023) i1 CodeLlama (Roziere et al), 2023), X SEiALEACAD A B -5 %M 4T S T 4Rk . FETR
fili DeepSeek-Coder BIRLFPERERS, FoAT1S FIRBIAUIEAT TR /4. AP He R i L 1t 2
Allal et al| (2023) $#2 1A ERFTIHFE (Single-Line Infilling) FMENIL, MG =FAEMHELEH S
W SEIN I DA TR I VC A 3R VA FE A

gl FUEL | Python | Java | JavaScript | ¥{H
SantaCoder 1.1B | 44.0% | 62.0% 74.0% 69.0%
StarCoder 16B | 62.0% | 73.0% 74.0% 69.7%
CodeLlama-Base 7B 67.6% | 74.3% 80.2% 69.7%
CodeLlama-Base 13B | 68.3% | 77.6% 80.7% 75.5%

DeepSeek-Coder-Base 1B 57.4% | 82.2% 71.7% 70.4%
DeepSeck-Coder-Base 7B | 66.6% | 88.1% 79.7% 80.7%
DeepSeek-Coder-Base  33B | 65.4% | 86.6% 82.5% 81.2%

# 6 | ARJEAE FIM ARG ERITERER L.

AR B TR . RAF DeepSeek-Coder 224 (1 13 AZH0F/IMERL, HAE BLEHE
T A AT MBS R ) StarCoder Al CodeLlama. X i E 0l 4 [T DeepSeek-Coder
P TN R i it B, — AR PR ARG A R A AR R R - Bl
E BB, YERE R R T T . X I R TR A R S I e AR kb A R
DTS, BT, BATEAEA U kb4 TR A #i2E DeepSeck-Coder-Base 6.7B #
Mo AR H BT IR SCR S R T 18] DL (9 4P . DeepSeek-Coder-Base 6.7B 5
RPN SEE, M5 P E YO AR a3, 28 eI AR
S IE AR FRE ) BRAR R

4.3. B AN A

TEATT T, BATRETAL A THEA AR RS SO AU bR 55 ERPERERBL. 5 E—rihepfUns
AR]85 SO AR b 4 SRS BE RS 7] - AR B 22 A SO HLAL &5 R B 8 SRR o6 &R
fACR G . FAIEH CrossCodeEval (Ding et ali, R023) AR PPAE S HTH] Y 7B HUBIT JACH
BEBUAE RS SO AR 55 R BE ) o B AR T DU AR T4 215 = (Python, Java, TypeScript
 C#) HEZMALR B S TR ER T SERAVFATIER AR O A I A R R L1 1T
TR AR SO TR SCA RESE BUMER A4 . (EASVEERYE , 2R T 2023 4F 3 A2 6
JIE R AR G, AT B ZRER At 2023 4F 2 H ZHi B, R 1%
KSR PR AT BN SR, NI S T RSt i -
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Python Java TypeScript C#

i) FAR
EM ES EM ES EM ES EM ES
CodeGeex2 6B 811%  59.55%  7.34%  59.60%  6.14%  55.50%  1.70%  51.66%
+ K& 10.73%  61.76%  10.10%  59.56%  7.72%  55.17%  4.64%  52.30%
StarCoder-Base 7B 6.68%  59.55% = 8.65% = 62.57%  5.01%  48.83%  4.75%  59.53%
+ KR 13.06%  64.24% 15.61% 64.78%  7.54%  42.06% 14.20%  65.03%
CodeLlama-Base 7B 7.32%  59.66%  9.68% = 62.64%  8.19%  58.50%  4.07%  59.19%
+ K& 13.02%  64.30%  16.41% 64.64% 12.34%  60.64%  13.19%  63.04%
DeepSeck-Coder-Base 6.7B  9.53%  61.65%  10.80%  61.77%  9.59%  60.17% = 5.26%  61.32%
+ K& 16.14% 66.51% 17.72% 63.18% 14.03% 61.77% 16.23% 63.42%
+ Wz (LOEYTIIE) 16.02% 66.65% 16.64%  61.88%  13.23%  60.92%  14.48%  62.38%

7| ARERAER SRR AT 55 _EPERERE.

TEXT S B PR, FRATTIF SR R P A E R E S 2048 > token, fe K K FEIREL A
50 A~ token, FHAFEECAE BN SCHYRBILE S 512 4> token, X CfF ER3C, RAVEMT
Ding et all (2023) $2HMAIT /7 BM25 HRAE R WARHIREFHMITE (Exact Match) %
IS (Bdit Similarity) . 05 [] BRAIZ5H D), DeepSeek-Coder 7E4FT 2 1B S
ARG TR AT ARSI T H R SE B B T o 40U F SO SR E (w/o
Repo Pre-training) X} DeepSeek-Coder #Ef7#iii)l|Zhm}, FATMELH| HAE Java, TypeScript
M C# EF LITEREA I N %, X R T O PERIINR A Rk

4.4. KT RPRBEAERE

TR P 1O B 0 S5 A T 3o A AR D B W B B 7 o B B A
PR S 2 B, T IIORAS, FATRIN T Gao et all (2023) it il TR Ao
WPRREEARER (PAL) J7¥k. 07 BT EAR R BRI, A o b A S 3
iR, 35 X SR E A s GSMBK (|Cobbe et a1.|, |202]J)\ MATH (lHendrycks et aIL
2021)). GSM-Hard (Gao et all, 2023). SVAMP (Patel et all, 2021)). TabMWP (Lu et all, 029) .
ASDiv (Miao et all, 2020) fil MAWPS (Gou et all, 2023), 7ESEEMEMIR T, IBUBHLTR 3%
6 SRTE S AT TR, B @ i A% 9. 013 B BR, DeepSeek-Coder #77E
P S R U T S B R, UL 33B SHURA ., KRR T LR R A
e PR SRR 7 6 R R B B )

iz HUBE | GSM8SKk | MATH | GSM-Hard | SVAMP | TabMWP | ASDiv | MAWPS | T4 |
EATE- Y it
CodeGeex-2 B 22.2% 9.7% 23.6% 39.0% 44.6% 48.5% 66.0% 36.2%
StarCoder-Base 16B 23.4% 10.3% 23.0% 42.4% 45.0% 54.9% 81.1% 40.0%
CodeLlama-Base 7B 31.2% 12.1% 30.2% 54.2% 52.9% 59.6% 82.6% 46.1%
CodeLlama-Base 13B | 43.1% | 14.4% 40.2% 59.2% 60.3% 63.6% 85.3% 52.3%
CodeLlama-Base 34B | 58.2% | 21.2% 51.8% 70.3% 69.8% 70.7% 91.8% 62.0%
DeepSeek-Coder-Base  1.3B | 14.6% 16.8% 14.5% 36.7% 30.0% 48.2% 62.3% 31.9%
DeepSeek-Coder-Base  6.7B | 43.2% | 19.2% 40.3% 58.4% 67.9% 67.2% 87.0% 54.7%
DeepSeek-Coder-Base  33B | 60.7% | 29.1% 54.1% 71.6% 75.3% 76.7% | 93.3% | 65.8%

% 8 | AFTTIEAERE P B e BT 55 B TERER L.
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5. MK 5 BB LA 4RSIl 5

AT #E—2HETE DeepSeek-Coder U HY FH AATE 5 B AE=HEAE 07, FRATTHEE AIE S BIAL
DeepSeek-LLM-7B Base (DeepSeek-Al, 2024) ¥ 5:AH F, 4 2 J71Z tokens W4T T i 4b
IIZE, M2 T DeepSeek-Coder-v1.5 7B, fEMGIR TSR, AL I T%%E H )
HEBHETE . 5 DeepSeek-Coder A[d], DeepSeek-Coder-v1.5 ZEFR I 2k B XK IR —> token
W EbR, H EFSCKER 4K,

B |
PR 70%
Markdown 45 StackExchange | 10%
SR X BAAE S 7%
SEFEMXNBRES %
Wi (h3E) BARES 6%

2% 9 | DeepSeek-Coder-v1.5 7B Fil| 2k 1 435 5

FA1%} DeepSeek-Coder-v1.5 7B 5 DeepSeek-Coder 6.7B #4717 % kG, FH FHFATH 4L
WKL ER AT T rA FMEM, PSRRI A1 FRATHEE) 12 BT 45 P4l TR AR
XT3 AT 43 DA L :

o G BBUIEHN Chen ot all (2021) ) HumanTval MRt 705 i o 1B B VPG
PAEA# ] Austin et al| (2021) i) MBPP g4 34719 Python & 7¥F4h.

o BAHERR: FRATTAE A GSMSK ELUENE (Cobbe et al,, 2021) A1 MATH £ ENK (Hendrycks
et al), 2021) [4] RIPABIAAERAIEIE S LRYVERE . X SUAT 5500 K ad A AR R fif o
Ber .

o HARIET: BAEHRES L5 L35 MMLU (Hendrycks et al), 2020) . BBH (Suz
gun et all, 2022). HellaSwag (Zellers et al), 2019). Winogrande (Sakaguchi et al), 2021))
PA ARC-Challenge (Clark et all, 2018) JuEMiz .

Base fil Instruct #AIRG 45 R INR @ . WMEE A, R4 DeepSeek-Coder-Base-v1.5 5
MAEFRFEVERE LA T, {H15 DeepSeek-Coder-Base BIUAHLL, EFERLZEULS LRI
REFTE R RAER R B AXE S 200, DeepSeek-Coder-Base-v1.5 FEFrA7 HLHE
WEERTHE S, XU T HAESCEAHERA 5 2RE S A HEE ) m iU 7 8 &3t .

6. Z4ik

TEATAM A AN T — R L AR BOT & R BUE S8 (LLMs), fiy44 A DeepSeek-
Coder , $REE=FAFMHAEL: 1.3B, 6.7B Fl 33B S, X LUBIAIFERT. LRI A 30 H A1
BHE_EEAT TR, ORI I BIGR H AR ASE SR AT AN RE T o — T Rl i R A 2
M ETFSCE YA 16,384 A4 token, MMM 1 HAEAL PR RIS A AT 55 I i A
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it plesiisil HARES

AT Z4H HumanEval MBPP GSMS8K MATH MMLU BBH HellaSwag WinoG ARC-C
DeepSeek-Coder-Base 6.7B 44.7% 60.6% 432% 192% 36.6% 443% 53.8%  57.1% 32.5%
DeepSeek-Coder-Base-v1.5 6.9B 43.2% 60.4% 62.4% 24.7% 49.1% 55.2% 69.9% 63.8% 47.2%
DeepSeek-Coder-Instruct 6.7B 66.1% 65.4% 62.8% 28.6% 37.2% 46.9%  55.0%  57.6% 37.4%
DeepSeek-Coder-Instruct-vl.5 6.9B 64.1% 64.6% 72.6% 34.1% 49.5% 53.3% 72.2% 63.4% 48.1%

2 10 | DeepSeek-Coder-Base 5 DeepSeek-Coder-Base-v1.5 BVEREXT 0 #T . BAAT 55 1 4
(YW

Rtk TATHIVEAEERMT, Z AR5 i et KAL DeepSeek-Coder-Base 33B FE4% F il il i
PIRBCT A T IR . > NETRIEZIN 2, RUE MBI/, DeepSeek-Coder-Base 6.7B
B XIS 34B 240 CodeLlama A1, X FEMUEM] T HATHIN ZRiEAH A R i o i

N T35 DeepSeek-Coder-Base MU BAEAST S RE S7, FRATEE I o o i 15 - Xt
XEHAEAT T . X 5 DeepSeek-Coder-Instruct 33B REAAE— 5 i fe Al JAT 55 o 1
OpenAl § GPT-3.5 Turbo, FEH T HAEACH A A BAE T I 1 B fE

N1 AT} DeepSeek-Coder-Base B i) F 815 7= HRRE T, FTHT DeepSeek-LLM
7B KA T TN IO SR BN IINZRAL L T 20 124 token Y RELEELE, AT
HRES . AR A . b T 48 HSE R AU A DeepSeek-Coder-v1.5. FATTH)
WEEEM, DeepSeek-Coder-v1.5 ANUPREF T HHT SR KT AR VERE, A REBLH TSR H 2RTHE
FEREE S . X —REREENIE T IRATHIMLA: AR e L RBUE F R (LLMs) @8 AE
SEOREE N LLM Bab 2 By RIS W 9 TARRERP TR Ss , X LRl
HAR AR IR ZI B, T X L0 Ol 3 A AR B AR AR B JREARK, NS T
TERIFATF o> FHET R AGE ] LLM #3E 5 KA e & ) LLM.

B

F AT 0 EE Bo Liu, Chengqi Deng, Chong Ruan, Damai Dai, Jiashi Li, Kang Guan, Mingchuan
Zhang, Panpan Huang, Shuiping Yu, Shirong Ma, Yaofeng Sun, Yishi Piao, Zhihong Shao #/l
Zhewen Hao f£i)l|Z; DeepSeek-Coder 7 E1$E LM = S HE S5 hE .

5% 3CHk

L. B. Allal, R. Li, D. Kocetkov, C. Mou, C. Akiki, C. M. Ferrandis, N. Muennighoff, M. Mishra,
A. Gu, M. Dey, et al. Santacoder: don’t reach for the stars! arXiv preprint arXiv:2301.03988,
2023.

J. Austin, A. Odena, M. Nye, M. Bosma, H. Michalewski, D. Dohan, E. Jiang, C. Cai, M. Terry,
Q. Le, and C. Sutton. Program synthesis with large language models, 2021.
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M. Bavarian, H. Jun, N. Tezak, J. Schulman, C. McLeavey, J. Tworek, and M. Chen. Efficient
training of language models to fill in the middle. arXiv preprint arXiv:2207.14255, 2022.

F. Cassano, J. Gouwar, D. Nguyen, S. Nguyen, L. Phipps-Costin, D. Pinckney, M.-H. Yee,
Y. Zi, C. J. Anderson, M. Q. Feldman, et al. Multipl-e: a scalable and polyglot approach to

benchmarking neural code generation. IEEE Transactions on Software Engineering, 2023.

M. Chen, J. Tworek, H. Jun, Q. Yuan, H. P. d. O. Pinto, J. Kaplan, H. Edwards, Y. Burda,
N. Joseph, G. Brockman, et al. Evaluating large language models trained on code. arXiv
preprint arXiv:2107.03374, 2021.

S. Chen, S. Wong, L. Chen, and Y. Tian. Extending context window of large language models
via positional interpolation. arXiv preprint arXiv:2306.15595, 2023.

P. Clark, I. Cowhey, O. Etzioni, T. Khot, A. Sabharwal, C. Schoenick, and O. Tafjord. Think
you have solved question answering? try arc, the ai2 reasoning challenge. arXiv preprint
arXiv:1803.05457, 2018.

K. Cobbe, V. Kosaraju, M. Bavarian, M. Chen, H. Jun, L. Kaiser, M. Plappert, J. Tworek,
J. Hilton, R. Nakano, et al. Training verifiers to solve math word problems. arXiv preprint
arXiv:2110.14168, 2021.

T. Dao. Flashattention-2: Faster attention with better parallelism and work partitioning, 2023.

DeepSeek-Al. Deepseek llm: Scaling open-source language models with longtermism. arXiv
preprint arXiv:2401.02954, 2024.

Y. Ding, Z. Wang, W. U. Ahmad, H. Ding, M. Tan, N. Jain, M. K. Ramanathan, R. Nallapati,
P. Bhatia, D. Roth, et al. Crosscodeeval: A diverse and multilingual benchmark for cross-file
code completion. In Thirty-seventh Conference on Neural Information Processing Systems
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Q1: Build a database in Python that includes
various pieces of information about students,
insert ten random records and display.

Sure, here is a simple example of how you can do this using
SQLite in Python.

“python

import sqlite3

import random

# Connect to SQLite database

conn = sqlite3.connect('students.db')
# Create a cursor object

cur = conn.cursor()

# Create table
cur.execute('"”
CREATE TABLE IF NOT EXISTS students (
id INTEGER PRIMARY KEY,
name TEXT,
age INTEGER,
grade TEXT) ')

# Display all records
cur.execute('SELECT * FROM students')

This script will create a SQLite database named 'students.db'
and a table named 'students' with four columns: 'id', 'name’, 'age',
and 'grade’. It will then insert 10 random records into the table
and display all records. ...

(1, 'Studente', 24,
(2, 'Studentl', 18,
(3, 'Student2', 21,
Run Code (4, 'student3’, 22,
(5, 'Student4', 21,

(6, 'Student5', 19,
(7, 'Student6', 20,
(8, 'Student7', 24,
(9, 'Students8', 21,
(10, 'Student9', 20, 'B')

Pro>0 s mo

CODE

Q2: create a graph depicting the age distribution.

To create a graph depicting the age distribution of the students, you
can use the matplotlib library in Python. Here's how you can do it:

“**python

import sqlite3

import pandas as pd

import matplotlib.pyplot as plt

# Connect to SQLite database
conn = sqlite3.connect('students.db')

# Read the data from the database into a pandas DataFrame
df = pd.read_sql_query("SELECT * from students", conn)

# Create a histogram of the age distribution
plt.hist(df['age'], bins=range(10, 30, 2), edgecolor="black")
plt.title('Age Distribution of Students')

plt.xlabel('Age")

plt.ylabel('Number of Students')

plt.show()

# Close the connection

conn.close()

This script will connect to the SQLite database, read the data into a
pandas DataFrame, then create a histogram of the age distribution.
The histogram will show the number of students in each age range.

Age Distribution of Students

Run Code §
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Q: There are n teams numbered from 0 to n - 1 in a tournament; each team is To solve this problem, we can use a topological sorting algorithm. The idea is to ...

also a node in a DAG. “python

You are given the integer n and a 0-indexed 2D integer array edges of from typing import List

length m representing the DAG, where edges[i] = [u;, v;] indicates that there is a

directed edge from team u; to team v; in the graph. class Solution:

A directed edge from a to b in the graph means that team a is stronger than def findChampion(self, n: int, edges: List[List[int]]) -> int:
team b and team b is weaker than team a. #Cr djacency list to represent the DAG
Team a will be the champion of the tournament if there is no team b that adj_list [] for i in range(n)}

is stronger than team a. for u, v in edges:

Return the team that will be the champion of the tournament if there is adj_list[u].append(v)

a unique champion, otherwise, return -1. # Initialize a list to keep track of the number of ...
Notes in_degree = [0] * n

*A cycle is a series of nodes aj, a,, ..., a,, a,.; such that node a, is the same node

as node a,.;, the nodes a,, ay, ..., a, are distinct, and there is a directed edge from # Calculate the in-degree for each team

the node a; to node a;., for every i in the range [1, n]. for uin adj_list:

*A DAG is a directed graph that does not have any cycle. for v in adj_list[u]:

in_degree[v] +=1
*Example 1:
# Initialize a list to keep track of the teams with no incoming edges

«Example 2: no_incoming_edges = [i for i in range(n) if in_degree[i] == 0]

# If there is more than one team with no incoming edges, there is no unique
Constraints: champion

if len(no_incoming_edges) !=1:

return -1

Please follow the template below to solve the problem:
*python # Return the team with no incoming edges, which is the champion
class Solution: return no_incoming_edges[0]

def findChampion(self, n: int, edges: List[List[int]]) -> int:
This code first creates an adjacency list to represent the DAG. Then, ...

2924. Find Champion Il - =
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Value

Value

Value

Value

—— DeepSeek-Coder-Base-1.3B = DeepSeek-Coder-Base-6.7B == DeepSeek-Coder-Base-33B
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