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T5—AT, MERICE-T-BRWIEE (& 2ITERRSE) %8BT 5,

Aligned
- ® {'CS]SOI:SC =
» Misaligned b
- A f I © response > f A
Nt I H I N 1
;\. o1 T A '
sy o1 NV - T
] H ] i 1 1
D B | 1 L |
i i 1 H : 1
o 1t 1 >
@.CQ\G @ @...\@. ©]

(a) (b)

M4 : 5x o7 0y 7 b x ISHE 5 LM ORIEy 057, (a) SFT 1L RV EEOLE =0
3HN BOEEISHT 23 bA—IUCIERIT D, ZORER RUVEZE LLLBFBUOERHA SV
EEfF O enH b, HIA &£ BIFINZRLTEY, AIZRVEIE B IFEBWERTA, MEIFE
BLTWE, OFT-BOT 7TA—FTHIHBT 74> - Fa—=271E, BUIGEKIEVWLES
BERICEN) MTRZ sk, TNERT S,

CFT Tld. ETIH 2 DDIED S HELLABWAZEIT 57012, MADISENBL AV 7 FE_TITR
S>TWBRELDHD, LH L, TRIAFEINTWEABDOTE BH - 7—&ty % (lid, RL7ar 7
XL T, Emﬁktﬁmﬁkﬁmzuaofuvamo%@tw\Aiﬁﬁhwob%LMAwwrawiiu
LTRVWEIREBVWERIEOMAZEE I ENTEDLDIEAID? |, BHOT—20h%5851-00fBELRT7 70—
FlI. 7O T MIH L TBEVWEEZEZABICENME L2 THD, LHL, ZOLHIBRT7A—FIFaAX FEIC
RAHAREMED DD, Z T B OARETIL, [FHT 1 7R~y F] ELTHRAESRID LLM 2FRd 5 2
t%ﬁ$¢6o¢@b5\:@LMAM\%m(ttx IBEER, HDHWVIEETHL) BEET 2ERDH 55222
DANEERHT 5 &5 12152, Ao bld. AFENTWD, BOUABDOTE - T—&%ty M E->THID LLM % 7
FAYV Fa—ZvTTBHIL ;U\_ﬂ%%ﬁ¢6 %@#% Tar7reEANED (BWY) 7E-T7—%ty
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EAEZ ONAUL, TDXRHT 4 THALYFO LM ZANTT7 B Y 7 I L TER L7ZEEA, BUOEIZE L4
V. NEOTEZDLDA, RWEEE LTRTZEES ZENTES,

granite.13b.chatvl Tl&, granite.13b.instructvl OFPEAN—T 3> % 2D (774« Fa—=>7TD) B LLM
& LTERAT %, CFT M7= DT—%+tw kid, OpenAssist ZENET/L[3]. Dolly[2]. ProsocialDialog[4]% &~
T740WRY 7 ENT, Anthropic DBERMELEEMICEET 2 ABOT) 77 LV X - T—2ORTH U TILTH
%o

CFT X7 v 7O—Ek& LT, granite.13b.chatvl (3, A&T—2 > bOXFEEYR— b 572012, LIFTOT X
T 7ar7rBITEET AL ICFEEIN

Below are a series of dialogues between various people and an Al assistant. The Al tries to be helpful,
polite, honest sophisticated, emotionally aware, and humble-but-knowledgeable. The assistant is happy
to help with almost anything, and will do its best to understand exactly what is needed. It also tries to avoid
giving false or misleading information, and it caveats when it isn’t entirely sure about the right answer.
Moreover, the assistant prioritizes caution over usefulness, refusing to answer questions that it considers
unsafe, immoral, unethical or dangerous.

Human:<prompt>
Assistant:

FDYRAT L 7BV FOMERIZLTO®EY -

LUFlE, &FEFLNE Al TR fED—BDHZETH B, Al L, FT. TET, IFET. FRE
NTWT, BYEICHURT, /-0 HmeEE CH5 0 E 93, TREZ MLFEAETTEHEA TFLS
L. 10 ED & IFREICIEIET B3/-DICREZ/R T, F/lo BrEETIES L OLIFREEX DL DI
L. IELWVWBRZDTRICHDoHNE EZISILEEFAET, SHI0, TXZ> MIBHIEL Y b EEFRS 7
EEL, T2THl, TEE R, &L <IBFETHSEZER ONBERICIIEL L,

NE] s <Za >k
TR

4) Granite.13b.chatv2 ™7 74 X > b : granite.13b.chatv2 OFHFD/NN— 3 > Tld, £REZ R 7. ZNHERC
Retrieval-Augmented Generation (RAG) ¥EE W7z, 74 —< v FARVWERZ R DREARET DL
IC74—hR LT,

ERREBEZUET H7-DDOHAL DEIZIZIL, FLAN T—2t v &L o/a—RICNEINTWEA X T3 3
Ve Fa—ZV BT Rty NEEST T A TFa—Z v I TET EITESBRADTLUANE EN TN,
FLAN [ZZHRIEICEATWD D, ZOIGEXIIRETH S Z L HWHHT. ERIICIZIZ DI ENETILD/NT 5 —
T RATHEORMIEFINDRAEATH S EEZHNTWS [30,31], ZDOMBEAEMNT 572612, F4 L IBM D
f-ORCA FETER SN LWAERT —&Zt v b granite.13b.chatv2 DA YA FZ o> 3> - Fa—=Vv|C
BA LT
f-ORCA F%l3. FrLL BlRENIHA RICEDLA>»avTFFRA b 5—=v7 (ICL) FETHY., ZnF £
ELLM DA YR b T35y - Fa—Z U JICBEWTABDFFfIRICL S TEV X FL— a3y (B#HEE) & &
CBEE L. BB CEREICEATIISES ERT 5 Z LI L TERETaniTLWa, Zd f-ORCA F %L,
FLAN &S5 RhT—2ty MIFEET 2E5EA 70 7 MO L TBNIZIE S E T BEENICE WL TIERIC,
RAFFE I N7z ORCA FREBUUSZRF > TWAD W DA DEELRA >~ b TRE>TH WD, E—IZ f-ORCA
OT7 7O—FTlE ChatGPT ® GPT-4 D& 5%, TI7A AV A ENTWT, A VR Iay - Fa—=vy
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DRENTWEEHARMRT Ty IRy 7 R - ETIVEFAT 20EN 7R, f-ORCA 122 Dh Y ICEFIFE SN
TWTERERIGENERIEER: Falcon-180b EFLZ T #FIAET %, &5, f-ORCA 1L @hAa@mEar O
— U LT, BiEniz7 4L x—3EE (f-UMPBACK) %#AAT, ZDUEET Falcon-180b E7/LIL, I
RENI=ZHA FICEDCICL FED INY T -2 3 v EAVWT, BEERE L TOREIZRZT, JNTE->TET
D ZOENEBREE T Fal—ar L, EES, ERICEDCELE, BATEZEX(IOLWTOEWL
KEZRDOZ L ZRIREICT B, COTALRDERDERE LTHELZ 0 AV TILDT—2ty bHELNS, &
ZIZE 512 granite.13b.chatvl OFBICEWTERMEIIAL7-—OT— 2 & HEAEGHE T, BT -2t
v k&L, granite.l3b.chatv2 DA VA R Z o> gy - Fa—Z>JICEREIND,

granite.13b.chatv2 Tld, ET/LOREME X 5 ICHET 57-OITHRII IBM AFFK L7z RLAIF 713 XLTH
% SALMON [32] %M L7=. SALMON mB®IE, €L 7 - 774 X M33]Thd, Thabhb, ETILEEIE
AL 7T B4 CEDTHRE L7z [3B]4FE->TT— bR by EY IR T 24 ELT A EFLICENEESE
WESHLZEEFRE LTWS, SALMON OFLER L TWEDIE, HA RIHE-T=3RBIET L TH B, BT
D77 LY R T—RTEELI-ZOFMET VL, ABHERLIZERDOAA N GRE) ICEOWTEHRMX 7%
HET 3, BEFEOFE 7 1 —XIEWTIDHA REFES 27215 T FET L E2BWEEDTER I
PO—ILEIGD 2 ENTETC, ZOFRER. MILFETCFEINIAEK (KU > —) ORDZBEVCEELEEZR 5T LN
TE, ANEHDOTYV 7 7LV R - T—=R%F T4 TIET DREN L85,

4 3R [B2] TIREESN TV B FHRICHEL, 40B /XTI X—ZDR—=XETILH 5, ANEICLE T 77l R
TRy b, AL RIS ERTV 77 LV R - T—R2Ey FERAWT AV X M7 72 a VIS HWET
WEFET D, RIS, ZOFHHE. IBM ORENTERL7-HA FZBL 7z PPO FE T granite.13b.chatv2 @7
TAXY FEITY, ZDHA RO2MKIE Appendix B (ZF5% L 7=,

granite.13b.chatv2 OFE(ZH1F5 f-ORCA & SALMON DAIBR T 7 CERA LT —%t v bZlL IBM A
R LTZBT —% TH5 HHRLHF [36], sharegpt T— &+t b [37]H OB HLIADMER L7 BT K

(chatGPT e IfER LA »72). FLAN2022 A VA 503y « Fa—=vy - F—X 2Ly 3Y
DIBLDT 4 ILEx—L7F-—E8&. OASST [38] hEFEFNnTWL5,

granite.13b.chatvl & (ZE 4 Y granite.13b.chatv? ZH#BIFICO R T L 7O T EBEE LARL,
granite.13b.chat.v2 OS2 FHM%E FEL TWEALR— FORFED/NR— 3 ICEWTIE BFEDI—ZT—2X
DDV AT LT AV T M aERT2Z e H BN LN,

B. 5t&

EBEETILFEDI-00 IBM OFBREAEA V77 AT F v —ld, Al R—/X—a v 1—%— Vela[39] T
% (X5 %#58), Velald, VY —X0EN) HCITEREZIF/-E57-010 KB v ER—=X L7 70—F
ERALTWS, BR4GR@bick), Whwd (B i), $hbb, REY Vv ABAWSZ EICk DA —
W=y RIEB%ERmTH D, & Al /— Rt 8 2D Nvidia A100 GPU H— K, 96 ® vCPU, 1.5 TB ® DRAM,
4x32TB D NVMe K74 7%BEHLTWE, /—FligA =Yy b CHAEEGRINTWS, &/—FIZIZ2@D
100 Gbps 1 —H %y b - U o8B 5, WETTILOFBIFERHENTULS Vela 1 > 2% X, IBM Cloud @
7 v by DCT—REVR—ITERBEINT WD, 55D Granite ET/LIE Vela ZFH L TEEINDFELD.
granite.13b ORN—X « EFILIE, Vela 41 Y A X VY ADNTLRIIILH EADEIOHWNA > 7 7 TEHENT,
granite.13b.v1 (%, 256 f&m A100 GPU % 1,056 B, 120 TFLOPs %#{#MA L7, granite.13bv2 IZRILA >~ 75 X
b2 Fv—T120TFLOPS, 1,152 FfElzf#EA L. G&F 2,208 BEEAE WD Z &Il >7,

10



Vela system architecture Compute node

Splne 1 ‘ Spine 2 Spine 3 Spine a cPUO CPU1 | 4xNVMe
- 2x100Gbps (—J h’—‘
Top of Top of | Top of 12x100G || PCle | 2x100G6 2x100G PCle ||2x100G ‘ PCIe
Rack1| |Rack2 I Rack 2 | Network Swnch | Network Swuch Network Sw itch Network Swm:h

LPUD GPU1 GPUZ GPU3 GPud] [GPUM GPU7

f | Interface | = | Interface lmodace lnter!aco
(— (= ST | Card ‘Card Card | card
‘ 2x100Gbps {
3 Node 1 F -3 Node 1 £

=g =
Node 2 Node 2 r 1 I |
Node 3 Node 3
NVSwitch fabric ‘
Rack 0 Rack N
(a)
Top of rack

()
M5:AlR—/—avta—%—Velad@7—F77F+v—N&. O)A>7732A+77F%v—K

C. TXNVX—HELKFILE
granite.13b N—X + ETILDO TR X —HE & kEFHHEOHETEIER L7-5EISLUTOEY Th b, FFEDHZAT
IBITB. BT M ICEEEY BikEHEHE Carbon (XA TEZHNS
Carbon(M,L) = E(M) x PUE(L) x CEF(L), 1)

22T, EMIFETIVM OBEESE. PUELIISATL (CHBIT2EAEAE. CEF(LIEET L ISERINS
REFHHIRELTH B,

BBy (IT) HEEBNE M) (& $TDGPU O GPU EAEEEAL THEES NS, Thld K6 IR
95120 GPU EARE—MRMIC/ — FEHERWEENH 5720, Al BTV M OFBITFERINSBENEHE
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IO DIENE D, RIC, ES NI/ — FEBAIC, FERHEEER SN/ GPU 0z T, BT
FHEEE 251E T %,

- Estimation (linear regression)
Raw Data

4500 1

4000

Node Power (W)

»n N W
[=] wv 8 w
o o o o
(=] (=] o o

L L

1500 1

0.0 0.2 04 06 08 10
Normalized GPU Utilization for 8 GPUs [D-1]

6:%—n"— (/—=F) oBHLERINT GPU FAED K

EAEAE PUELI. T—2EY Z—THASNGHRENR (T £HK—F - ==~y F- (27 T2k
DESHEE) D, ITA V77 TOEESNDIEHEICHTSHETEZ NS, GHG A ha)LDRa—7 2 H4
B R[BONfE-T, AT —> 3> - R—IAOREF RS CEF() %5183 5,

Z OHEFE SR % granite.13b.vl DR—XETILISEAT % &, 153,074.3767TkWh T 3x)L¥ —H& E(M). 0.12kg
kWh DR ZEBEHRE CEF (L), ZMld 22.2263995 > CO2 #E Carbon(M,L) EHEE S 1. ZHUSZBRILIRE &
AR XRBRNBRIREDHDT R TCOBREMNRARZERBLI-HDTH D,

granite.13b.v2 R—XETNDIXINF—HE L RFHHEEIE F/FHEPTH Y. BB ZDLR— FOEHRTA
&9 5,

IxINF—Eh—Ry - 7y b 7DV b EEIET 57012, %< OFEMNEEEERWSD Z ENTE S, FlZIE 8
TERTIERDEIL. BERGEIRLF—OFFHRJEEMEORBBME L THRETZZ LA TES, HDHWIL ERD
FEAEIF—TCDIrIILX—FHECHHED EBREZBR WL S IZHIRYT 2 Z &N TE B,

V. TR b &5l

ZDt 73Tl Granite EFILOT X R EFHRO=0OICESNS-T 7O —FITDOWTCERRRT %, /-, [Z
EOBEHL NILOMD WL DADETILEDEERE & $12, EAIERE TR,

A. EBRETILOF@EZL—LT7—7

Fr=bld, ETILOREIA 7 A 7L 2B LT SHENAERET LI L—L7—7 (FM-eval) ZfERAL
TW5b, FM-eval |&, FHEN Y F<— 7 ZMERPICEITT 572012, GPU ZH7R— b L7z RedHat OpenShift
(httpsy//www.redhat comy/en/technologies/cloud-computing/openshift) 7 7 A X _E THEEDETILICIT L TAFIZETS N TWL
%, BEt 7L —LT7—21%. Eleuther Al ® Language Model Evaluation Harness (Im-eval) [41]%> Stanford @
HELM (Holistic Evaluation Model) [42]D & 5% 7 v TENF-ANEL 7 L —LT—oPa vy TFH S N/FHR 7 L —
LT —0%FTETBZENTED, FM-eval ICRRT, T—XRty b, APV I R%EBHEISEMNTESLLDICT S
7=, BLlFA—T v —2D Python Z A 72 0T Unitxt (htpsy/eithub.com/1BM/univd) 7% BaEE L T= Unitxt (3.
F—Rty NEFEERTDILOD—E LA v R—7 1 —REFEFEHEL, ZNICI3EDT—4%+Ey % LLM A
WEETHANICEIRT 27-DICHERTRUE, L OERZHET 27-DIERIND A MY I INEEND,
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https://www.redhat.com/en/technologies/cloud-computing/openshift
https://github.com/IBM/unitxt

TATHAVNDIEFIERERET, SEIFABEOT X MAFEITING !
1) —fFERD R F~—72 (General Knowledge Benchmarks, &)
2) HELM Ry Fv—2 (381%)

3) DERVFT—T (FFB)

INHDOFHIIZT T, zero-shot A7 b & few-shot 7OV 7 F A ERLI-HDTH S, FRE L TIRRTH

<A zero-shot 7A V7 M BHED LLM ZERAL, 7AY 7 R & L TR R DETHEDAEIRMS 5 2 & T,
FLWRRIDTHFRMERT 5, few-shot 7AV 7 M Tld, 7RV T FOFRTRZ R DRIRE &3 IR DB
TEERMT S, M7 TA—FEH, —DDERFEFAETINE, AT - NXTA—R—%RBEFELTF£ES & %T]
BEICT B,

BAMAFHmIZLTO®BY
1) FERD7=HD—EER > F~—7 : General Knowledge Benchmarks | Im-eval [41]DEFED RV F=
— DY Ty fEEAR FERICL000ERN—7 Y ZEICETINIBEET A M LUERIN. FEOET
IS TETLOREEHIES L TWD Z L& REET 5, BARIICIE. Im-eval DT D 12 @D T—%+E v b (&
Ry TEICEEBINTWNS) THD
- WD R A A v DEMIEE (boolg. openbookga, piga. sciq) ;
- XEMTT
- St (arc easy, arc challenge, copa, hellaswag, winogrande) ;
- HEETRR
- DEFEWT R ZEEIRaL 2 3> (mmiu) ;
AF=bDFHm T L — LT — 2 Tld. 2SN F < —7 |F zero-shot & few-shot DT DERETEITEND,

2) HELM: SEaIFENTE T L7520 SFERVRFHED—ERIE Stanford @ Holistic Evaluation of Language Models
(HELM) Benchmark [42](21&k75 9 %, Fh/=bDETILATHET 572010, BREIGE. [EHRiEZR. ZH. BUEH.
TEXRAMDBEEOHRAREZR oD OERENS 16 D [273F U] [43]~[54]%FEHT 2,

3) IVE—TTAGTHAR Y F~—7 i FEHNTT LD, E6I12 IBM PMER LTy Z—T 74 X - R F
T—I TETIINETHEL, BPERRIBEEEDSVRE XA VICBIFZETILDNR T +—T Vv RETA NS5, ZD
SOBREMT, IBM IZEZR K XA > TCETIVETHES 27-612, 11 EORNBEIN/-ZMN >V Fv—0%F 1L —
varl, Rl ICFeDl, T—XRTTH LR EIN/-FE LY TR My FONEI%E, ATEEARR Y 5
IZEART %, ETILOMREIZT R by MIEDWTHREIND, TR M TNUARHEINTOWARWNES, T
IVOMREIIREE Y MZEDWTHRESIND, FE Ly FETA My bODIINT —KIRATH B EINT
WRWEEE, T—2D 20%% T A MRELTRIRL, %KY A2FERE L TERT 2,

few-shot 7OY 7+ TEZX 22V TFRAMINZITRTEB LY o7 545, EFUICREENS
few-shot DFROEIEZ R 7 IC& > TERY, £ | ITRT, SEOFHEATIE, TRTOETINEL/IT X —%
CEUIEER R T Ay 7 M AER L. F X5, chain-of-thought 7’A> 7R [65] S XF L - AT ML
ERALAA” -7 (few-shot 7B > 7 k& zero-shot 7R >Y 7 hrDF o=y &7y 7 FDH
(httos://wuw,promptingsuide.ai/techniques/fewshot ) & ZBBE N7=\LY), Financial Phrasesbank, News Headline, FiQA
SA Tl&, 7B 7 bE BloombergGPT [56]A* 55| L7,
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https://www.promptingguide.ai/techniques/fewshot

62

60

56

Accuracy

54

52

50

48

Q N Q Q o Qo Q Q Q Qo
O &° &© &0 &° N <° ° <° &°
\\ N N N N ) N N\
00 00 00 Q\’3 00 Qo QO QO Q(\ '\&\
) ’LQ o0 Q Q Q Q QO Q
) ™ © © A ® )
# tokens

H zero-shot [ few-shot

7 : Granite.13b 2EFO—MAMF/ Ty —< X

B. Granite ®7 /LD & LB

granite.13b.v2 DEELRFHEIZ EZ/ZEITHTHY . BRIIBONRKREBZDLR— FOBEFFRTOFTKINDS,
granite.13b.vl OFHMHERZLUTICHRET 2H ZOFERY ) —XTIEFEIC 1 MED b= > ZFRWEITTH
V. INOOFHEIET N TFRIIE LD THD Z EISFRTNETH D,

FERPO—MWAGHAN > F~¥—7 : 2Ot 3> Tl BELG—MAEFY—7ZFAL T, FEFIC 1,000
Bh—7 v ZEICEUE LT granite.13bvl DR—X - EFILDRFy Toay b, 774y - Fa—=v7 L1
granite.13b.instructvl & granite.13b.chatvl @/NY T—3 3 V%l 5, K7 (ICAIR LS, S HITHEIICE
WMENTWDDIE, FRREINEBEY ., FEAEHDZ & T 1,000 B ~—2 > T &I granite.13b.v] O—REIEIEE
NEEICMELTVWAZE, ZLTT77A4Y « Fa—vZENnNUIT—> 3y - FEFATEESITNT7+—7
VAAALELTWEZ ETH D, =72 L. granite.13b.chatvl D ZDFHETIE, X TFL - AV T MHMEREINT
LWL,

HELM Ry F<—2 : ZOFRETIE, HELM @ 16 ©a7 - > F U F TRI-BDOET L ZEREIICETHm L, v0.2.3
U U — X (httos,/erfm.stantord edu/helm/latest/ 7eroup=core scenarios) DHEDT N TDOETIL & HEL 1=, F7=-H OFHHIL
HELM IC& > THER SN TUL 2B Y 2 B0 T N R TED T, THbb. FTRETLEERIOFHET — 2t v
hTEHE L. RICINSORERA S F U FICERNT S GEINSEED), LLM OREABRERSICT D720, ET/IL
D7 > 7fHF1Z HELM o Mean Win Rate (MWR) #812%. >3 U4 %@L THEAT %,

8 |4, granite.13b.instruct.vl, granite.13b.chatvl, BLUTRTDV0.2.3 ET/ILD, EF/ILH A XE MWR &
I AAERRERL TWD, 72720, ERELRET YA XA LM 7ANS =L > TRRINTUVAEWET
E, ZORIED LBRAINTW S,

ZDORIL, granite ETANETIY A XE HELM MHBEDEITEE LLWNT VR EE > TWH I ExFR L TW S,

granite.13b.chat.vl & granite.13b.instructvl |&, FHAINIZTRTCOETILDOFRT, ZNZEH 15 f1& 18 (I TH
%,  &5IZ, granite.13b.chatvl & granite.13b.instructvl (&, ZNFNH A XA 170 BLLT D/ 8T X — X T
MENIZETILDORT, by 72 &Ry 73757, Cohere Command beta (61 B)7:1A. ZDHA XDAhTA
) —TZDWRE%R ERl>7-, TNHDOFERIE, HELM (& - CGRHES Nzt BImE, B2 ISR AT IS DL
THERTH %, ¥+ T7L—> 3 (2BWT, granite.13b.chatvl & granite.13b.instructvl (&, #NZEN 9 fiz&
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https://crfm.stanford.edu/helm/latest/?group=core_scenarios

28I TH 5,

IVR—T AR - RyFT—2 : ZOFHEIE, HELM 7L —LA7—2%aE L. @it — X8I O R &
NTW3 1l DERRY - T—2ty haBETEHTEICL>TEBEIND, HEHTRORN—XZ (>~ - EFILIE E
T YA X FHT—RO@ER, 7o) T4— BTN Fa—rIIEOWTCEREINS, BEFNICE

ZIE, Granite ET /LI, 500 BT X =KL TDF—7" > —RETLORTRL/NT7 +—< V AHREWN GPT-
NeoX-20B [6]. FLAN-UL2 [67]. 7= 70 /% 130 BD/$3T X —& %D, NEENTWSREHEDETILT
% LLaMA2 [68] & teira b,

0.9

0.8
i) i granite.13b.chat
0.6 ]
-é 0.5 granite.13b.instruct
© 0.4

0.3

0.2

0.1

0.1 1 10 100 1000
Model Size (B Parameters)

8: YA XIZHT B HELM R R/ TDNRT7 4 —< > R

x IV I 11 0@ X7 I 2R ETLOFIAMER I TZRL TV, LLaMA2 ETLIE 2T b—2 > D
ERFET—2EFBLTEY ., ETIMMIKRERT RNV T—V% 52 TWA728, LLaMA2 ETILOREICT R &
YR &I TWD, granite ZEOMOFHEET METART IT b= > DFBTF—L%F->TW5, Llama2 €
TILDENDT—RETEZ LICHED DD 5T, Granitevl ETLIREZ RV THmEhHHH Y. LIZLIE Llama2
HEEZ, CDZEE 2T b—0 Vv ABRHAERFET — X TCEFEINDFED, FHRETEIN TS granite £
TILDINR—=2 3 |2 >TRWKMETH 5,

VI. HERMHNEEL YRS
. LLM OBEERVHARIRISE® U 20 8% GRFS ATV 2, TN, BIER. O3, SREeHEE

Moxal. ANSRORE. ZEFECEREIN-T VTV VDOEEREIG, ~M FRE—F BEMH. LWLEHPHX
TAT AT DESBRAEE AV E 1 —2OEEEROE, BEDH 5 HF., USRS E L & hvE £ 5[69]. [70],
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Task Task De- | Dataset Dataset Description N-shot Metric
scription Prompt
Sentiment 3 classes | Financial Financial news categorised by sentiment 5-shot Weighted
Classification Phrasebank F1
[571
2 classes | Earnings Earnings call transcripts, the related stock prices and the sector index 5-shot Weighted
Call Tran- in terms of volume F1
scripts [58]
Classification 9 classes | News The gold commodity news annotated into various dimensions 5-shot Weighted
Headline [59] F1
N : 4 nu- Credit Risk Eight financial agreements (totalling 54.256 words) from SEC filings 20-shot | Entity
amed Entity g 2 ) 5 M
SRS merl_cal Assessment were manually annotated for entity types: location, organization F-1
o entities (NER) [60] person and miscellaneous
4522 nu- | KPI-Edgar [61] | A dataset for Joint Named Entity Recognition and Relation Extraction | 20-shot | Modified
merical building on financial reports uploaded to the Electronic Data Adjusted
entities Gathering, Analysis, and Retrieval (EDGAR) system, where the F1
main objective is to extract Key Performance Indicators (KPls) from
financial documents and link them to their numerical values and other
attributes
139 nu- FINER- I.TM sentences annotated with extensive Business Reporting 10-shot | Entity FI
merical 139 [62] Language (XBRL) tags extracted from annual and quarterly reports
entities of publicly-traded companies in the US, focusing on numeric tokens,
with the correct tag depending mostly on context, not the token itself.
Document | Opinion- Text documents from different financial data sources (microblogs, S-shot RR@10
Question relevance | based QA reports, news) for ranking document relevance based on opinionated
Answering ranking (FiQA) [63] questions, targeting mined opinions and their respective entities,
aspects, sentiment polarity and opinion holder.
3 classes Sentiment Text instances in the financial domain (microblog message, news S-shot Weighted
Analysis statement or headline) for detecting the target aspects which are F1
(FiQA mentioned in the text (from a pre-defined list of aspect classes) and
SA) [63] predict the sentiment score for each of the mentioned targets.
Ranking Insurance Questions from real world users and answers with high quality 5-shot RR@5
QA [64] composed by professionals with deeg domain knowledge collected
from the website Insurance Library
Exact Chain of Multi-turn conversational finance question answering data for 1-shot Accuracy
value Numeric exploring the chain of numerical reasoning
match Reasoning
(Con-
vFinQA) [65]
Summarization | Long Financial text 303893 news articles range from March 2020 to May 2021 for S-shot Rouge-L
docu- summarization abstractive text summarization
ments (EDT) [66]
# Il : Granite.13b 2B O—ANFH/ 7+ —< X
Model Tokens Avg Accuracy Avg Accuracy
(B) (Zero-Shot) (Few-Shot)
granite.13b (base) | 100 49.0 | 533
granite.13b (base) 200 50.8 55.2
granite.13b (base) 300 53.7 56.1
granite.13b (base) 400 529 57.1
granite.13b (base) 500 55.6 57.8
granite.13b (base) 600 55.7 58.1
granite.13b (base) 700 56.8 59.3
granite.13b (base) 800 56.5 59.9
granite.13b (base) 900 57.8 60.0
granite.13b (base) 1000 58.5 61.0
granite.13b.instruct.vl 1000 59.3 61.5
granite.13b.chat.vl 1000 61.2 62.6
®WM:a7 - >FUFROYT - >+ JFTEDHELM &R
Model MMLU | BoolQ | NarrativeQA | NaturalQuestions | NaturalQuestions | QuAC | HellaSwag | OpenbookQA | TruthfulQA | MS MARCO | MS MARCO (TREC) | CNN/DailyMail XSUM IMDB | CwilComments | RAFT
(Metric) EM) | EM (F1) | closed-book (F1) | open-book F1) | (F1) | (EM) (EM) (EM) (RR@10) (NDCG@10) (ROUGE2) | (ROUGE2) | (EM) (EM) EM)
granite. 1 3b.instruct v 1 0.377 0.809 0.668 0.188 0.659 0373 0338 0.296 0203 0.431 0.638 0.135 0.11 0.953 0.637 0.693
| granite.13b.chatvi 0378 0.776 0.698 0212 0.684 0.391 0305 0.276 0208 0.3% 0.634 0.14 0115 0.948 0.6 0709
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XNV RRITEDT7AF VR - Ry Fv— 0 FHEHER

Financial Earnings News Credit KPI- FINER-|| FiQA Insurance|| FiQA ConFinQA || Summarization

Phrase- Call Head- | Risk As- Edgar 139 - QA SA

bank Tran- line sessment Opin-

scripts ion

Metrics Weighted | Weighted | Weighted Entity F1 | Adj Entity RR@10|| RR@5 Weightef] Accuracy Rouge-L

Fl Fl Fl Fl Fl Fl
granite.13b.v1 0.306 0.443 0.811 0.477 0.344 0.699 0.400 0.169 0.780 0.365 0.173
(base)
granite. 1 3b.instructiv D.590 0.443 0.764 0.407 0.281 0.699 0.658 || 0.605 0.590 0.346 0.323

| “granite.13b.chat.vl| 0.714 0.443 0.779 | 0.361 70290 || 0.746 0.624 || 0422 |[ 0.758 0.334 0.376

llama2.7b* 0.244 0.486 0.752 0.408 0.419 0.660 0.617 0.255 0.744 0.233 0.195
llama2.7b.chat* 0.758 0.677 0.829 0.458 0.450 0.626 0.644 0.443 0.693 0.254 0.345
llama2.13b* 0.378 0.410 0.584 0.467 0.463 0.689 0.560 0.539 0.800 0.226 0.252
llama2.13b.chat* | 0.608 0.572 0.744 0.445 0.538 0.671 0.625 0.227 0.849 0.261 0.269
gpt-neox-20b 0.561 0.318 0.630 0.469 0.308 0.774 0.496 0.163 0.771 0.266 0.205
flan-ul2 0.240 0.318 0.829 0.394 0.011 0.446 0.793 0.747 0.811 0.254 0.310

#= V Tli. IBM Al BEBEEEANE L HI-UYRIDOHEZATHRT, ZOEFEESIT. IBM I—HRL—3 3 20K
#ELT, RENT. SERFDH Y. (EETED Al OXMbETIET 52 ABE LT, Al REDEY 3 v L#
A TET 2 TBLNBEMAHERTH S [71], [72], ZDRIFWLL DA DEIIHIz> TR I TWLS [73] :

- ZDYRIIE, BEEEETINDOIDDT— R E1EZ DMDANIERRET 20h, EEETTIILOERHNISER
TEON, HDBWEZOMOFEEFEICERT 2 HDRDOD,

- ZDYRIIE, BETADFZERCT7 74> - Fa—=vrh 3 LIUIHERDRIZE L Bh, HDEWEHNFV
R, EHERE, AR, LY REAEEEBICBVLWTAEL DN,

- ZDYRTIL BIZIE D B MMEE. BRARE. N LNLOTIIL—TDENIZET EDD,
- ZDYRZIFFLWEDH, BIRENAH DD, [Traditional (EE) X7)] (&, LEID Al EFILICHTE
L, EEETIICHE|EHERET DY R TH D, [Amplified GBIEENIZU X 2) ] 14, LEIO Al ETIL
MOEISN TN =HDTHDHH, EREENICE > TEBETICELTELIZHDTH S, [New GrLULY
20)] E ZTOEREENIZ L > TEBETVEBICEZNIFH AU R TH D,

granite.13b.instruct 35 & U granite.13b.chat E7/LDIERLE U U —RIZHT=> T, FF=bIZY X7 DL DM
RITHARD £ 3 BIFETHL LIz ~N FRE—F, BANGFTR,. TRAFKIRO7AYy I U MET 4R Y
7%50, IBM OFRIFET—Xty bOT—% - HNFU R - O (E, WO DFAEE L 22HD Y R
EEER LT NFEOESICOWTIE, 7> a >y Il THIELZT— X/ A 7' 4 o ~DBIERE LT,
R MR AR, HARUEED. Eip. BUARIA TAAX—ICLBAXEDT / T—arvhhd, Aiblidihnsn
BETYF—7—FURMEERL, ¥F—7— Ry F Ui aEoTXEIIT/ T—avEMHITng, 207/
TF—ravii, WNHEO L7 (BEEShTWB <A/ VT4 —) OEKFHES V-7 (Z01) #45ET 57-0
IZfEDONDHAP 7 4 LR ) > 7% @E I BB TH T ZIL—T BT 5 7 4 LR U 7 HiTo TUORLDIL,
REEREI LY, BASNI=TA T TA T4 —%28ENICKIB LY TE2FET—ZHENRLHRD T &0,
MOBEN L AEWHETENIET —Xty hEEDHDAREENH D05 TH B[74],

T7AY - Fa—ZIEBLTC, Afbld, BRACMER S DAL D Y R O—EOAEZERT 5 2 &
L LT, MRS TEEMOVBWETILOEEEEIR L L5 & LTE, L L. RROESFMYY X
TJDOEDE, TT7AY - Fa—ZvI0OIERBLIZT—XtEy b (B2 WNLFRERT 2 AREED H S0
BiEOT—2ty b) A (@4 DBERDT=5HC Granite ET LA T 7B A4 3 AN4LHEBO=——X, gk, BEEIZS
BLTWBEELDAIZHEEFDEVWENY 1255, TRTOMEICIE, HE LR, EFUZHE HiHER £
1237 —F T 7 F v —EH [B]oWThICHFET 2L D THN. EMT RSB OREINH S, Fhzb T,
BIZIE watsonx 7T b7 A —LDY —ILEES T LT, HMEDMEERIHE> TETINE/NR—=YF T A4 RXT DHE
BRA GEFEANT) SX6NENELEEZTWD [T6],
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=V ASENRESE ) 2

[ Source || Phase | Group [ Risk | Indicator |
Input Training and Tuning Fairness Bias Amplified
Input Training and Tuning Robustness False samples Traditional
Input Training and Tuning Value Alignment Undesirable output for retraining purposes New
Input Training and Tuning Data Laws Legal restrictions on moving or using data | Traditional
Input Training and Tuning Intellectual Property Copyright and other IP issues with content | Amplified
Input Training and Tuning Transparency Disclose data collected, who has access, Amplified

how stored, how it will be used
Input Training and Tuning Privacy Inclusion or presence of SPI or PII Traditional
Input Training and Tuning Privacy Provide data subject rights (e.g., opt-out) Amplified
Input Inference Privacy Disclose PII or SPI as part of prompt to New
model
Input Inference Intellectual Property Disclose copyright or other IP information New
as part of prompt to model
Input Inference Robustness Vulnerabilities to adversarial attacks like Amplified
evasion (create incorrect model output by
modifying data sent to train model)
Input Inference Robustness Vulnerabilities to adversarial attacks like New
prompt injection (force different output),
prompt leaking (disclose system
prompt),or jailbreaking (avoid guardrails)
Output Inference Fairness Bias in generated content New
Output Inference Fairness Performance disparity across individuals or | Traditional
groups
Output Inference Intellectual property Copyright infringement, compliance with New
open source license agreements
Output Inference Value alignment Hallucination (generation of false content) New
Output Inference Value alignment Toxic, hateful, abusive, and aggressive New
output
Output Inference Misuse Spread disinformation (deliberate creation Amplified
of misleading information
Output Inference Misuse Generate toxic, hateful, abusive, and New
aggressive content
Output Inference Misuse Nonconsual use of people’s likeness Amplified
(deepfakes)
Output Inference Misuse Dangerous use (e.g., creating plans to New
develop weapons or malware)
Output Inference Misuse Deceptive use of generated content (e.g., New
intentional nondisclosure of Al generated
content)
Output Inference Harmful code generation Execution of harmful generated code New
Output Inference Privacy Expose PI or SPI in generated content New
Output Inference Explainability Challenges in explaining the generated New
output
Output Inference Traceability Challenges in identifying source and facts New
for generated output
Other Governance Transparency Document data and model details, Traditional
purpose, potential use and harms
Other Governance Accountability Identify responsibility for misaligned Amplified
output along Al lifecycle and value chain
Other Legal compliance Intellectual property Determine creator of downstream models New
Other Legal compliance Intellectual property Determine creator of open source New
foundation models
Other Legal compliance Intellectual property Determine owner of Al-generated content New
Other Legal compliance Intellectual property Uncertainty about IP rights related to New
generated content
Other Legal compliance Legal uncertainty Determine downstream obligations Amplified
Other Societal impact Impact on jobs Human displacement (Al induced job loss) | Amplified
Other Societal Impact Human dignity Human exploitation (ghost work in Amplified
training), poor working conditions, lack of
healthcare, unfair compensation
Other Societal Impact Environment Increased carbon emission (high energy Amplified
requirements for training and operation)
Other Societal Impact Diversity and inclusion Homogenizing culture and thoughts New
Other Societal Impact Human agency Misinformation and disinformation Amplified
generated by foundation models
Other Societal Impact Impact on education Bypass learning process, plagiarism New
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