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Reasoning

DEDUCTION

Daisy is white

\\

Therefore
All swans Daisy is
are white a swan

Large Language Models are In-Context Semantic Reasoners rather than Symbolic Reasoners (2023.05)

INDUCTION

All swans are white

Y

Therefore

o 1 99
Daisy is Daisy is Daisy is
aswan a swan aswan
& white & white & white
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ABDUCTION

Daisy is a swan

\

Therefore
All swans ‘ Daisy is |
are white ‘ white

- , e F= Ml 2529 reasoning taskE CHE
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Method: Decoupling Semantics from In-Context Reasoning

Task Definitions

Memorization
(Depth-0 Reasoning)

Factl: (Tom, parentOf, Amy)
Fact2: (Alice, parentOf, Bob )
Fact3: (Bob, childOf, Alice)
Fact4: (Amy, childOf, Tom)

Q: True or False?
(Amy, parentOf, Tom)

Deductive Reasoning

Factl: (Tom, parentOf, Amy)
Fact2: (Bob, childOf, Alice)
Fact3: (Lisa, sisterOf, Alice)
Factd: (Alice, motherOf, Bob)

Rule: V x,y,z:sisterOf (x,y) A
motherOf (y, z) — auntOf (x, z)

Q: True or False?
(Lisa, auntOf, Bob)

Inductive Reasoning

Factl: (Tom, parentOf, Amy)
Fact2: (Alice, parentOf, Bob )
Fact3: (Bob, childOf, Alice)
Factd: (Amy, childOf, Tom)

Q: vx, y:z(r,y) - childOf (y, x)
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Abductive Reasoning

Factl: (Lisa, sisterOf, Alice)
Fact2: (Alice, motherOf, Bob )
Fact3: (Bob, childOf, Tom)

Rulel: V x, y, z:sisterOf (x,y) A
motherOf (y, z) - auntOf (x, z)

Rule2: V x, y: parentOf (x,y) =
childOf (y, x)

Q: Explain
(Lisa, auntOf, Bob)

» Rulel

A: Vx,y: parentOf (x,y) = A: Factl, Fact

A: False A: True tl, Fact2 -
S childOF (y,x) (Lisa, auntOF, Bob)

Figure 1: Task Definitions. Memorization: retrieving the predicted fact from in-context knowledge.
Deductive: predicting the correctness of the predicted fact given rules and facts. Inductive: generat-
ing a rule based on multiple facts with similar patterns. Abductive: explaining the predicted fact
based on given rules and facts.

+ Memorizationdt reasoning task= A5t S04, H|O|E{ Ao A semanticsE MILISH MBIt semanticsE E &5t MR AtO[2] accuracy S Bl gt

—

- Mz =2|Ae = MASH JXME Lt Q=0 natural language®t =220 CHSHA] = Bt Hd2 SHAIC.
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Method: Decoupling Semantics from In-Context Reasoning

Evaluation Datasets

Deductive Reasoning Inductive Reasoning

Factl: (Tom, parm!D!'. Amy)
Fact2: (Alice, parentOf, Bob )
Fact3: (Bob, childOf, Alice)
Factd: (Amy, childOf, Tom)

Factl: (Tom, parml(}l‘. Amy)
Fact2: (Bob, childOf, Alice)
Fact3: (Lisa, sisterOf, Alice)
Fact4: (Alice, motherOf, Bob)

Rule: ¥ x,y,z: sisterOf (x,y) A
motherOf (y,z) = auntOf (x,z)

Q: True or False? Q: vx,y:2 (x,y) — childOf (y, x)

(Lisa, auntOf, Bob)

Az True Az Vx,y: parentOf (x,y) =

childOf (y,x)

Given a set of rules and facts, you have to

reason whether a statement is true or false.

Here are some facts and rules:

The likes the

The is

The likes the

The needs the

The needs the squirrel.

The sees the

The squirrel needs the

If someone 1s then they like the

squirrel.

If the is and the likes the
squirrel then the squirrel needs the

If the needs the then the 1S
cold.

Does it imply that the statement "The
likes the squirrel.” is True?

Abductive Reasoning

Factl: (Lisa, sisterOf, Alice)
Fact2: (Alice, motherOf, Bob )
Fact3: (Bob, childOf, Tom)

Rulel: ¥ x,y, z: sisterOf (x,y) A
motherOf (y, z) = auntOf (x, z)

Rule2: ¥ x, y: parentOf (x,y) =
childOf (y, x)

Q: Explain
(Lisa, auntOf, Boh)

A: Factl, Fact2 Ru
(Lisa, aumOf, Bob)

Symbolic Tree dataset: Q1= 7F2| 2tA|Of| CHSt factsf rules2 &
B ME7 =KX= factsoll Eigt 28 4-34sHOF GHCt,

ProofWriter: H|== ok Al facts2t rules=2 £ E MEH F£=0{X|= facts
of| CHok ’_F:.*/Hji'/ oSS FE0HOF oh=H, 2 AN
2|5t S
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Method: Decoupling Semantics from In-Context Reasoning

Decoupling Semantics

Deductive Reasoning Inductive Reasoning Abductive Reasoning ° Symbo“c Tree dataset
Factl: (Tom, parentOf, Amy) Factl: (Tom, parentOf, Amy) Factl: (Lisa, sisterOf, Alice) o . = (@) H E_ = E. = 7 o|= ) .
= [ [e)
Fact2: (Bob, childOf, Alice) Fact2: (Alice, parentOf, Bob ) Fact2: (Alice, motherOf, Bob ) Semantlcs = dataget_i_[_ —I_ ?—__ Il I-: | -I—l I-E 1’_ rela;tlon
Fact3: (Lisa, sisterOf, Alice) Fact3: (Bob, childOf, Alice) Fact3: (Bob, childOf, Tem) na me(ex pa rent)g r] Qi I|IC)| OI’: 6 9—' O |§ ‘Llj'_l-I:IE:4 OEI_ jA— ai
“actd: (Alice, f, ‘actd: (Amy, childOf, FVXYZS : =&
:;::I:L\:; zm::lt:‘:("}): (:{S«i‘l'a)}l\ Factd: (Amy, childOf, Tom) :‘zl‘ehler(\;'f{y}trzz) ls;:;(:ggzlyl)f\ = Oél EHE H r]]l?i%
molh‘erO‘F‘(y‘,z:) —uaum(]l"(x,z) Rule2: V x, y: parentOf (x,y) = . o o) — =L . ol IT=
ehda0r (.3 + Entity nameZ e12 2 X|H5t= 5 entityl] #3 & 1O
- E : |- = ® =

Q: True or False? Q: vx,y:2 (x,y) = childOf (y, x) < l“pmrn i %AI-:E-”, ol —I?I—T:% ltrxl ?EdJ—'__I'O‘” I:Lg-l-jl— gi AAE'r_I__, %|-

(Lisa, auntOf, Bob) (Lisa, mml?l. Quh)
A: Tru Az Vx,y: parentOf (x,y) = A: Factl, Fact2 Z20CS
. childOf (y, x) (Lisa, auntOf, Bob)

Given a set of rules and facts, you have to | Given a set of rules and facts, you have
reason whether a statement is true or false. | to reason whether a statement is true or
Here are some facts and rules: false. . ProofWriter
Here are some facts and rules:
The bear likes the dog. i i = | | SFEO4d O
The hoss Kts e The o1 ikes the - +  Subject2f objectE entity IDE EiH|SHH S,
The cow likes the bear. Theeldisc?. ; H H
The cow needs the bear. The 14 likes the ¢4. * Anneiskind ->elis e2
The dog needs the squirrel. The ¢14 needs the c4.
The sees the i The 5 needs the ¢26.
The squirrel needs the dog. The 5 sees the ¢ 14
If someone is then they like the The ¢26 needs the 5
squirrel. If someone is - then they like the ¢26.
If the bear is and the bear likes the Ifthe ¢4 is - and the ¢4 likes the ¢26
squirrel then the squirrel needs the bear. then the €26 needs the e4.
If the cow needs the then the cow is If the needs the ¢5 then the ¢ 14 is
cold. el.
Does it imply that the statement "The co Does it imply that the statement "The
likes the squirrel." is True? | likes the ¢26." is True?
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Experiments: Input Forms
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Experiments: Semantics Matter in LLMs’ reasoning
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Table 2: The reasoning results of Symbolic Tree. Results are in %.

Category Model Baseline | deduction induction abduction
Zero-Shot 526 6.10 1.50 o QfM AZSH Symbolic Tree datasetoﬂ CHSHO] semantics?t symbols & K|
~ 2 Zero-Shot-CoT 557 7.86 4.90 SHANIM =20 accurac AE
ChMGET Few-Shot-CoT 548 - 182 2glM =22 y& HI~E.
Symbols Zero-Plus-Few-Shot-CoT 357 - - =[Re)
Zero-Shot 68.8 9.28 25.0 © ARE EHEIE ChatGPTRF GPT-4
GPT-4 Zero-Shot-CoT 71.1 8.93 31.2 .
Few-Shot-CoT 67.6 - 442 « Semantics 30| UPHO Z £L HIE A ODH O|= semantics?f LLM
Zero-Shot 66.1 36.4 294 ©| reasoning '—E#oﬂ %_9_ H:f— Iﬂ t=2| 7Hd g SIEHEISITt
ChatGPT Zero-Shot-CoT 65.5 322 340 _ _ _
g Few-Shot-CoT 67.1 - 21.8 o 2L} Logic- based method2f H|WgHE = &= HitH & Ac')l%O| S A35|
Semantics Zero-Plus-Few-Shot-CoT 67.2 - - cro O_I x| E_l,
Zero-Shot 79.2 525 273 =
GPT-4 Zero-Shot-CoT 86.2 53.9 334
Few-Shot-CoT 91.1 - 69.2
Random - | 50.1 3.57 -
Logic-based - | 100 571 100
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Experiments: More Fine-grained Analysis about Semantics

Table 4: Semantics, removing rules/facts and counter-
commonsense reasoning experiments (ChatGPT and GPT-4).

Results are in %.

deductive (Few-Shot-CoT) | inductive (Zero-Shot-CoT)
ChatGPT GPT-4 ChatGPT GPT-4
Semantics 71.8 90.0 25.0 53.6
Symbols 55 67.6 7.14 214
Remove R/F 70.1 90.4 7.14 35.7
Counter-CS 48.9 73.4 7.14 17.8
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- 1 =2 29 %‘ St HMIE U8 NLlstoq Bl B2 2
commonsense& | o107 $§g 2l5HA| SIS
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knowledge®l|Zt 2| £5t0{ T2 S TIHSIEE | LMOf| 23 8Hex. £20|
0 =90 oL [O|T})

A3 Z1 semantics, deductive setting®lAM =20 Hast HHME UL A
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O = AESI=X[0f SRS H
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Experiments: More Fine-grained Analysis about Semantics

Table 3: The deduction results of ProofWriter tasks (ChatGPT). Results are in %.

Category Baseline | depth-1 ~ depth-2  depth-3  depth-5

Zero-Shot 69.1 62.3 59.4 52.8

Symbols  Zero-Shot-CoT 56.2 49.4 45.2 38.6
Few-Shot-CoT 65.8 58.1 - -

Zero-Shot 69.0 63.5 60.3 51.4

Semantics  Zero-Shot-CoT 515 45.8 40.3 309
Few-Shot-CoT 62.5 56.7 - -
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I Conclusion and Discussion

« Semantics’F commonsense2f LxX[2f I, LLM2 HEL =2 =S HICY,

« Semantics?t commonsenself UX|SFX| 2L} decoupled = LLMZ in-context new knowledgeE =20 Af
Zobk= Hlofl A2 2 =0t

« LLM2| =20]|A language tokenz AtO[2] at5 %l semantics/t =201 F 2o At

—

It
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« Semantics?| ¥k N2{ot= A2 =2 HIX|Ot3 7t TIQFICH

- External knowledge baseE & &-85t= 710| 23t 4~ QICH

« LLMO| ZtX| 12 Q& X|AlO| Ot in-context knowledgeE £ F 20| & &8 6= BfEHO| L Q STt
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