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TESTING INDUCTIVE REASONING CAPABILITIES OF
[LANGUAGE MODELS WITH HYPOTHESIS REFINEMENT
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1. Inductive Reasoning with LMs
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01 Overview
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Iterative Hypothesis Refinement
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1. Hypotheses Generation Always [1] 2. Hypotheses Selection
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[1,2] —[1] 5 3 @ Input: [5, 1]
[2,3,4] —»[2] |— The smallest one ——» A—[The smallest one ]——-» ?—v Expected: [1]
[5,1] — [5] 2 ? % g Actual: [5]

- =)

The 1st element

\ >

3. Hypotheses Refinement

Hypothesis Proposer (phenomenal) Inductive Reasoner (puzzling)
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07 Datasets CENTERED
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Rela%ions Compositional o yerations Visual Concepts
Instructions P
ACRE MiniSCAN List Functions MiniARC
P = J:::] daX — . |Ug — . [1’ 2! 3] - [1]
Examples ﬁ N P S = N lugfep - @ @ @ (2,3,4] — (2]
| L ® daxfep— @ ©® @ [5,1] — [5]
Bad f ] e Iduagx : : The smallest one Swap the colors
Rule || || (X] fep — of two objects
dax — @
C;ocljd o S j lug — @ The 1st element Drop all objects
uie (X]fep - ® ® ®




07 Datasets

Language-like
Compositional
Instructions

Symbolic
Operations

Inducing Causal
Relations

Table 3: The number of tasks per dataset, the
numbers of seen examples per task, and unseen
examples per task.

Dataset # Tasks # Seen # Unseen
ACRE 100 6 4
MiniSCAN 100 14 10
List Functions 250 8 8

MiniARC 130 3 3
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03 Experimental Setup

1. Hypotheses Generation

[1,2] - [1]
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Input: [5, 1]
Expected: | 1]
Actual: [5]
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03 Experimental Setup

1. Hypotheses Generation
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03 Experimental Setup

1. Hypotheses Generation
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04 Phenomenal Hypothesis Proposer

rooI
> O mC
mzZzX
O v+ >
o CmZ
> 4 X
—4 —m

Main Results

Table 1: Iterative hypothesis refinement results. 7' refers to the maximum number of iterations. N
refers to the number of candidate hypotheses per iteration.

Raw Accuracy Task Accuracy
Method ACRE MiniSCAN List Fns MiniARC ACRE MiniSCAN List Fns  MiniARC
10 64.0 61.7 65.1 33.1 28.0 0.0 39.6 13.8
SC (N=5) 65.0 61.1 65.0 31.3 29.0 0.0 38.0 13.1
SR (t=3,N=5)  70.0 46.3 67.4 15.1 32.0 0.0 52.0 9.2
T=1,N=1 78.2 77.0 51.6 5.9 45.0 46.0 42.4 3.8
T=1, N=5 79.8 86.6 62.4 12.8 48.0 70.0 52.4 9.2
T=3, N=1 77.8 98.2 61.7 10.1 47.0 95.0 52.8 6.9
T=3,N=5 82.5 93.3 71.2 18.7 59.0 85.0 61.2 14.6
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04 Phenomenal Hypothesis Proposer CENTER
COMPUT
LABORA

OOD Generalization and Interpretability
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10 Rule 10 Rule 10 Rule 10 Rule

(a) List Functions (b) MiniARC

Figure 2: Results for IID and OOD examples. For OOD evaluations, we sample longer lists for List
Functions and annotate larger grids for MiniARC. IO prompting generally experiences more signif-
icant performance degradation compared to rule prompting (i.e., iterative hypothesis refinement).
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05 FPuzzling Inductive Reasoner

LMS STRUGGLE WITH APPLYING THEIR PROPOSED RULES
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Figure 3: Raw accuracy (left) and task accuracy (right) when applying the LM’s proposed rules
using symbolic interpreters or the LM itself as the interpreter.
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05 FPuzzling Inductive Reasoner
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LMS ARE BRITTLE TO EXAMPLE PERTURBATIONS
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Figure 4: (a) Varying example noisiness by perturbing a certain percentage of exemplars on List
Functions. Dashed lines refer to results where we explicitly instruct LMs to consider noisy examples.

(b) Varying example familiarity by using English words or pseudo-words as outputs on MiniSCAN.
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05 FPuzzling Inductive Reasoner

LM-INDUCED RULES VS. HUMAN-INDUCED RULES

Table 2: Comparison between LM-induced rules and human-induced rules on List Functions (top)
and MiniARC (bottom). 0 maps to black, 1 maps to blue, and 4 maps to yellow.

LM-induced Rule

Human-induced Rules

Examples
97, 97, 97, 971 — [9
(4, 4, 41 >[4, 4]
j:r UI a, 1, -31 2“1
(76,42, 17, 76, 1

Remove the last occurrence of each unique
number from the input list, but if a number
appears more than twice, keep all instances
except the last.

Annotator 1: Keep the order of the original
list but only include integers that are duplicates
rom earlier in the list.

Annotator 2: Output only the repeated
numbers. If a number is repeated n times

then output only n-1 times.

e

If an element in the input array is 4,
replace it with 0. If the element is | and
its left and right neighboring elements are
0, replace it with 1. If the element is | and
positioned in the last row of the array,
replace it with 1. In all other cases, replace
the element with 0.

Annotator 1: Slide yellow down, if it completes
a row, get rid of the row turn the remaining
blocks blue with a 1.

Annotator 2: Drop the object. If a full row

is created, delete it, and drop remaining objects.
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05 FPuzzling Inductive Reasoner

LM-INDUCED RULES VS. HUMAN-INDUCED RULES
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Figure 6: Comparisons of LM-induced rules versus human-induced rules in terms of clarity (left)

and supportiveness (right).
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06 TakeAways

Contributions

- Iterative Hypothesis Refinement 7|'H M A=

- Phenomenal Hypotheses Proposer & Puzzling Inductive Reasoner &f

- lterative & feedback € E3t M5 Il M

- Hyperparameters SR HS
- Real-world situationo]| Cist Zi2 o}kl

- Decision making, Legal reasoning, Scientific reasoning
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06 TakeAways

Future Works

CIE 53829 reasoningd CHell CHR = 4+ AS

- Commonsense reasoning

- Everyday Reasoning Tasks : interpretating
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