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Question 1: RL as a skill synthesizer or probability amplifier

Question 2: Is there any prerequisites for RL to generalize
Or How to schedule SFT and RL
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Knowledge-intensive Reasoning

1) Can’t disentangle memory and reasoning
Why not Math/Coding ? 2) Narrow definition of generalization
3) Limited operations (+,-,%,/)

= QA w/ parametric knowledge - Parametric Reasoning (Mem)
= QA w/ contextual knowledge - Contextual Reasoning (Ctx)

= QA w/ parametric + contextual knowledge - Complementary Reasoning (Comp)
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Behavioral Study with Synthetic Data

1) Data contamination

Why not existing benchmarks?

2) Unground knowledge for LLMs

3) Hard evaluation — knowledge sufficiency

”Allison Hill™: {
. . . “name™: ”Allison Hill”,
« Synthetic human biographies il 90208,
occupation”; ’Civil engineer, consulting”,
“email”: “’garzaanthony @example.org”,
”phone”: "538.990.8386",
“new’’: true,
”died-on™: "2024-11-01",
*child”: ”"Donald Marsh”,
“pet”’: "Whiskers”,
“wrote”: ”Baby administration”,

= Control the parametric or contextual
knowledge

o o
- Multi-hop QA-

Mu tl Op A palrS "influenced_by’": "Matthew Cooper”,
“mentoring”: “Daniel Watkins”,
= Control the sufficiency of knowledge owby”: panne
“first_language”: “Finnish”,
- C t 1 th 1 : t ¢ d ¢ ﬂ" 1 “roommate”: Shannon Krause”,

On rO e genera lza lon 1 lcu W “university”: "University of Chicago”,

“service”: "Habitat for Humanity”,
“known_for”: painting”,
“died-in”: "Brownbury”,
”boss’: "Lindsey Johnson”,
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“favorite _food”: “tacos”

Allison Hill has a pet named Whiskers.
Allison Hill spoke Finnish as their first
language. A favorite activity of Alli-
son Hill is painting. Lindsey Johnson
is the boss of Allison Hill. Allison Hill
was born on 1942-04-29. Allison Hill
died on 2024-11-01. Allison Hill shared
a room with Shannon Krause. Alli-
son Hill penned Baby administration.
Allison Hill was inspired by Matthew
Cooper. The contact email for Alli-
son Hill is garzaanthony @example.org.
Allison Hill was famous for painting.
Allison Hill was a member of Habi-
tat for Humanity. Allison Hill mentors
Daniel Watkins. Allison Hill’s place of
death was Brownbury. Allison Hill’s
phone number is 538.990.8386. Allison
Hill works as a Civil engineer, consult-
ing. Allison Hill is the parent of Don-
ald Marsh. Allison Hill was a classmate
of Adam Villanueva. Allison Hill loved
eating tacos. Allison Hill went to Uni-
versity of Chicago.
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Experiment Setups
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Different training strategies
= SFT, RL
Different training data

= Mem+Ctx, Comp

Different generalization levels

= [ID, Composition, Zero-shot

Finding

Capability in

Capability in
parameters

(a) Reasoning Types
context

@ @ Parametric Reasoning

Question: What is the occupation of the business partner of
Amina Khan?

Answer: Ben Carter is a business partner with Amina Khan. Ben
Carter is a Research Analyst. So, the answer is: Research Analyst
@ £ Contextual Reasoning

Context: ‘Global View’ magazine announces the appointment of
Amina Khan as its editor-in-chief. Amina Khan’s best friend is
Chloe Davis.

Question: Who is the best friend of 'Global View’s Chief Editor?
Answer: The Chief Editor of Global View is Amina Khan. Chloe

@ & 4F © Complementary Reasoning

Context: ‘Global View” magazine announces the appointment of
Amina Khan as its editor-in-chief.

Question: What is the occupation of the business partner of
Global View’s new Chief Editor?
Answer: The Chief Editor of Global View is Amina Khan. Ben

Carter is a business partner with Amina Khan. Ben Carter ‘s job
is as a Research Analyst. So, the answer is: Research Analyst

(b) Experimental Settings

Training Data

Generalization Levels in Testing Set

Level 1: I1.I.D. (Seen Path)
What is the occupation of Tommy’s

What is the occupation of
Matthew’s business partner?

Relation Path:

Business_Partner = Occupation
NS /

I business partner?
Business_Partner - Occupation

~

(" Level 2: Composition (Seen Relation,
Unseen Path)

Who is the spouse of Joshua’s
business partner?

Relation Path:

Business_Partner - Spouse

What is the occupation of Jimmy’s wife?

L Spouse - Occupation

S/

(" Level 3: Zero-shot (Unseen Relations)
Who is the spouse of Jack’s advisor?

Advisor = Spouse

Davis's best friend is Amina Khan. So, the answer is: Chloe Davis.

(c) Key Findings Generalization to Complementary Reasoning

Training Method 1.I.D. Composition Zero-shot
SFT(D+®@) X X X
SFT(®) & ¥ X
SFT(@) +RL (@) M = x
SFT(D+@) +RL (3) ¥ & ¥

+ Training Strategy: While SFT memorizes, RL is the key to generalization.
« Data Prerequisite: RL composes new skills only based on sufficient atomic skills.

Figure I. Our settings and findings. (a) Examples of Complementary Reasoning requiring both Parametric and Contextual skills. (b)
Evaluation protocol across three levels of difficulty. _ and _ denotes seen and unseen pattern, respectively. (c) The SFT Generalization
Paradox: Models trained on atomic skills generalize better via RL than models trained directly on the composite task.

» RL generalizes only with

sufficient atomic skills
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Sufficiency - RL as a synthesizer of atomic skills
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Figure 2. Comparison of training with different complementary data proportions. The top row compares the gain from RL, while the
bottom row compares the absolute performance after RL. It shows that LLMs generalize to Complementary Reasoning only from the
model with both Parametric and Contextual Reasoning skills.

= Varying portions of Comp data for SFT and RL Left - Right
» Same amount of RL data for SFT(Mem+Ctx) and SFT(Comp)
= RL efficiently synthesizes from atomic skills

=  SFT Memorization Paradox: Distinguishing Generalization from Memorization
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Necessity - Sufficient Atomic Skills are Necessary
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Figure 3: Necessity of atomic skills for RL generalization. We conduct RL with the same amount
of COMP data from different SFT trained models. Only SFTyem+crx generalizes well in all levels.

= Removing any atomic skill collapses generalization

= RL-driven generalization does not directly related to initial model performance

From Atomic to Composite: Reinforcement Learning Enables Generalization
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Necessity - RL is Necessary for Generalization

Training Strategy

| mm SFT
LoRA
B RL

1. D Comp05|t|on Zero shot
Generalization Type

Figure 4: Performance of training with dif-
ferent strategies over 12.8k COMP samples.
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= All training strategies are good in IID and Composition

= SFT memorizes (IID), RL generalizes (Zero-shot)
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Sample Efficiency - the data before RL to prime generalization
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Figure 5. Performance with the same amount of SFT and RL data, comparing SFTmem+crx and SFT come.

= Train with same amount of data and number of hops for SFT and RL

= Atomic capability learning requires less SFT data to prime RL generalization
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Sample Efficiency - the data for RL-driven generalization

Settings
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Figure 6. Few-shot adaptation of SFTygv+crx- We show average
accuracy over all generalization levels.

= Few-shot training with various training strategies based on SFT(Mem+Ctx)

= Sufficient atomic skills enables few-shot adaptation

A WATERLOO

From Atomic to Composite: Reinforcement Learning Enables Generalization PAGE 10 @



Pass@K - RL as a synthesizer or amplifier

—8= SFT Model (Before RL) SFT — RL (After RL)
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Figure 7: Pass@k comparison for SFT vgm+crx and SFTcome. It shows that RL synthesizes new
compositional skills only based on models with sufficient atomic skills.

= RL synthesizes new pathways for models with sufficient atomic skills

= RL only amplifies existing behaviors for models only with composite skills
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Thanks!
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