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LLM for Planning

Published in Transactions on Machine Learning Research (April/2025)

A Systematic Evaluation of the Planning and Scheduling
Abilities of the Reasoning Model ol

. Claude Models OpenAl GPT-4 Models LLaMA Models Gemini Models
Domain Shots
3.5 3 40 40 4 4 3.1 3 1.5 1
Sonnet Opus mini Turbo 405B 70B Pro Pro

Blocks One  346/600 289/600 170/600 49/600 206/600 138/600 284/600  76/600 101/600  68/600
world  Shot  (57.6%) (48.1%) (28.3%) (8.1%) (34.3%) (23%) (47.3%) (12.6%) (16.8%)  (11.3%)

Zero 329/600 356/600 213/600 53/600 210/600 241/600 376/600 205/600 143/600 3/600
Shot  (54.8%)  (59.3%) (35.5%) (8.8%) (34.6%) (40.1%) (62.6%) (34.16%) (23.8%)  (0.5%)

Mystery One  19/600  8/600 5/600 0/600 26/600 5/600 21/600  15/600 2/500
Blocks Shot  (3.1%)  (1.3%) (0.83%) (0%) (4.3%) (0.83%) (3.5%)  (2.5%) (0.4%)
world  Zero  0/600  0/600 0/600 0/600 1/600 1/600 5/600  0/600 _ 0/500

Shot (0%) (0%) (0%) (0%)  (0.16%) (0.16%) (0.8%) (0%) (0%)

https://openreview.net/pdf?1d=FkK BxpOFhR
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LLM for Planning

PlanBench: An Extensible Benchmark for Evaluating
Large Language Models on Planning and Reasoning
about Change

Karthik Valmeekam Matthew Marquez
School of Computing & Al School of Computing & Al
Arizona State University, Tempe. Arizona State University, Tempe.
kvalmeek@asu.edu mmarqu22@asu.edu
Alberto Olmo Sarath Sreedharan*
School of Computing & Al Department of Computer Science,
Arizona State University, Tempe. Colorado State University, Fort Collins.
aolmoher@asu.edu sarath.sreedharan@colostate.edu
Subbarao Kambhampati
School of Computing & Al

Arizona State University, Tempe.
rao@asu.edu

https://arxiv.org/pd{/2206.10498

Task Instances correct
GPT4 I-GPT3

Plan Generation

We showcase an instance and the respective plan as an example and prompt the machine withanew  206/600 41/600

instance. (34.3%) (6.8%)

Cost-Optimal Planning

We showcase an instance, the respective optimal plan and the associated cost as an example and prompt ~ 198/600  35/600

the machine with a new instance. (33%) (5.8%)

Plan Verification

We showcase three instances and three distinct plans (goal reaching, non goal-reaching and inexecutable) 352/600  72/600

and present the respective validation and explanations. We then present a new instance and a plan and (58.6%) (12%)

ask the machine for to verify and provide an explanation, if needed. 07 °

Reasoning About Plan Execution

We showcase an instance, an action sequence and the corresponding resulting state after executing the 191/600  4/600

action sequence as an example. We then provide an instance and an executable action sequence and ask (31.8%) (0.6%)

the machine to provide the resulting state. 07 070

Replanning

We showcase an instance, the respective plan and present an unexpected change of the state. We then 289/600  40/600

also present a new plan from the changed state. Finally, for a new instance we repeat the same except (48.1%) (6.6%)

we ask the machine for the new plan. e 07

Plan Generalization

We showcase an instance and the respective plan as an example and prompt the machine with a new 141/500  49/500

instance. The plans for both the instances can be generated by a fixed program containing loops and (28.2%) (9.8%)

conditionals. o7 070

Plan Reuse

We showcase an instance and the respective plan as an example and prompt the machine with an ~ 392/600  102/600

instance which requires only a certain prefix of the plan provided in the example. (65.3%) (17%)

Robustness to Goal Reformulation (Shuffling goal predicates)

We showcase an instance and the respective plan as an example and prompt the machine with the same ~ 461/600  467/600

instance but shuffle the ordering of the goals. (76.8%) (77.8%)

Robustness to Goal Reformulation (Full — Partial)

We showcase an instance with a fully specified goal state and the respective plan as an example and ~ 522/600  467/600

prompt the machine with the same instance but provide a partially specified goal state. (87%) (77.8%)

Robustness to Goal Reformulation (Partial — Full)

We showcase an instance with a partially specified goal state and the respective plan as an example and ~ 348/600  363/600

prompt the machine with the same instance but provide a fully specified goal state. (58%) (60.5%)
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GPT-4:

. Move
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b5
b3
b4
b2
bl
b4

from
from
from
from
from
from

Your goal is to move the blocks. Ll
bl should be on top of b2. .
b3 should be on top of b5. -
b4 should be on top of bl.

b3

Initial State

more than one block on another block. b5 is on top
of b3. b4 is on top of b2. b2 is on top of bl. b3 is on
top of b4. bl is on the table. b5 is clear. Your arm

b4

b3

Goal State

b3 to the table.

b4 to bbS.

b2 to the table.

bl to bb5.

the table to b2.
the table to bl.

L. LLM + PDDL
LIM#A Y g Rk1& 3 2|1 XfLiE2 5 a9d0%

Problem (P1): You have 5 blocks. One cannot place

&, AR5 KM R T mAXNE S

-
Module Generated Text Provided Text o T Ex P & Ex Sol
Problem (P) Problem (P)
}» +  Plan jl—' % Flan
Domain T LM Domain
LLM-As-Planner LLM-As-Planner (In-context Learning)
Context Ex. P & Ex. PDDL Domain PDDL
¢.
Problem (P) —» —+ Plan
LLM Planner
Problem PDDL PDDL Plan

LLM + P (In-context Learning)

LLM+P: Empowering Large Language Models with Optimal Planning Proficiency. https://arxiv.org/pdf/2304.11477
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(a) grasp bottle (b) free gripper (c) grasp soup can (d) place soup can (e) re-grasp bottle (f) place bottle

Fig. 2: Demonstration of the optimal tidy-up plan. The robot starts at the coffee table and 1) picks up the bottle, 2) navigates
to a room with the side table and the recycle bin, 3) puts down the bottle, 4) grasps the soup can, 5) puts the soup can in
the recycle bin, 6) re-grasps the bottle, 7) navigates to the kitchen, 8) places the bottle in the pantry.

LLM+P: Empowering Large Language Models with Optimal Planning Proficiency. https://arxiv.org/pd{/2304.11477
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THE SYMBOL GROUNDING PROBLEM

Stevan Harnad
Department of Psychology
Princeton University
Princeton NJ 08544
harnad@cogsci.soton.ac.uk

ABSTRACT: There has been much discussion recently about the scope and limits of purely symbolic
models of the mind and about the proper role of connectionism in cognitive modeling. This paper describes
the "symbol grounding problem": How can the semantic interpretation of a formal symbol system be made
intrinsic to the system, rather than just parasitic on the meanings in our heads? How can the meanings of
the meaningless symbol tokens, manipulated solely on the basis of their (arbitrary) shapes, be grounded in
anything but other meaningless symbols? The problem is analogous to trying to learn Chinese from a
Chinese/Chinese dictionary alone. A candidate solution is sketched: Symbolic representations must be
grounded bottom-up in nonsymbolic representations of two kinds: (1) "iconic representations” , which are
analogs of the proximal sensory projections of distal objects and events, and (2) "categorical
representations"” , which are learned and innate feature—detectors that pick out the invariant features of
object and event categories from their sensory projections. Elementary symbols are the names of these
object and event categories, assigned on the basis of their (nonsymbolic) categorical representations.
Higher—order (3) "symbolic representations” , grounded in these elementary symbols, consist of symbol
strings describing category membership relations (e.g., "An X is a Y that is Z"). Connectionism is one
natural candidate for the mechanism that learns the invariant features underlying categorical
representations, thereby connecting names to the proximal projections of the distal objects they stand for.
In this way connectionism can be seen as a complementary component in a hybrid nonsymbolic/symbolic
model of the mind, rather than a rival to purely symbolic modeling. Such a hybrid model would not have an
autonomous symbolic "module," however; the symbolic functions would emerge as an intrinsically
"dedicated" symbol system as a consequence of the bottom-up grounding of categories' names in their
sensory representations. Symbol manipulation would be governed not just by the arbitrary shapes of the
symbol tokens, but by the nonarbitrary shapes of the icons and category invariants in which they are
grounded.

https://arxiv.org/html/cs/9906002
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Neural Networks Symbolic
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* Human Cognition: System 1 (Neural j
. . ~__Thinking,
Network) + System 2(Symbolic Reasoning) faslt 9
* Neuro-Symbolic Al: Combine true symbolic and slow
reasoning with a neural network /
* Neural Network for Perception DANIEL
KAHNEMAN
* Symbolic for Rigorous Reasoning




End-to-End Visual Reasoning

NMN [Andreas et al., 2016]

IEP [Johnson et al., 2017]

FiLM [Perez et al., 2018],

MAC [Hudson & Manning, 2018]
Stack-NMN [Hu et al., 2018]
TbD [Mascharka et al. 2018]

Visual Question Answering
Q: What's the shape of the red object?

|

End-to-End
Neural Network

—> A: Sphere.

12



End-to-End Visual Reasoning

NMN [Andreas et al., 2016]

IEP [Johnson et al., 2017]

FiLM [Perez et al., 2018],

MAC [Hudson & Manning, 2018]
Stack-NMN [Hu et al., 2018]
TbD [Mascharka et al. 2018]

Visual Question Answering
Q: What's the shape of the red object?

Entangled _
Concept < > Reasoning

(e.g., colors, shapes) (e.g., count)

13



Human-Like Reasoning

Question: Are there an equal number of
large things and metal spheres?

14



Human-Like Reasoning

Question: Are there an equal number of
large things and metal spheres?

15



Human-Like Reasoning

Question: Are there an equal number of
large things and metal spheres?

3 metal
spheres!

O

O




Human-Like Reasoning

Question: Are there an equal number of
large things and metal spheres?

\

[ Equal? Yes! ‘\
- :

-
3 metal
. spheres!

O

O
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Human-Like Reasoning

Visual Perception

\.

-
Question Understanding

\

Question: Are there an equal number of
large things and metal spheres?

s

\.

\

[ Equal? Yes! \
- :

p
3 large O 3 metal
things! 0O spheres!

]

Oo

Logic Reasoning




Neuro-Symbolic Al

Vision

Scene

Parsing
E—

Language

Q: What'’s the shape of
the red object?




Neuro-Symbolic Al

Vision
— Scene
= Parsing IIIEE_M
h J —_— Green Cube Metal

Language

Q: What'’s the shape of
the red object?




Neuro-Symbolic Al

Vision

Wl 0 [Color _[Shape | Material _

Parsing
| Green Cube Metal

2 Red Sphere Rubber
Language
’ Semantic | _ i
Q: What'’s ’Fhe shape of Parsing i Filter (Red) :
the red object? — \4 |
! Query (Shape) |

I

_____________________

Program



Neuro-Symbolic Al

Scene
. IEIEMM

Parsing
—_— Green Cube Metal
2 Red Sphere Rubber |
Symbolic
Reasoning
Language
, Semantic | 1 :
Q: What's tche shape of Parsing | Filter (Red) ! T
the red object? e \4 ;
! Query (Shape) !
I

_____________________

Program



Neuro-Symbolic Al

Green Cube Metal
2 Red Sphere Rubber |

Symbolic
Reasoning
| Filter (Red) i T
I \/ |
: Query (Shape) |

_____________________

Program



Neuro-Symbolic Al

Green Cube Metal
2 Red Sphere Rubber ‘

Symbolic
Reasoning

Query (Shape)

_____________________

Program

Filter (Red) E T
M i



Neuro-Symbolic Al

III Color | shape | Material _

Green Cube Metal
2 Red Sphere Rubber |

Symbolic
Reasoning

| Filter (Red) i T

e v :

i Query (Shape) | Sphere

—————————————————————

Program



Neuro-Symbolic Al (before LLM)

* Neuro helps Symbolic

* Neuro & Symoblic



Neuro for Symbolic

* AlphaGo(2016), AlphaZero(2017)

Monte-Carlo Game Tree Search

o FIAL: AFRIT T AR RE S

« R M % (Policy Network)
o YRR TN, RIEETRMEXOINE

W45 M 25 (Value Network)

« VA REERMTAL

AP 22 ) 26 R A% 5 KX AE T
MCTSZEAT = i 55 5 ig &
3 % vk BN B R 259 2%

NN State Estimator




Neuro for Symbolic

N\

AR E “ AlphaGo”

B89 B AR

-7

Hir: 47
A T8 3R A AR ?
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P R LN R B ARG 55 (e A
WAk A MREE K

« 5520
Y+ Bt ->C4n),

« Symbolic: E 4 FEMIEE (MCTS), a4y &2
»F, ARFER AN

e Neural: NG —NEEAPEMNL, MINLATH T4
#y, TR AR RO AL S A RT R AR R R A
P R 69 R B (£ AlphaGo A T —F )

: % A 54T (Retrosynthesis)

a Synthesis planning with Monte Carlo tree search

-

(1) Selection =—3 (2) Expansion

N

>»  (3) Rollout

» (4) Update

I orporate

he search t

f\

Pick most nalyse dd ewn d t Pick and luat
promising position t by xpan: new position
A /X; %
3
b Expansion procedure
Symbolic > Neural Symbolic =3 Neural
Invariant
Target encoding
molecule —n w9
A ECFP4
Expansion policy: Keep the k best For each reaction use
prioritizes transformations and in-scope filter
transformations apply them to
the target

Planning Chemical Syntheses with Deep Neural Networks and Symbolic Al. Nature 2019.

>
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Keep likely
reactions

P» Symbolic

B Ranked precursor
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Neuro for Symbolic

* AlphaGeometry: An Olympiad-Level Al System for Geometry

* Neuro-Networks guide the symbolic engine by suggesting constructs

7

& N '
A simple problem AlphaGeometry Solution
A A
[% Language modej
B C e Not B D C
CONBULCT sovausin . solved
Theorem premises: '--; ------------------- > « Construct D: midpoint BC
Let ABC be any triangle with AB=AC \( . ' ] Solved | - AB=AC, BD=DC, AD=AD = ZABD= £DCA
Prove that angle (£) ABC= £BCA ’L* Symbolic engine | ? « ZABD= «DCA, B C D collinear =
J L £ ABC=£BCA

Solving olympiad geometry without human demonstrations. Nature 2024.
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Neuro : Symbolic :

FHFHRESNZERERSRN?

o FYLE R LEAR RS AR, 2R B BT ORI M, MRS KA
o SEAEF #(Real Logic): —AP-Fi% 8 AAA B4t 2] & 42 5% HOR([0, 1)) 89 FF AR R

¥ H 5(N) ¥ R (V) 7 % JE ()
Godel: ”
X _ Godel: Standard:
AN B = min(4, B) AV B = max(A, B) —A=1-A
Product:
Product:
ANB=A-B AyR—gs g -din

Lukasiewicz:
AANB=max(0,A+B-1)
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Neuro =~ Symbolic
— —

Vx: Cat (x) — HasTail(x)

"Cat(x) Network

0.9 :
Implication (I(4, B)) = ] B
% { Truth=0.3 | Loss=1.0-0.3=0.7 }-
X

"HasTail(x) Network
0.2

e EMINE (Backpropagation: Update Weights)

Logic Tensor Networks. Artificial Intelligence 2022.


https://arxiv.org/pdf/2012.13635
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Deep

ProbLog

« F—¥: LRGP EN
« MEZEMBIZIAR, B XA
R AR A o TSR B
40%
30%

3

img_A

ﬁ@_)

01293456789

10%

BESHR, T REN K,

5

4

img_B

DeepProbl.og: Neural Probabilistic L.ogic Programming. NeurIPS 2018.
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https://arxiv.org/abs/1805.10872

DeepProbLog
e DeepProbLog3| EAREX+Y=869FLN|, ++HFrA # Lz AN 65 7T 8¢
R 64 A F

P(sum=8) = P(d1=0,d2=8) + -+ P(d1=3,d2=5) + P(d1=4,d2=4) + -

Destination

img_A img_B
Possible Identity Possible Identity
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Possible Identity Possible Identity



DeepProbLog
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@ & @ Destination
img_B @ @
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Neuro =~ Symbolic
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* Neuro-Symbolic Concept Learner (NS-CL)
c MEZERLRTREI, FFEANTIER
o BT R A% AE R B sR AL

Symbolic Reasoning

Answer: Cylinder
Groundtruth: Box

. Semantic Parsing (Candidate Interpretations)

0 |
3 : $ 1 v Query(Shape, Filter(Red, Relate(Left, Filter(Sphere)))) i
O "l l.s ] ‘ X Query(Shape, Filter(Sphere, Relate(Left, Filter(Red)))) :_
the red object left of th
© L€ object ledl o the : X Exist(AERelate(Shape, Filter(Red, Relate(Left, Fllter(Sphere))))) REINFORCE

sphere? !

The Neuro-Symbolic Concept Learner: Interpreting Scenes, Words, and Sentences From Natural Supervision. ICLR 2019.
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Abductive Learning (ABL)

F 1 LB E DTN

2 4 4

&15E P(2)=0.6 E{5E P(4)=0.7
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Abductive Learning (ABL)
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Abductive Learning (ABL)

T H,3: R iEFE(Abduction)
A — BEARR

- H,: (0,8)
Clnm L ERLIMAS, B
e (157)
e &R ZX+Y=Z
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H,: (3,5)

AT A?
H5: (4, 4)



Abductive Learning (ABL)
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Il‘ Neuro-Symbolic Methods with LLMs

Large Language
Models

Provided
Data

Large Language
Models

Symbolic
Approaches

ﬂ Call

Large Language
Models

Symbolic
Approaches

| Hybrid

Symbolic
Approaches




Il‘ Supervision for Reasoning & Planning Tasks

Data Collection, especially the label collection is very expensive. Different from classification
tasks, reasoning requires not only the outcome label but also the reasoning process label

The denominator of a fraction is 7 less than 3 times
Question Answer the numerator. If the fraction is equivalent to 2/5,

I'What is the ! : what is the numerator of the fraction? (Answer: 14)
: 100th term : I 396 :
of the I
| arithmetic ! — S ' Outcome () ® @ Let's call the numerator x.
sequence l -/
6, 10, 14, | ) Label
18, ...? | =l - . _
- == I == | wrong ! ) & So the denominator is 3x-7.
o) " -
Stepl — ) (@) & We know that x/(3x-7) = 2/5.
I The common ! Co T :
I ey P o ®® @ So5x=2(x7)
*-—-l-_---‘ '----l---—‘ Process
Label Label Label B ® S 5x=6x-14.
I Pivotal | Right L T

I e e - - e O® Sox=7.



Il‘ Automatic Data Generation

Many heuristic methods can be developed to generate large-scale datasets from seed examples

* Rephrasing, Template-based Augmentation, Numeric Perturbation, LLM Generation, etc

4 Question Bootstrapping )

Meta-Question: James buys 5
packs of beef that are 4 pounds each.
The price of beef is $5.50 per pound.
How much did he pay?

(Rephrasing (Question: What is the total amount that James paid when A
he purchased 5 packs of beef, each weighing 4 pounds, at a price of $5.50

\per pound? Answer: ......

(Self-Verification (Question: James buys x packs of beef that are 4 )
pounds each. The price of beef is $5.50 per pound. He paid 110. What is

\ the value of unknown variable x? ANSWer: ...... )

(FOBAR (Question: James buys x packs of beef that are 4 pounds each,
The price of beef is $5.50 per pound. How much did he pay? If we know
Answer: He bought 5*4=20 the answer to the above question is 110, what is the value of unknown

pounds of beef. So he paid 20 * 5.5 _\variable x? Answer: ..... )

=$110. The answer is: 110 | -~ -~ - - - - - o T T T
Answer Augment: James buys 5 packs of beef that are 4 pounds each,
so he buys a total of 5 * 4 = 20 pounds of beef. The price of beef is $5.50

\ per pound, so he pays 20 * $5.50 = $110. The answer is: 110 )

e — — w— w— w — w— w— — —,

S o e e e e e e e e — —

However, these data generation methods often fail to ensure data
diversity and accuracy



Il‘ Symbolic -> LLM

] Basic Ideas:

* Symbolic Generation, LLM Imitation: Utilize symbolic engines (e.g., logic solvers, search algorithms)
to generate reasoning paths, and fine-tune LLMs to imitate the capabilities of symbolic methods
* LLM Formalize, Symbolic Augment: Employ LLM to transform informal natural language data into a

formal symbolic language, and perform data augmentation within the formal space

Symbolic Generation, LLM Imitation LLM Formalize, Symbolic Augment
T T T T T T T  Y—/—/—/———— e e Vo Yo N
' ' Reasoning Path 1| ! ! Language __F_qr_rp_a_ll_z_e I
i symbolic --O-Li‘t-p-u_t_.> (:‘_‘_:'_‘_’_ﬁ'___:'_'_'_-___] E i @ i
i Engine | :::S:e':a:rs_:I‘Ezi_c:e:s'_::I i | @ ©|p :
i A ' Proof Process | | E E i
I I TooIzzzzzzoooizif ;

: | | Task Plans . E E [ Symbolic } i MUtatei
1 [ | s . S

i ! - /, E E Engine “« Y i
I <~ Fine I [ Inf | [
1 1 I nrormalize I
i Problem T i i New N 20 |
Coend @B | G- 8 |
\ U




Il‘ Symbolic Generation, LLM Imitation

Symbolic Generation, LLM Imitation

__________________

Symbolic Output |t------=--2-----
Engine !

__________________

¢ EEN EEN NN SEE SN SN SN SN SN SN SN S S S S S S S O,
---—---_-----_I



Symbolic Generation, LLM Imitation

SOS: Use search algorithms to generate solution paths for Countdown problems,

And then fine-tune the LLMs on this data so that it acquires backtracking ability

(a) Search problem (b) Streams of Search
Target: 50 Solution: . — N o oorations
. _ urren ate: 50:[39, 66, 33, 13], Operations:
Numbers: 39+13=52 Exploring Operation: 66-13=53, Resulting Numbers: [39, 33, 53!
39, 66, 33, 13 66/33=2 Generated Node #0,0: 50:[39, 33, 53] Operation: 66-13=53
52-2=50 Moving to Node #0,0

Current State: 50:[39, 33, 53], Operations: ['66-13=53']
Exploring Operation: 39+33=72, Resulting Numbers: [53, 72]
Generated Node #0,0,0: 50:[53, 72] Operation: 39+33=72

Moving to Node #0,0,0
_> Current State: 50:[53, 721, Operations: ['66-13=53', '39+33=72']
Exploring Operation: 72-53=19, Resulting Numbers: [19]
19,50 unequal: No Solution

3 Moving to Node #0,0
Dlverse Current State: 50:[39, 33, 53], Operations: ['66-13=53']

Search .I Exploring Operation: 53-33=20, Resulting Numbers: [39, 20]

1 Moving to Node #0,2
Strategles Current State: 50:[66, 33, 52], Operations: ['39+13=52']

Exploring Operation: 66/33=2, Resulting Numbers: [52, 2]
Generated Node #0,2,2: 50:[52, 2] Operation: 66/33=2
Moving to Node #0,2,2

Current State: 50:[52, 2], Operations: ['39+13=52", '66/33=2']
Exploring Operation: 52-2=50, Resulting Numbers: [50]
50,50 equal: Goal Reached

[1] Stream of Search (SoS): Learning to Search in Language. COLM 2024.



Symbolic Generation, LLM Imitation

S0,1

h(s g,0) x h(s 0,1)V

So,1,0'= Sq S0,1,1 == Sg

4 N

Stream of Search

S. =S Current State

So,0= SE(sy) —— State Expansion .

Movingtos, - Moving between states Optimal Path

Sc=So Implicitly evaluate Sc= So

s0,1=_SE(50) w/ heuristic and prune Sp1 = SE(sp) Onl

Moving to s, . Moving to s, nly

S, = Sg 1 Implicit strategy s —s ' correct
' i ~ 20,1

So.1.0= SE(So) for exploring SC =’SE(s ) steps

Moving to s, ;- Backtracking 501 1== 84

S¢ = So 1 Goal ReachedI

S0,1,1= SE(sp)

So0,1,1 == Sq Goal State

Goal ReachedI

[1] Stream of Search (SoS): Learning to Search in Language. COLM 2024.



Il Symbolic Generation, LLM Imitation

(a) Accuracy of Methods
- Seen Targets + New Inputs

So |
S0,0 So,1 New Targets + New Inputs
h(S 0’0) x h(s 0’1)¢ 0.5 |
$010/=Sg  Sg1,1==5Sg '
Stream of Search |
S. =Sy Current State
So,0= SE(sy) —— State Expansion . 0.2
Moving to s, - Moving between states Optimal Path
Sc=So Implicitly evaluate Sc= So
50,1=_SE(50) w/ heuristic and prune So,1 = SE(sg)

0.6

o
N

Accuracy
(=}
w

Moving to s 4 o Moving to s Only Symbolic Optimal Str f

5. = So; Implicit strategy . 9 0.1 correct X\I/]:rag:a Path S::Irt:lho
= SE(s,) for exploring ¢ 20,1

S0,1,0 0 So 1 1= SE(s,) steps

So10!=sg —— Goal Check 011 0 included LLMs fine-tuned on

Moving to s, 7~ Backtracking S0,1,1 == Sq

5. = S Goal Reached' h d t

So,1.1= SE(sp) searcn process aata

S0,1,1== g Goal State

Goal Reached! outperform those trained on

[1] Stream of Search (SoS): Learning to Search in Language. COLM 2024. optimal path data



Il‘ Symbolic Generation, LLM Imitation

SearchFormer: Train transformer with A* generated traces for maze navigation tasks

Start
/ Wall
21 @
e
0 i—bﬂ
0 1\ 2
Goal
©-» Planstep

‘ Frontier state

Closed state

[1] Beyond Ax : Better Planning with Transformers via Search Dynamics Bootstrapping. COLM 2024.



Il‘ Symbolic Generation, LLM Imitation

SearchFormer: Train transformer with A* generated traces for maze navigation tasks

Start
/ Wall <prompt> <trace><plan>
bos bos
2 . start 0 2 create 0 2 cO c3
goal 1 0
1 * wall 1 2 : create 0 1 c1 c2
i wall 2 0
'. eos create @ 0 c2 c1
. create 1 1 c2 c1
: 1\ : create 1 0 c3 c0
Goal
Lan 0 2
Plan P
.—> an step gk -
O Frontier state plan 0 0
Closed state plan 10
eos

[1] Beyond Ax : Better Planning with Transformers via Search Dynamics Bootstrapping. COLM 2024.



Il‘ Symbolic Generation, LLM Imitation

Train a Transformer to predict the next token via teacher forcing

Model Solution-Only Model Search-Augmented Model

Decoder

I {

<prompt> <plan> <prompt> <trace><plan>

[1] Beyond Ax : Better Planning with Transformers via Search Dynamics Bootstrapping. COLM 2024.



Il‘ Symbolic Generation, LLM Imitation

Search-Augmented vs. Solution-Only Models

100 — — 30x30 Maze Navigation
T o
D
> ~ 80
O =
N v 60—
>
- U
§ IC_tS 40
S O 20—
SR Solution Only, 175M
0

I I I I
50k 100k 500k 1M

Number of Training Sequences

[1] Beyond Ax : Better Planning with Transformers via Search Dynamics Bootstrapping. COLM 2024.



Il‘ Symbolic Generation, LLM Imitation

Search-Augmented vs. Solution-Only Models

5 —100- 30x30 Maze Navigation
o
g i 80 — Search Augmented, 15M
O =
D v 60 Search Augmented, 46M
2%
8 Ic—ts 40 Search Augmented, 175M
S 0 20—
S Solution Only, 175M

0

] I ] I
50k 100k 500k 1M Search-augmented is much

Number of Training Sequences more parameter & data efficient!

[1] Beyond Ax : Better Planning with Transformers via Search Dynamics Bootstrapping. COLM 2024.



Il‘ LLM Formalize, Symbolic Augment

LLM Formalize, Symbolic Augment

-------------------------------------------

i’ Language \ _FO r_ alize S D C] D E
E Problem ) D DD C] E
i [ Symbolic } EMutatei
i Engine ™y i
ormalize 88 L) |
| Problem . |

___________________________________________



‘ LLM Formalize, Symbolic Augment

NSDG: Convert math problems into SMT-LIB language, perform data augmentation within the

formal space, and finally use an LLM to translate the formal language back into natural language

Math problem in natural language

. Q: Josh built his little brother a
rectangular sandbox. The perimeter of
the sandbox is 30 feet and the length is
' twice the width. What is the width of

' the sandbox?

_______________________________

Seed problem |

Formalize i

(declare-fun width () Int)

(declare-fun length () Int)

(declare-fun perimeter () Int)

(assert (= perimeter 30))

(assert (= length (* 2 width)))

(assert (= perimeter (* 2 (+ length width))))
(check-sat)

(get-value (width))

Formalized problem

Generated Q & A in natural language

Q: A rectangular garden has a length
that is 12 feet more than twice its width.
' If the perimeter of the garden is 30 feet,
what is the width of the garden in feet?

.

*
0...
Solve*-

*
.
-

Mautate

>

T Informalize

| (declare-fun width () Int)

' (declare-fun length () Int)

i (declare-fun perimeter () Int)

3 (assert (= perimeter 30))

(assert (= length (+ (* width 2) 12)))

| (assert (= perimeter (* 2 (+ length width))))

' (check-sat)
i(get-value (width))

Mutated formal problem

[1] Neuro-Symbolic Data Generation for Math Reasoning. NeurlPS 2024.

Mutate

Generated problems with
controlled difficulty levels.

Q: Arectangle has a
perimeter of 30 units. The
length of the rectangle is 14
units more than twice its
width. However, due to a
mistake in measurement, the
actual perimeter is 4 units
less than twice the sum of its
width and length. What is the
width of the rectangle?

Q: A rectangle has a width

' and a length. The perimeter
of the rectangle is 17 units.

' The length is calculated

- using the expression: first,
multiply the width by 8, then
' add 31, subtract 38, and
finally, multiply the result by
- 16. The perimeter is also

' given by another expression:
"add 76 to twice the sum of

' the width and length, then
subtract 63 and 30. What is

' the width of the rectangle?
Al

Validity of formal mutates guaranteed by solvers
Diversity of formal mutates achieved by projected MCMC




Il‘ Neuro-Symbolic Data Generation for math reasoning

Supervised fine-tuning of the base model on the constructed dataset

achieves consistent performance improvements

LLaMA-2 7B Base | LLaMA-2 13B Base Mistral 7B Base
Model #Dataset
GSM8K MATH | GSMS8K MATH | GSMS8K MATH
WizardMath >240K 54.9 10.7 63.9 14.0 83.2 33.0
MuggleMATH 157K 68.4 8.4 74.0 94 - -
MAmmoTHT 260K 50.5 10.4 56.3 12.9 61.9 17.5
MetaMath 395K 66.5 19.8 72.3 224 77.7 28.2
Ours 860K 79.0 304 84.1 33.7 86.8 37.3
A 1 10.6 110.6 1 10.1 T11.3 1 3.6 143

I Model performance is re-evaluated using Pass@1 of CoT prompt.

[1] Neuro-Symbolic Data Generation for Math Reasoning. NeurlPS 2024.



‘ LLM Formalize, Symbolic Augment

NeSyGeo: A DSL for plane geometry was defined, and data augmentation was performed based on

this DSL representation to generate a large number of high-quality geometric figures

Geo-DSL Ap

([ Entity |
i R_triangle(S,F,D)=(8.0, 4.5)
R_triangle(F,S,X)=( ,5.5)
In_circle(I, Triangle(F,S,X))
Relations A/ Foot(E,F ,Line(S,D))
/

Painter [

R_triangle(S F, R_triangle(s,F,D)=(8.0, 4.5) {
D)=(8.0, 4.5) R_triangle(F,S,X)=( ,5.5)

Geo-DSL Actions Pool

Shape-based Actions Line-based Actions Draw Points —> Draw Lines

In_circle R_triangle(F,S,X)=(,y)

(O, Triangle(S,F,D)) ) Annotations <« Draw Circles
Trapezoid(F,S,B,Q)=

Foot(E,Triangle(S,F,D)) (,¥2,0)

Point-based Actions Angle-based Actions
Circle(S)=(x) Angle_bisector
(M,Angle(F,S,X),x)

Mirror(P,E,Line(S,F))

Angle_bisector
Para(Line(D,M),Line(S, (M,Angle(F,S,X),
F),x) Line(E,X))

Reasoner & Verifier

/ Reverse Search \ / Forward validation \

@ ® @ O
@ & O
@ O
@O

@ Sample a Conclusion O =1

K@ Convert to Question /

Translator

Delete redundant information

Continue

Symbolic*Language

Sample related templates Natural Language
Question:What is the length of line EF?

Choices: A.3.9B5.2C17D.23.

Chain-of - Thoughts:

Step 1:Since F is 90 degrees, the length of the SD can be calculated
using the Pythagorean theorem:SD=y/SF2 + FD2 = /82 + 4.52 = \/84.25
Step 2:The area of triangle SFD is equal to = x SF x FD = 18.0

Step 3:Since the area of triangle SFD equals to 18, SD= V84.25 we can
calculate that the length of line SD equals to 2 * area of triangle SFD
divided the length of SD which finally get 3.9

Correct letter: A

[1] NeSyGeo: A Neuro-Symbolic Framework for Multimodal Geometric Reasoning Data Generation. Al4Math Workshop @ ICML 2025.



Il‘ LLM Formalize, Symbolic Augment

GeoQA MathVision MathVerse
Model Angle Area Length Angle Area Length  Plane Geometry
Qwen2.5-VL-3B 53.3 26.3 26.3 21.1 31.3 20.9 37.0 325
Reinforcement Qwen2.5-VL-3B+NeSyGeo 55.7 (+2.4) 26.3 (+0.0) 42.1(+15.8) 263 (+5.2) 32.6 (+1.3) 23.5(+2.6) 37.2(+0.2) 355 (+3.0)
. . InternVL2.5-4B 61.9 36.8 31.6 26.3 315 227 31.9 30.7
Fine-tuning InternVL2 S 4B+MAVIS 63,5 (+1.6) 31.6(-52) 263(-53) 31.6(+5.3) 37.1(+5.6) 209(-1.8) 353(+3.4) 33.7(+3.0)
InternVL2.5-4B+R-CoT 633 (+1.4) 31.6(-5.2) 31.6(+0.0) 21.1(-52) 312(-0.3) 183 (44) 343(+24)  28.7(-2.0)
InternVL2.5-4B+NeSyGeo 69.2 (+7.3) 42.1(+5.3) 36.8 (+5.2) 263 (+0.0) 39.9 (+8.4) 24.9 (+2.2) 36.1(+4.2)  36.7 (+6.0)
InternVL2.5-8B 66.2 36.8 36.8 21.1 36.9 23.1 34.8 36.6
GeoQA Vision Intensive
Model Angle Area Length  Plane Geometry
. Qwen2.5-VL-7B 69.4 43.0 27.5 46.2 44.1
Supervised Qwen2.5-VL-7B+NeSyGeo 71.8 (+2.4) 46.1 (+3.1) 23.1 (-4.4) 49.5 (+3.3)  46.7 (+2.6)
Fine-Tuning LLaVA-Next-7B 226 28.5 6.6 16.5 20.4
LLaVA-Next-7B+NeSyGeo 26.1 (+3.5) 30.6 (+2.1) 7.7 (+1.1) 19.2 (+2.7)  22.9 (+2.5)

[1] NeSyGeo: A Neuro-Symbolic Framework for Multimodal Geometric Reasoning Data Generation. Al4Math Workshop @ ICML 2025.



Il‘ Application: Chinese Legal Reasoning

LawGPT: Knowledge-Enhanced Legal Reasoning Data Augmentation

For legal reasoning, no suitable
symbolic language representation

 LLM generates text data

* Verifies the synthetic data via
abductive reasoning based on a
legal knowledge base

* Improve the quality of data
iteratively

Seed Problem

Predict the sentence based on the following facts, l

charges, and criminal law provisions...Facts: The
victim met the suspect, who had not yet appeared
in court...Crime: Robbery. Law: Article 263 of the
Criminal Law of the People's Republic of China.

\
Sync Generator

Problem: Predict the sentence based on the
following facts, charges, and criminal law
provisions...Facts: At 8:50 AM on September i<

Knowledge Agents Legal KB
/@“* s BN rom e 4-@
s 1

- 288 e

Law: Criminal Document: Robbery

g,g Useless @Q Useful
po—

The specific criminal facts are as follows:
(1) At 8:50 AM on September 11, 2019,
the defendant stole a mobile phone
(valued at approximately 800 RMB) and

ap o
Laws Docs

Rephrase

11, 2019, the defendant stole a mobile phone
(valued at approximately 800 RMB) ......

\)

Question

g, b approximately 100 RMB in cash from

] Wei‘s house... The verdict is as follows: 1.
S The defendant is guilty of theft and is
Xtrac

ﬂ Answer: 26 months <—
Reasoning 1 1 ﬂ

..........................

Reasop_ipg 2 Q&

............................

Generate
Reasoning

[1] LawGPT: A Chinese Legal Knowledge-Enhanced Large Language Model. ICLR 2025 Workshop @ SCI-FM.

Verified Reasoning

A hear sentenced to two years and two months
in prison and a fine of 6,000 RMB.

—

Novel Problems
w/ Verified Reasoning

Augmentation

Verified Reasoning 1

Verified Reasoning M



Il‘ Application: Chinese Legal Reasoning

Compared to general and legal-specific LLMs,

Scalability of the data generation:
performance is improved across multiple

legal reasoning tasks More data, higher performance
Models #Parameters ‘ Task #1 Task #2 Task #3 Task #4 Average Models #Parameters | Task #1 Task #2 Task #3 Task #4 Average
General LLMs Qwen-2.5 05B | 279 812 801 450 58.6
LAWGPT 0.5B 331 86.8 86.6 62.0 67.1
Deepseek V3 671B 38.1 87.5 86.8 84.4 74.2 A Performance 152 15.6 165 1140 195
GPT4 - 27.5 82.6 81.9 77.6 67.4
GPT-3.5 Turbo ) 313 787 76.8 61.2 62.0 Qwen-2.5 1.5B 29.9 82.4 82.3 49.0 60.9
. : . . . : LAWGPT 1.5B 35.7 87.4 87.3 68.0 69.6
Legal-Specific LLMs A Performance 1538 15.0 +50 119.0 18.7
Lexilaw 7B 35.8 78.1 74.9 35.8 56.1 Qwen-2.5 3.0B 28.7 81.7 79.9 56.0 61.6
HanFei 7B 33.6 73.1 69.6 304 53.9 LAWGPT 3.0B 37.7 88.2 88.0 73.2 71.8
FuziMingcha 7B | 222 772 75.5 47.2 55.5 A Performance 79.0 16.5 81 1172 1102
WisdomlInterrogatory 7B 32.0 80.4 81.1 17.4 52.7
LaywerLLaMA 13B 259 74.2 75.5 39.2 53.7 Task #1 Task #2 Task #3 Task #4
ChatLaw 13B | 31.6 76.2 73.6 41.4 55.7 387 892 89.0 2
ChatLaw 33B | 26.0 67.0 53.6 41.6 47.1 3274 88.2 88.0 722
£ 36.1 87.2 87.1 70.3
LAWGPT 0.5B 33.1 86.8 86.6 62.0 67.1 £ 3438 86.2 86.1 68.3
LAWGPT 1.5B 35.7 87.4 87.3 68.0 69.6 T 335 85.2 85.1 66.4
=™
LAWGPT 3B 31.7 88.2 88.0 73.2 71.8 322016k 9K S0k TPSK 16K 33K sok lsk 16k 33Kk sok OMYSK 16K 33K sk

[1] Zhi Zhou, Jiang-Xin Shi, Peng-Xiao Song, Xiao-Wen Yang, Yi-Xuan Jin, Lan-Zhe Guo, Yu-Feng Li. LawGPT: A Chinese Legal Knowledge-Enhanced Large Language
Model. ICLR 2025 Workshop @ SCI-FM.



Il‘ Summary & Open Problems

[0 Key Idea:

* Generate reasoning path with symbolic methods directly

 Augment data in the symbolic language represented space

[0 Open Problems:

* How to evaluate the quality of reasoning data?
* How to select the optimal subset of the training data?

* Can symbolic methods help data evaluation and selection?



Il‘ Option Two: Neuro-Symbolic Methods

LLM -> Symbolic

I
I
I
Large Language I Large Language : Large Language
Models I Models : Models
: !
I I -
Provided . I .
|
ﬁ Data : ﬂ Call , Hybrid
| :
Symbolic | Symbolic I Symbolic
Approaches : Approaches ] Approaches
I



Bl LLM -> symbolic

] Basic Ideas:

* Solver/Program Aided Methods: LLM converts Natural Language into Formal Language, then call a
symbolic solver

* Tool Integrated Methods: LLM decompose original problem into multiple steps, where intermediate
steps can call external tools for solving, such as symbolic solvers, calculators, APls, etc.

e Search Augmented Methods: LLM'’s decoding process is a search problem and can be optimized via

different search strategies, e.g., MCTS, A*, etc.

Solver/Program Aided Methods Tool Integrated Methods Search Augmented Methods

(T T N T T T T L sy T T T T T e T T T T A e \

1 ( A ! Answer 1
i — ? ! i o ? SUbgOa'l i i Problem --> q @@ID 2 Error i
l--*d ©Op -~ : 5"*0 © ©|p--»|_subgoal-2 i} } !
! |l S — i
! i ! Szoooozzzzzzf oo i
1 Symbolic 1 b Subgoal-n |1 ! !
! Representation ; I PN Attt — i ! I
: o) | = N o !
! e olver P |0 ) .= P i
= (o) | e 8| 5 B | ;
e oo J O ot o M U /



Il‘ Solver/Program Aided Methods

Solver/Program Aided Methods

————————————————————————————————————————————

Symbolic |
Representation '

v
_______________ Solver/
[ Answer ]‘. [Executor]

————————————————————————————————————————————




Il‘ Symbolic Solver Aided Methods

Convert natural Language into formal Language, then call a symbolic reasoner,

Metals conduct electricity.

Insulators do not conduct electricity.
If something is made of iron, then it is metal.

Nails are made of iron.

Is the following statement true, false, or
unknown? Nails cannot conduct electricity.

such as First-order Logic Prover, SMT solver, Constraint Optimizer, etc.

No giant language model could have bad performance.

If a language model has good performance, it is used by some researchers.
A work used by some researchers should be popular.

If BERT is a giant language model, then the same for GPT3.

BERT is a giant language model.

In an antique car show, there are three vehicles: a tractor,
a convertible, and a minivan. The tractor is the second-
newest. The minivan is newer than the convertible.

Which of the following is true?
A) The tractor is the oldest.
Is the following statement true, false, or unknown? GPT3 is popular. B) The convertible is the oldest.

l C) The minivan is the oldest.

X Problem Formulator

/
b

Rules:
Facts:
« MadeOfIron(Nails, True)

Query:
* ConductElectricity(Nail, False)

+ Metal(x, True) —» ConductElectricity(x, True)
* MadeOfIron(x, True) — Metal(x, True)

* ConductElectricity(Insulator, False)

Facts:

Domain: Variables:
* —(3x(LanguageModel(x) A Giant(x) A =GoodPerformance(x))) 1: oldest tractor € [1, 2, 3]
* Vx(LanguageModel(x) A GoodPerformance(x) — UsedbySomeReseachers(x)) 3: newest minivan € [1, 2, 3]

+ Vx (UsedbySomeResearchers(x) - Popular(x))

» LanguageModel(bert) A Giant(bert) - LanguageModel(gpt3) A Giant(gpt3)
+ Language(bert)

« Giant(bert)

Query: Polular(gpt3)

convertible € [1, 2, 3]

minivan > convertible
AlIDifferentConstraint(tractor, minivan, convertible)

a-+b Symbolic
¢ »@ Reasoner

e s e e s s s e e e e e e e e

Answer

‘ Logic Programming

N

ConductElectricity(Nail, True) Entailment

\
|
{convertible: 1, tractor: 2, minivan: 3} :
|

The statement “Nails cannot
conduct electricity” is false.

The statement “GPT3

. i A) The convertible is the oldest.
is popular” is true.

)

=

Self-
Refine

3 Problem

@ Goal
I

AN

[1] LOGIC-LM: Empowering Large Language Models with Symbolic Solvers for Faithful Logical Reasoning. EMNLP 2023.

v

Problem
Formulator

v

Symbolic
Reasoner

v

Result
Interpreter

Symbolic
Formulation

Symbolic
Result

_— Answer



‘ Symbolic Solver Aided Methods

For planning tasks, first generate the PDDL descriptions, then use a PDDL Planner

(e.g., FastDownward) to produce the plan

(" N Tidy-Up Problem PDDL Generated by LLM+P

Context Ex. P & Ex. PDDL Domain PDDL

Problem (P): You are a home robot with one
+ gripper. The distance between coffee table and side
table is 10. The distance between coffee table and

C pantry is 20... You are at the coffee table. There is
@ a mustard bottle... Your goal is to move objects to
Problem (P) —» I D —> Plan their destinations...

LLM

Problem PDDL generated by LLM+P:

Iﬂanner LLM (:objects coffee-table side-table

+ recycle-bin pantry - location
mustard-bottle soup-can - object)
(:init (= (total-cost) 0) (=
J (distance coffee-table side-table)
10) (= (distance coffee-table
pantry) 20) wue (rFobot—at
coffee-table) (at mustard-bottle
coffee-table) (at soup-can
side-table) (hand-empty) )
(:goal (and (at mustard-bottle
pantry) (at soup-can recycle-bin)))
(:metric minimize (total-cost)) )

Problem PDDL —— PDDL Plan ——

(a) grasp bottle (b) free gripper (c) grasp soup can (d) place soup can (e) re-grasp bottle (f) place bottle

[1] LLM+P: Empowering Large Language Models with Optimal Planning Proficiency. Arxiv 2023.



Symbolic Solver Aided Methods

SRRz HEBERERTF

« FPLEK L%

AR
FATRRIEIR, A REAEITED
o AN E +HEFRLKAES

Board state & history Planning
é :
2 Joint action
R Policies o~ o Simulator
& £ A (all players)
- R '-.-':-;-' \
S SR v State value R )Future state
\_ -- R )
N Dialogue-free vaIue model (from RL)
Anchor policies
(all players)
Strategic reasoning
________________ @, Dialogue-conditional
Dialogue action model

Output action

Intents

AUSTRIA:VIE+ BOH, ...
LY:TYR S VIE® BOH, ...

AUSTRIA: Hi Italy! Care to work
together on this one? If you
support me into BOH | think we'd
both be able to grow quickly.

Message candidates

ITALY: Could you support me
into BUL in return? Dialogue Filters

. model (nonsense.
AUSTRIA: ... grounding, value)

Message generation

-

Dialogue history

AUSTRIA:Hi Italy! Care to work
together on this one? If you
support me into BOH | think we'd
both be able to grow quickly.

ITALY: Could you support me
into BUL in return?

AUSTRIA: Sure thing! | have
ordered SER to support GRE

to BUL.

Output message

Human-level play in the game of Diplomacy by combining language models with strategic reasoning. Science 2022.



https://noambrown.github.io/papers/22-Science-Diplomacy-TR.pdf
https://noambrown.github.io/papers/22-Science-Diplomacy-TR.pdf
https://noambrown.github.io/papers/22-Science-Diplomacy-TR.pdf

Il‘ Program Aided Methods

Convert the reasoning process expressed in natural language into a programming language

(e.g., Python, SQL, etc.), and then execute the program interpreter

Question: In Fibonacci sequence, it follows the rule that each number is equal to the sum of the preceding two numbers.
Assuming the first two numbers are 0 and 1, what is the 50th number in Fibonacci sequence?

The first number is 0, the second number is 1, therefore, the
third number is 0+1=1. The fourth number is 1+1=2. The fifth
number is 1+2=3. The sixth number is 2+3=5. The seventh
number is 3+5=8. The eighth number is 5+8=13.

..... (Skip 1000 tokens)

The 50th number is 32,432,268,459.

CoT

| llength_of_fibonacci_sequence = 50
| [fibonacci_sequence = np.zeros(length_of_)
| [fibonacci_sequence[0] = 0
| [fibonacci_sequence[1] = 1
| |[For i in range(3, length_of_fibonacci_sequence):
| fibonacci_sequenceli] = fibonacci_sequenceli-1] +
|| fibonacci_sequenceli-2]
| lans = fibonacci_sequence[-1] PoT

vl
X

32,432,268,459

# python J} V

12,586,269,025

Question: Ketty saves 20000 dollars to the bank. After three years, the sum with compound interest rate is 1000 dollars more
than the sum with simple interest rate. What is the interest rate of the bank?

Assuming the interest rate is x. The sum after two years with
simple interest rate is 20000 + x * 20000 * 3 = 20000 +
60000x. The sum after two years with compoud interest rate
is 20000 * (1 + x) A 3 = 200000 + 60000 * x + 60000x"2 +
20000xA3. The difference can be written as 60000x/2 +
20000xA3 = 1000. In order to solve x, we can use the
quadratic formula. x = (-b +- sqrt(b”2 - 4ac)) / 2a, .... , x =
(-20000 +- 6160) / 120000, x = -0.051333. CoT

| interest_rate = Symbol(‘x’)

| [sum_in_two_years_with_simple_interest= 20000 +

| linterest_rate * 20000 * 3

j lsum_in_two_years_with_compound_interest = 20000 * (1 +

| |interest_rate)**3

| |# Since compound interest is 1000 more than simple interest.
| lans = solve(sum_after_in_yeras_with_compound_interest -

| [sum_after_two_years_in_compound_interest - 1000,

| interest_rate) PoT

Few-Shot

Exemplars

e e

Questior  Question Question ) z
Questior] ion: |
Thoughts Thoughts Thou ohty Thought %u:jén;r; ;

Train 1 departs at 6 AM from city A and arrive in city B in 11
AM. Train 2 departs at 7:30AM from city B and arrive in City A
at 11 AM. If both trains depart from their station
simultaneously, when will they meet?

B

@) Prompt
2

trainl_travel_time=11-6
# 7:30 AM refers to 7.5
train?_travel_time=11-7.5
distance_of_city_a_and_b = Symbol(“D”, positive=True)
trainl_speed = distance_of_city / trainl_travel_time

train?_speed = distance_of_city/ train2_travel_time
ans = distance_of_city / (trainl_speed + train?2_speed)

3
\ 4 x

-0.051333

# python i@u J\l/

SymPy Y
x =0.24814

[1] PAL: Program-aided Language Models. ICML 2023.
[2] Program of Thoughts Prompting: Disentangling Computation from Reasoning for Numerical Reasoning Tasks. TMLR 2023.

Zero-Shot

# Question: Toulouse has twice as many sheep as Charleston.
Charleston has 4 times as many sheep as Seattle. How many
sheep do Toulouse, Charleston, and Seattle have together if
Seattle has 20 sheep?
# Answer this question by implementing a solver() function.
def solver():

# Let's write a Python program step by step, and then return
the answer

# Firstly, we need define the following variable:

R
@ Prompt

LLM

Seattle =20

Charleston = Seattle * 4

Toulouse = Charleston * 2

# Then, we need to calculate the sum of the three
sum = Seattle + Charleston + Toulouse

# Finally, we need to return the answer

return sum




Il‘ Tool Integrated Methods

Tool Integrated Methods
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Il‘ Tool Integrated Methods

LLMs decompose the reasoning task and invoke tools/APIs/models to accomplish subgoals

Visual Programming COmpositional Visual Question Answering Natural Language Image Editlng

IMAGE: Prediction: IMAGE1L

visual IMAGE: Question: Are there both ties and glasses in the picture?

Prediction Rationale Program:

BOX@=Loc (image=IMAGE, object=‘ties’)

ANSWER@=Count (box=B0X@)

BOX1=Loc(image=IMAGE, object=‘glasses’)

ANSWER1=Count (box=B0X1)

ANSWER2=Eval(“‘yes’ if {ANSWER@} > @ and {ANSWER1} > @ else ‘no’”)
RESULT=ANSWER2

Prediction: no Instruction: Hide Daniel Craig with 8) and Sean Connery with ;)

Program:

OBJ@=FaceDet (image=IMAGE)

OBJ1=Select(image=IMAGE, object=0BJ@, query=‘Daniel Craig’, category=None)
IMAGE@=Emoji(image=IMAGE, object=0BJ1, emoji=‘smiling_face_with_sunglasses”’)
OBJ2=Select(image=IMAGE, object=0BJ@, query=‘Sean Connery’, category: None)
IMAGE1=Emoji(image=IMAGE®, object=0BJ2, emoji=‘winking_face’)

RESULT=IMAGE1

Program
Interpreter

Natural Language Visual Reasoning

LEFT:

IMAGE: Prediction: IMAGE®

Program
Generator

Statement: The left and right image contains a total of six people and two boats.

Program:
Ié$Z§> ANSWER@=Vqga(image=LEFT, question=‘How many people are in the image?’)
ANSWER1=Vga(image=RIGHT, question=‘How many people are in the image?’)
Natural Language ANSWER2=Vga(image=LEFT, question=‘How many boats are in the image?’) Instruction: Replace desert with lush green grass

Instruction Program:

0BJ@=Seg(image=IMAGE)
OBJ1=Select(image=IMAGE, object=0BJ@, query=‘desert’, category=None)

IMAGE@=Replace(image=IMAGE, object=0BJ1, prompt=‘lush green grass’)
\Pr‘ediction: False RESULT=IMAGE®

ANSWER3=Vga(image=RIGHT, question=‘How many boats are in the image?’)
In-context ANSWER4=Eval( ‘{ANSWER®} + {ANSWER1} == 6 and {ANSWER2} + {ANSWER3} == 2’)
instruction-program RESULT=ANSWER4

pairs

[1] Visual Programming: Compositional visual reasoning without training. CVPR 2023 (Best Paper).



Il‘ Tool Integrated Methods

LLMs decompose the reasoning task and invoke tools/APIs/models to accomplish subgoals

Problem: Suppose that the sum of the squares of two complex

numbers x and y is 7 and the sum of their cubes is 10. List all
possible values for x + y, separated by commas.

We are given that x2 + import math
y?=7and x3+ y3 = _
10. We canfactor x3 + || defsolution():

y3 toget (x + y) (x% — x = symbols('x’), y =symbols('y")
xy + y2). x*2+y*2=7

x**3+y**3=10

Thus, we can write

10 = (x +y) (7). It x = (-1 + math.sqrt(17))/ 2
follows that x + y must y = (-1- math.sqrt(17))/ 2
divide 10.

# Get all possible values for x+y

The only possibilities result =[x +y, -x -]
are that x + y is @ >>> SyntaxError: cannot assign to
1,2,50r 10. X \ expression. X)
Q. Q.
/ v.D . /o \
Q\gb Rationale Q\gfg »| Program

(a) Rationale-based (b) Program-based

Let’s use "Sympy " to calculate and print all
possible values for x + y,

def possible_values():
X,y =symbols('x y’)
eql =Eq(x**2 +y**2,7)
eq2 =Eq(x**3 +y**3, 10)
solutions =solve((eq1,eq2), (x, y))
sums = [simplify(sol[0] + sol[1]) for sol in
solutions]
return sums
print(possible_values())

@ >>>[-5-51,1,4,4]

Removing duplicates, the possible values for

x + y are \boxed{-5, 1, 4}.

R

from sympy import symbols, Eq, solve, simplify‘

]

04

p)

Rationale (C) Tool-i nteg rated

v

N\

[1] ToRA: A Tool-Integrated Reasoning Agent for Mathematical Problem Solving. ICLR 2024.

. Reasoning
- dﬁ (Format used by ToRA)



Il‘ Search Augmented Methods

Search Augmented Methods
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Il‘ Search Augmented Methods

Since LLMs rely on next-token prediction, search algorithms can be applied

over candidate tokens to optimize the reasoning path

Majority Vote . TreeSearch | Beam Search Lookahead Search

______________________________________________________________________________________________________________________________________________________________



Il‘ Application: China Travel Planning

Given user requirements, including travel preferences, budget, and other constraints,
generate a reasonable travel plan.

Itinerary Plan

I am in Shanghai now and \ Planning
would like to go to Beijing for
2 days, visit some museums,
and taste some Beijing cuisine.
My budget is 5,000 yuan and
I hope to visit as many

- attractions as possible. Please

Ser give me a travel plan. /

Agent

6N 6 -

GPT DeepSeek GLM

Tool Use g S Information

FlightSearch() g TrainSearch()

é AttractionSearch() U RestaurantSearch()
g

HOTEL

AccommodationSearch() 1 RouteSearch()

[1] visit some museums...

There are some museums in Beijing:
- The Palace Museum
- National Museum of China
- Beijing Capital Museum

[2] taste some Beijing cuisine...
There are some restaurants:
- Dadong Duck
- Siji Minfu
- Xiaodiao Litang

[3] budget is S000 yuan...
The cross-city transportation costs

about 1,500, and the accommodation

costs about 500, leaving me with a

budget of about 3,000.

- The budget is sufficient to try
different foods

[4] visit as many attractions as possible

- select adjacent attractions
- choose convenient transportation

[Day 1, Activity 1]

Train, G104, 06:27 — 13:12, cost: 693
Shanghai Honggiao Railway Station
— Beijingnan Railway Station

[Day 1, Activity 2] &

The Palace Museum,_'i4:00 - 17:30
Transports: Metro, Beijingnan Railway
Station— The Palace Museum, cost 3,
13:15 - 13:50, walking: 1.5km
[Day 1, Activity 3]

Siji Minfu, 17:45 — 18:45, cost 180,
Transports: Walking, The Palace
Museum — Siji Minfu, cost 0,

17:30 > 17:45, walking: 0.8km @&
[Day 1, Activity 4] =

Wangfujing Street, 17:45 — 18:45,
Transports: Taxi, The Palace Museum
— Wangfujing Street, cost 16, &
17:30 = 17:45,

[Day 1, Activity 6] o
Beijing XX hotel, room: 1, cost: 580
Transports: ...

[Day 2, Activity 1]

Chenji century-old Luzhu, 08:10 —
08:40, cost: 32

Transports: Walking, Beijing XX hotel
— Chenji century-old Luzhu, 0.4km ﬁ
08:00 — 08:06 N

[Day 2, Activity 2] =

National Museum of China, 09:15
11:45, cost: 0

Transports: Metro, Chenji century-old
Luzhu — National Museum of China,
cost 3, 08:40 — 09:15, walking: 1.2km

[Day 2, Activity 4] é
Beijing Capital Museum

[Day 2, Activity 5] |

Train, G153, 16:30 = 22:27, cost: 576
Beijingnan Railway Station—Shanghai
Hongqgiao Railway Station

Transports: Metro, Beijing Capital
Museum — Beijingnan Railway Station,
cost: 4, 15:30 = 16:02, walking: 0.8km

[1] ChinaTravel: A Real-World Benchmark for Language Agents in Chinese Travel Planning. https://arxiv.org/pdf/2412.13682
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Il‘ Application: China Travel Planning

Environment constraints: transportation; attraction

opening hours and ticket prices; restaurant hours,

prices and categories; hotel information; temporal and

spatial constraints, etc.

Evaluation Metrics

Environment Constraints

Cross-city Transportation
Inner-city Transportation

Attractions

Restaurants

Accommodation

Time
Space

Available Trains or Airplanes across cities.

Correct information of cost and schedule.

Available Metro, Taxi or Walking between different positions.
Correct information of cost, distance and duration

Available Attractions in the target city, visiting in their open time.
Attraction choices should not be repeated throughout the trip.
Correct information of cost.

Available Restruants in the target city, visiting in their open time.
Restaurant choices should not be repeated throughout the trip.

Breakfast, lunch, and dinner are served at their designated meal times.

Correct information of cost.

Available Accommodation in the target city.

Room information to meet headcounts.

The given activity events occur in chronological order.

Events at different positions should provide transport information.

Name Syntax Description

variables X, Yy 2,0 Variables that refer to activities in the travel planning domain.

not not expr The negation of an Boolean-valued expression.

and,or expry and expr; The conjunction/disjunction of an Boolean-valued expression.

<, >, == expry < expry Return an expression with built-in number comparison functions.

+,—, %, [ expry + expry Return an expression with built-in number calculation functions.

attributes cost(var) A function that takes activities as inputs and returns the attributes,
such as cost, type or time.

relation dist(expry, expry) A function that takes locations as inputs and returns the distance.

effect var = expr An assignment affects a variable var with the expression expr.

union, inter,  uni({var},{var},) Return a set with the built-in union/intersection/difference operations

diff of given two sets.

enumerate forvar in {var} Enumerate all variables in the collection {var}.

when if expr : effect The conditional effect takes a Boolean-valued condition of the ex-

pression expr, and the effect effect.

Domain-Specific Language (DSL) for logical constraints

# Arriving in Shanghail should be before
6 PM on the second day.
=0

act_1i1 in day_activities(plan, 2):
typ = activity_type(act_1i)
dest = transport_destination(act_1i)

# Dining expenses <= 1000 CNY.
dining_cost = 0
for act_i1 in allactivities(plan):

typ = activity_type(act_1i)

LT typ=="breakfast" or typ=="lunch"
or typ=="dinner": dining_cost =
dining_cost + activity_cost(act_1i)

eturn dining_cost <= 1000

and des=="Shanghai": return_time ==
activity_endtime(act_1)
return return_time < "18:00"

(a) Dining expenses. (b) Arrived Time.

Examples of DSL expressions for logical constraints

[1] ChinaTravel: A Real-World Benchmark for Language Agents in Chinese Travel Planning. https://arxiv.org/pdf/2412.13682
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Il‘ Application: China Travel Planning

Neuro-Symbolic Methods: LLM +Search; LLM + Constraint Optimizer

LLM understands the query, and then models
travel planning as a next-POI prediction problem

and solves it using search algorithms

I am in Shanghai now and
would like to go to Beijing for

Current Plan

2 days, visit some museums,
and taste some Beijing cuisine.
My budget is 5,000 yuan and
I hope to visit as many

@\ attractions as possible.

User \ Please give me a travel plan

LLM
Extrac tionl TValldated Plan

Personal Requirements

x.type = museums,
3 x € Attraction_visited
x. cuisine = Beijing Cuisine,
3 x € Restraunts_visited
total_budget < 5000
maximize |Attraction_visited|

Plan Verification Completed
Failed Plan

[Day 1, Activity 1] |

Train, G104, 06:27 — 13:12, cost: 693
Shanghai Honggiao Railway Station
— Beijingnan Railwax Station

[Day 1, Activity 2] ==

The Palace Museum,‘l_ 4:00 - 17:30

[Day 1, Activity 3]

Planning step by step:

Current time: 17:30
Current position: The Palace Museum

1. What type of place should we visit next,

attractions, restaurants or hotels?

LLM-based It is 17:30 now. We
choice A, €an find a restaurant
K*7" to have dinner.

l U RestaurantSearch()
2. Which POI should we visit next?

(1) Siji Minfu, Beijing Cuisine
(2) Beijing Pie, Beijing Cuisine
(x) Xinrongji, Jiangzhe Cuisine

LLM base d Siji Minfu is a well-
known restaurant with
<

Y’ delicious Peking duck

v,

LLM understands the query, and then model

travel planning as a mixed-integer optimization

problem and solve it using an MILP solver

“You can take flight A134
departing at 6:05pm, ..

User

Flight/hotel
information

“I want to go to SFO for 3
days. I have a budget of
$1000...”

e

room

}

”from”: ”Seattle”,
”to”: “San Francisco”,
“budget”: “1000”,
”constraints”: [
“lodging”: [“entire
", " pet friendly”]

],
“candidate_flights”: [...],
“candidate_hotels”: [...]

Symbolic description of

the user request

Agent

>

{
”itinerary”: [

“flight number”:
“Al134”,

“depart”: “6:05pm”,

“duration”: ”1:50”,

1y
{ “hotel”: “Marriott” }

]
}

Symbolic description of

the optimal itinerary




Il‘ Application: China Travel Planning

Pure LLM methods

EPR LPR

DR

Mic. Mac. Mic. Mac.

C-LPR FPR| DR

EPR LPR
Mic. Mac. Mic. Mac.

C-LPR FPR

Neuro-Symbolic Methods

TTG (oracle) N4

]18.3 21.5 8.66 17.2 15.0

8.23

8.66(9.09 12.8 2.59 7.65 5.19

250

1129

Easy (#300)

Human-Val (#154)

Act

70.4 49.9
97.570.8

64.6 30.8
86.8 68.8

ReAct (zero-shot)

ReAct (one-shot)

o | o O

43.340.8 41.9 19.6
954482 0 713 329
77.5 68.3 6.25 74.1 52.5
94268.1 0 894 70.8

7

ouyWuoCo|lo o

2

opOOC|o o

36.429.5 0.65 35.2 16.2
96.150.5 0 724 325
55.257.3 2.60 64.6 44.2
69.5463 0 63.6 46.8

0.38

1,71

2.60

& 148.3 94.5 4.33 58.4 43.6

LLM-Modulo*
®

(Oracle Verifier) =
%

i

91.6 88.2 7.66 95.5 84.6
30.0 80.5 0.0 62.7 25.0
28.6 69.4 0.0 55.2 8.33
10.390.5 0.0 39.1 9.0

4.11
7.66
0.0
0.0
0.0

4.33
7.00
0.0
0.0
0.0

6106 00282 50875108 D
91.5 87.2 3.24 92.9 66.2
35.075.3 0.0 61.6 194
19.474.1 0.0 434 5.19
3.2492.2 0.0 314 4.54

295
2.87
0.0
0.0
0.0

259
3.24
0.0
0.0
0.0

NeSy Planning

75.375.3 75.3 70.4 52.6
75.0 73.6 64.0 73.5 63.3
72.3 67.0 34.0 70.4 49.6
32.0.31.9 31.3 1291 21.0
30.3 30.3 30.3 27.6 19.6

70.4
61.7
32.6
28.3
27.6

52.6
60.6
28.3
21.0
19.6

51.953.2 52.5 47.0 37.6
45.450.1 454 40.9 29.8
42.847.4 422 36.2 27.2
25.925.8 24.0 22.3 12.3
37.638.2 37.6 32.7 18.8

46.5
38.5
344
20.5
32.2

37.0
279
253
11.0
18.8

& 182.6 81.7 75.0 82.2 75.3

NeSy Planning* )
(Oracle Translation)
wp

66.6 66.7 66.0 64.6 63.6
69.3:69.3859.3870.27596
52.6 52.6 52.6 50.4 45.3
33.3 33:2132.6:32. 1 320

75.0
64.6
59.3
50.4
314

74.0
62.6
579
45.6
323

58.4 59.6 57.7 53.8 46.1
52.646.9 429 47.6 40.9
53.255.1 54.5 48.0 42.8
40.9 42.8 42.8 37.7 28.5
292 2931826 .65 2543201

52.0
43.9
47.6
L7/
234

454
40.9
40.9
2.9
19.4

] Human-Test (#1000)

|

NeSy Planning™* (Oracle Translation)

W4
NeSy Planning &)

%

44.6 44.5 42.6 38.7 23.3
37.337.2 35.0 30.7 11.3
36.6 36.5 34.6 29.6 6.43

37.6
29.2
28.5

233
11.3
6.43

60.6 60.3 59.0 53.6 32.0 52.5 31.6
27.827.8 27.1 24.8 12.8 244 128
41.141.1 40.6 34.6 13.8 342 138

Exploit search or optimization methods clearly improve the planning accuracy



Il‘ Summary & Open Problems

[0 Key Ideas:
* LLM converts natural language into symbolic Language

* Symbolic solvers solve the formal reasoning and planning

[0 Open Problems:

* Quality of Natural Language to Symbolic Language
* Open Environment with new symbolic concept

* Limited Generalization of Symbolic Solvers: how to automatically select or learn

the most suitable symbolic representation



Il‘ Neuro-Symbolic Methods
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Il‘ LLM + Symbolic

] Basic Ideas:

 Symbolic Formatted Reasoning: representing the reasoning process in symbolic language, instead
of the natural language

e Differentiable Symbolic Module: Design differentiable symbolic modules to enable joint
optimization with neural networks?

* Symbolic Feedback: Symbolic feedback provides more fine-grained losses or rewards, thereby

guiding the optimization process

Symbolic Formatted Reasoning Differentiable Symbolic Module Symbolic Feedback
I e b4 (T I G I e o e \
i s E i ? i i{ Problem > ? g
: 1 L N :
! Al --» @@ i P! i P Regularization/ [ | '
i L _ ) o Reward \ of i
i Problem ; ' Differentiable 1! ‘ '
1 1 . 1 - I
i E i Answer |<-- S“ynr::::;c E i Symbolic E
e W G e i Modiiels )

————————————————————————————————————————————————————————————————————



Il‘ Symbolic Formatted Reasoning

Symbolic Formatted Reasoning

-----------------------------------------
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Il‘ Explicit Reasoning vs. Implicit Reasoning

— — — — — —

—— R LD e e - e e - - — — — — — —

2///2 ’ / 2 7 ’
Explicit Reasoning g meplicit Reasoning \
Question: Samantha had 5 'packs of markers. Each pack had 12 markers. I Question: Samantha had 5 packs of markers. Each pack had 12 markers. l
She gave 9 markers to her friend and lost 3. How many markers does She gave 9 markers to her friend and lost 3. How many markers does '
Samantha have now? l Samantha have now? I
" thinke | || l |
] Step 1: Samantha has 5 packs of 12 markers: 5 x 12 = 60 markers in total. i I Layer 1/ State 1 |
" Step 2: She gives 9 markers to her friend: 60 — 9 = 51. || [l Layer 2 / State 2 |
| Step 3: She loses 3 markers: 51 — 3 = 48. I [l Layer 3/ State 3 |
i Step 4: She has 48 markets now. i I Layer 4 / State 4 I
| Athink> I l |
Il I
I The final answer is 48. |
I A |
I % & K 2% , |
I / QS l
{ 2~ I'4 kY \
Inefficient Constraint \ Efficient Diverse 1
A\ /,
R s 4

—_— e = = —T

Explicit reasoning express the reasoning process via natural language

Implicit reasoning handles the reasoning process internally across different layers or states



Il‘ Symbolic Formatted Reasoning

How about represent the reasoning process with symbolic language?



Il Symbolic Formatted Reasoning

A straightforward example: Chain-of-Symbol

| Shared Model Input |

There are a set of bricks. The yellow brick C is on top of the brick E . The yellow brick D is on top of the brick A . The yellow brick E
is on top of the brick D . The white brick A is on top of the brick B . For the brick B, the color is white. Now we have to get a
specific brick. The bricks must now be grabbed from top to bottom, and if the lower brick is to be grabbed, the upper brick must
be removed first. How to get brick D?

/—[ Chain-of-Thought Prompting ]—\ /—[ Chain-of-Symbol Prompting ]—\

The bricks from bottom to top is B, A, D, E, C
1. Remove brick A from the top of brick B. Ié;é/D/E/C
2. Remove brick E from the top of brick D. E/D
3. Now brick D is the topmost yellow brick and can be D
grabbed.
- | Model Output | x ., | Model Output | \
So we get the result as A, E, D. So we get the result as C, E, D. V
. J |\ J

[1] Chain-of-Symbol Prompting for Spatial Reasoning in Large Language Models. COLM 2024.



Il‘ Differentiable Symbolic Module

Differentiable Symbolic Module

----------------------------------

Differentiable
Module
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Il‘ Differential Symbolic Module

Disentangle perception and reasoning: use LLMs or MLLMs for perception and symbolic systems for

reasoning, and make logical reasoning differentiable by incorporating techniques such as fuzzy logic

Q: “Is there a man on the left of all objects in the scene?” A: “No”

Semantic Parser

c : ? . A
.:__; . /leferenhable FOL Reasoning T
.g 1 () a(man|x,)

S5 ommng 1 a(man|x,)

b X 1 = | a(man|x3)

o R 3

% 1 = | a(man|x,)

.(2 e 3> \é—) 0

>

v(manlxi)..'-" a(Left|x; y;) »*""a(Flyi) ... a(Flys)

A
L]

~
L

Visual Oracle

[1] Neuro-Symbolic Visual Reasoning: Disentangling “Visual” from “Reasoning”. ICML 2020.



Il‘ Differential Symbolic Module

An example of the language system: natural language -> DSL program -> DFOL <->FOL formula

Natural Language | “Is there a ball on the table?” I

___________________ l:__________________ Semantic
k parsing
fas 'dg‘s’f"de"t Select (Table) > Relate(on, Ball) > Exists(?)

l_ .................. { Compilation |

Task-independent
DFOL

-IEquivaIence I

First-order Logic

[1] Neuro-Symbolic Visual Reasoning: Disentangling “Visual” from “Reasoning”. ICML 2020.



‘ Differential Symbolic Module

Some Visual Reasoning Examples

select(umpire) > query_ottr(} tior select(napkin) > relote(to the left of,True,sondwich)

Predicted answer: left Predicted answer: yes

True answer: left True answer: yes

| Lo

= X ‘(.;S' EEPZong b \

MNATTRESS »
< = LENTERS

[1] Neuro-Symbolic Visual Reasoning: Disentangling “Visual” from “Reasoning”. ICML 2020.



Il‘ Differential Symbolic Module

Convert logical constraints into differentiable soft logic and
add them to the objective as a regularization term

Example Input Off-the-shelf Language Model for SQA Example output
[_|‘ C: There are three
. | boxes. White is
2\ | above orange, and Context + L Model n v
| i ite. |1 . anguage Mode nswer r--i----- es
] red is above white. Question guag
f [ Q:ls J
— ? /" \\Tuning
Creating example-specific rules (Q-Chain) Incorporating constraints in tuning
W @ AGemeasaRieleeen | —. ———
[ q1: White above orange ’ [ q2: Red above white ’ Vuwl(w) = VwiL(’U))i‘i‘ Z MeVoghg (w) =777
TN k=1 i
Task constraints == [ Differentiable soft logic }- - A
| (e.g. Cross-entropy loss) J'
l R1: Above(X, Y) — Below (Y, X) ] [ R2: Above(X, Y) — Below (Y, X) ] Obtaining consistency constraints -
Logical Constraint Differentiable soft logic
[ g3: Orange below white q4: White below red } i R1 [ Truth(q1) — Truth(q3) JE min(1, Truth(g3) / Truth(q1))
if I
[ R3: Below(X, Y) A Below(Y, Z) — Below (X, ) I | R2 [ Truth(q2) — Truth(q4) }EE Tt Gy ATRuth(dR))
AN "
Initial fact I i (1, Truth(t) /
nitial facts | H min ru
] | R3 [ Truth(q3) A Truth(q4) — Truth(t) ]:: L F
Itermediate facts { t: Orange below red ] : (Truth(q3) - Truth(g4)) )
Targetfact SN : _________________________________________ M

[1] Neuro-symbolic Training for Spatial Reasoning over Natural Language. Arxiv 2025.



Il‘ Symbolic Feedback
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Il‘ Symbolic Feedback

RLVR: For reinforcement Learning, introduce symbolic tools (e.g., theorem provers, logic

solvers, code compilers) instead of a reward model to provide verifiable rewards

Reinforcement Learning from Human Feedback (RLHF) Reinforcement Learning via Symbolic Feedback (RLSF)
PPO PPO
- Environment
Response——> . Response——>
5 Large Language ‘
Prompt —» = -arge Language Reward - Prompt — | O el Symbolic Symbollc
Model Feedback Model y Reasoning Tool
(LLM) S 5 (LLM) <«——feedback
(scalar) 7 7 g (vector)

[1] RLSF: Reinforcement Learning via Symbolic Feedback. Arxiv 2024.



Il‘ Symbolic Feedback

Example task: Natural Language Pseudo-code to C++ Code

e Task: Automated code synthesis from natural language descriptions

* Symbolic Feedback: g++ Compiler and Test Suite provide feedback

<BOS><cppL;>\n
éc.:l.prN>\n<EOS>
/Prompt: ) PPO —Response U Compiler
Output a C++ code for the % Iy 8 -
following pseudo-code in NL. 8 8 5
. 3 Large Language y % 2 ‘
###Pseudo-code in NL: Model [P, PrPs e PPy P
<pseudo-code> (LLM) <«
@##C++ code: <

/

Erroneous Test Suite (TS)
line set (E) &
pass rate (r)

.....

[1] RLSF: Reinforcement Learning via Symbolic Feedback. Arxiv 2024.




Il‘ Symbolic Feedback

Example task: Chemistry (Molecule Generation, Forward Synthesis and Retrosynthesis)

e Task: Molecular Generation (MG), Forward Synthesis (FS), and Retrosynthesis (RS)

* Symbolic Feedback: RDKit, a widely adopted cheminformatics toolkit

<SMILES>
C1MCCCC...(=0)C1=CN=C(N)S1
</SMILES>
PPO
/Prompt: A Response >
Conceptualize a ., Large Language
molecule that meets the Model S _
specified attributes... (LLM) < ymbolic ource Chemiformati
B 4 feedback s e
M,..1,0,..0,1, ..., 0]
len (feedback) == len(response tokens)

[1] RLSF: Reinforcement Learning via Symbolic Feedback. Arxiv 2024.



Il‘ Summary & Open Problems

[0 Key Ideas:
* Represent the reasoning process with symbolic representation
* Symbolic systems provides feedback for reinforcement learning

* Differentiable symbolic reasoning modules

[0 Open Problems:
* Differentiability of symbolic reasoning
* More efficient joint optimization techniques

* The interpretability of the reasoning process



H Summary

(Multi-Modal) Large
Language Models

(Multi-Modal) Large
Language Models

(Multi-Modal) Large
Language Models

Provided
Data

Call

Hybrid

Symbolic
Approaches

Symbolic
Approaches

Symbolic
Approaches

Thanks For Your Lisenting

Our Survey in UCAI 2025

Neuro-Symbolic Artificial Intelligence:
Towards Improving the Reasoning Abilities of Large Language Models

Xiao-Wen Yang'?*, Jie-Jing Shao'*, Lan-Zhe Guo'**, Bo-Wen Zhang'?,
Zhi Zhou'!, Lin-Han Jia', Wang-Zhou Dai'® and Yu-Feng Li?
!National Key Laboratory for Novel Software Technology, Nanjing University, China
2School of Artificial Intelligence, Nanjing University, China
3School of Intelligence Science and Technology, Nanjing University, China
{yangxw, shaojj, guolz, zhangbw, zhouz, jialh, daiwz, liyf} @lamda.nju.edu.cn

Abstract

Large Language Models (LLMs) have shown
promising results across various tasks, yet their
reasoning capabilities remain a fundamental chal-
lenge. Developing Al systems with strong rea-
soning capabilities is regarded as a crucial mile-
stone in the pursuit of Artificial General Intel-
ligence (AGI) and has garnered considerable at-
tention from both academia and industry. Var-
ious techniques have been explored to enhance
the reasoning capabilities of LLMs, with neuro-
symbolic approaches being a particularly promis-
ing way. This paper comprehensively reviews re-
cent in boli h
for enhancing LLM reasoning. We first present
a formalization of reasoning tasks and give a
brief introduction to the neuro-symbolic learning
paradigm. Then, we discuss neuro-symbolic meth-
ods for improving the reasoning capabilities of
LLMs from three perspectives: Symbolic—LLM,
LLM—Symbolic, and LLM+Symbolic. Finally, we
discuss several key challenges and promising fu-
ture directions. We have also released a GitHub
repository including papers and resources related
to this survey: https://github.com/LAMDASZ-
ML/A LLM i ith-NeSy.

reasoning steps in training data, and cannot really reason.
More efforts must be devoted to overcoming these bottle-
necks for developing strong reasoning models.

Building AI models with strong reasoning capabilities is
a crucial milestone toward achieving AGL To this end, nu-
merous researchers have focused on enhancing the reason-
ing abilities of LLMs. Existing studies can be categorized
into three categories based on the different stages of the rea-
soning model construction: Data Construction, including
how to icall / /select data
with reasoning paths; Fine-Tuning, including supervised fine-
tuning and rei fine-tuning on ing special-
ized datasets, and Inference, including inference techniques
ranging from CoT to test-time scaling. Various large reason-
ing models have also been released, including OpenAl O1,
Qwen-QwQ, DeepSeek-R1, etc.

Among these explorations, Neuro-Symbolic (NeSy) meth-
ods demonstrate superior performance. NeSy aims to inte-
grate the strengths of symbolic AI, which excels in complex
reasoning, with neural networks, which are adept at learning
from large datasets [De Raedt et al., 2020]. By integrating
these approaches, we can build Al systems that not only learn
from large datasets but also handle complex reasoning tasks
in a human-like manner. NeSy Al aligns with the Dual Pro-

GitHub

Repo

https://github.com/LAMDASZ-ML/

Awesome-Neuro-Symbolic-Learning-with-LLM
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