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Goal for today
Reasoning & IR;
Challenges, the methods landscape, and open research areas

Part I1: N Pagr t IXI Research Gaps
. . euro-Symbolic &
Introduction Genera’qve Stru(}jftured & Opportunities
Reasomng Reasoning .
Part I: Part IITI: Part V:
Reasoning in IR; Teaching Reasoning
Definition & Challenges Retrievers to Under
Reason Uncertainty

30 min break at 15:00 3



Introduction

—_—

Why is reasoning is Complex information The large landscape of
central to IR? needs methodologies



Why is reasoning central to information retrieval?

Increasingly complex Scattered & incomplete Limitations of existing

queries information solutions
. Embeddings limited in
COI‘I‘IpOSItIOI’IaI, Relevance often depends representing constraints &
multi—step, temporal, on several documents dependencies
Incomplete information LLMs can produce plausible
causal, ... ) . yet wrong traces and
at hand while answering
Issued by both references

humans and
search agents

user questions
Evidence might change
over time

Scaling reasoning-capable
solutions to millions of
documents is expensive and
inefficient



Complex Queries issued by user/agent

) 4 )
4 Round 1 4 Round 2 N Round 3 b Round 4
Query: Query: Query: Query:
“efficient transformers” + “for long documents” + “don't use sparse + “validated across
attention” multiple domains”
Many results hits: surveys, Better but results are
blOgS, many transformer dominated by Sparse-attention Worsel! Matching now A search agent Comp"es the
architectures. * models the user can't deploy. ‘ retrieves MORE ‘ whole session into one
sparse-attention papers. query...
Too broad — topic alone A hidden constraint surfaces
doesn't define the need. only AFTER seeing results. Out of the box retrievers match
semantic similarity, not
constraints
- J L AN AN J




Final issued query: @ L
N

Efficient transformers for long documents that
don’t use sparse attention, that are validated
across multiple domains




Efficient transformers
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Efficient transformers for long documents

- S~
rd ~
(3 ~
//n » ° ° . ~
V4 ¢ L] s L4 N e s N\
/7 . - T~ N
~/(. o.\\ ..o \
/'.. L ° N o \
AP : oot
'/ . . . \
/ . . \ \

, ..Io. ® o .. .* .‘
| .I % e .l .l
® oo ®
\ I L. . ® '.o ® . | . !
\ ° \ . ‘ ° : */ !
\ ° \ @ ) . ° ° !
* . ® ° \ ® o ¢ ¢ L /
vl \ . e o o/
\’ . N ...o . ® 7 . ./
\ * N 7 /
\ .\\~ ..’/‘ e /
N % - . i
N . ® e o7
N e .. o« o
<t e



Efficient transformers for long documents that don’t use sparse attention,

Complex query



Efficient transformers for long documents that don’t use sparse attention, that are
validated across multiple domains

Inference goes
beyond similarity
matching...

Paper A

- “3x speedup on NLP tusks”

(

Paper B

“works on vision too” v

(

Paper C
Pl “fuils on speech” X

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

~
e
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Complex query | Scattered & incomplete information | Limitations of existing solutions The evidence is not in A, but in B and C.



The methods landscape

LLMs | | Retrievers
| Neuro- |
o o I Symbolicand | e
| | RL-training for | | | .
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In this tutorial, we will cover...

A working definition of reasoning in the context of IR

An analytical framework built on three axes

1. Representational Capability: Can the representation encode the required information for reasoning,
i.e., uncertainty, causality, logical constraints?

2. Inference Faithfulness: Can we verify that the reasoning process is faithful?

3.  Computational Feasibility for IR: Is it feasible at retrieval scale?

Current methodologies

4. LLM-based: inference time reasoning, and RL-enhanced LRMs
5. Beyond LLMs: Neuro-symbolic, probabilistic/Bayesian frameworks, enhanced representation

Bridging & future directions

Comparative analysis of paradigms along the three axes, open challenges, and research opportunities

13



Key takeaways for the audience

— Familiarity with the key methods and their trade-offs
— A structured lens for reasoning for IR approaches
— Open research questions

All tutorial slides and reading list are/will be available at:
https://reasoning-for-ir.github.io/

Throughout the tutorial:

Ask questions anytime!
(+5 minutes Q&A in 1st and 2nd half)

14



I. Reasoning;:
Definition & challenges in IR



Roadmap for Part 2

2.1 The reasoning demands of IR

What complex tasks actually require * The multi-step argument « Open questions

2.2 What LLMs have been shown to do

Algorithmic approaches - Critical findings paired « BRIGHT as diagnostic * Additional resources

2.3 What reasoning actually is

Definitional problem ¢ Philosophical traditions « 12-type taxonomy

2.4 Implications, open problems, takeaways

Evaluation design * System design * The normative gap * Reasoning axes

16



1. The reasoning demands of IR



What IR tasks actually require

Navigational Comparative
synthesis

“Find this specific “‘How do methods A

paper” & B compare in

low-data regimes?”

Retrieval suffices Answer must be
constructed

Evidence quality  Gap identification

“What aspects of X

“What is the state of are understudied?”
evidence on X?”

Reason about
Evaluate, weight, absence, not
conflict-resolve retrievable

retrieval-sufficient <

» reasoning-constitutive 18



The structural argument for multi-step reasoning

The basic argument

Some information needs cannot be satisfied by any single document. When retrieval steps are
sequentially dependent, each conditioned on prior results, multi-step reasoning is the necessary
mechanism.

The relevance structure argument

Relevance for reasoning-intensive queries is not a two-place relation (document, query) but a relational
structure across a document set. A document can become relevant in context of established premises.
Standard retrieval, computing relevance document-by-document, structurally cannot handle this.

The knowledge network argument

Research knowledge is a network of inferential, evidential, and conceptual dependencies, not a flat
collection. Retrieval samples nodes near the query; reasoning traverses inferential edges. Multi-step
reasoning is the endpoint of a trajectory the field has followed since pseudo-relevance feedback.

19



The governing question

Multi-step reasoning is what complex IR requires

Do current LLM-based systems actually provide it? And how would we know?

Complication 1 Complication 2

Multi-step reasoning is not always warranted. For Whether LLMs actually perform multi-step
navigational and simple factoid queries, it adds reasoning, rather than simulating its surface form
cost and failure modes without benefit. Detecting through pattern completion, is empirically open.
when it is needed is itself a non-trivial reasoning BRIGHT and GSM-Symbolic give early evidence

problem. the gap is substantial.

20



2. What LLMs have been shown to do



Algorithmic approaches to LLM reasoning

Chain-of-thought wei et al., 2022
Addresses: Step-chaining in deductive & arithmetic tasks

Self-consistency Wang et al., 2023
Addresses: Sampling multiple path; majority-vote aggregation

Least-to-most/Tree of thoughts zhou et al., 2023; Yao et al., 2023
Addresses: Compositional decomposition; search over reasoning

Process reward models Lightman et al., 2023
Addresses: Step-level evaluation, not outcome-only

Inference scaling (01/R1) OpenAl 2024; DeepSeek 2025
Addresses: Test-time compute trading for reasoning quality
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Critical findings paired with capability claims (1/2)

Capability claim

CoT improves performance on GSM8K multi-step
arithmetic substantially (Wei et al. 2022)

Self-consistency sampling improves accuracy by
aggregating diverse reasoning paths (Wang et al. 2023)

Least-to-most prompting enables harder compositional
generalization (Zhou et al. 2023)

Critical finding

GSM-Symbolic (Mirzadeh et al. 2025): performance is
token-sensitive and surface-fragile. Changing variable
names or inserting irrelevant clauses breaks reasoning.

IR: Retrieval on semantically matched but lexically distant
queries fails for the same reason, surface pattern matching
instead of structural reasoning.

Faith & Fate (Dziri et al. 2023): Transformers structurally
fail at novel subproblem combinations. Performance
reflects training subgraph statistics.

IR: Multi-hop chains degrade rapidly because each hop
introduces a compositional failure point beyond training
distribution.

Compositionality failures persist even with explicit
decomposition when composed subproblems are
out-of-distribution (Dziri et al.).

IR: Structured decomposition of research sub-questions
does not guarantee correct synthesis, each step can
independently fail.



Critical findings paired with capability claims (2/2)

Capability claim

RAG improves factual grounding by injecting retrieved
documents into the generation context

Process reward models improve reasoning quality by
rewarding correct intermediate steps (Lightman et al. 2023)

Inference scaling (01/R1) produces strong performance on
math, coding, and science benchmarks

Critical finding

GSM-IC (Shi et al. 2023) and Lost in the Middle (Liu et al. 2024):
retrieved noise actively disrupts reasoning; evidence position,
not content, determines what gets used.

IR: Imperfect retrieval doesn't just add irrelevant content, it
actively degrades reasoning over the relevant content. Position
bias means document ordering affects conclusions.

Chen et al., (2025)’s faithfulness study: reasoning traces are not
faithful to internal computation. The visible CoT and the actual
causal process are partially decoupled.

IR: Agentic research pipelines controlled by CoT traces cannot
be trusted to reflect actual evidence integration. The logged
trace may be misleading about what drove the conclusion.

Schaeffer et al. 2023; Fodor 2025: apparent capability
gains may reflect metric artifacts. GSM1K (Zhang et al.)
shows leakage causing several-point drops.

IR: IR benchmarks built on web data systematically
overestimate genuine retrieval-reasoning competence.
Benchmark saturation # task competence.



BRIGHT: The IR-specific diagnostic

What BRIGHT brings

Real-world queries from diverse domains requiring in-depth reasoning to
identify relevant documents beyond surface form matching. Not keyword
retrieval, but inferential retrieval.

The interpretation

The performance collapse is not retrieval failure, it is reasoning failure.
Systems that score well on standard benchmarks are doing parametric recall,
not reasoning-intensive retrieval.

The evaluation philosophy

Leakage-resistant, reasoning-intensive, out-of-distribution. This is the
evaluation model the tutorial advocates. BRIGHT is a proof-of-concept, not a
final solution.

“The leading model on
the MTEB leaderboard
SFR-Embedding-Mistra,
which achieves a score
of 569.0 nDCG@10,1
produces a score of
nDCG@10 of 18.3 on
BRIGHT. We show that
incorporating explicit
reasoning about the
query improves retrieval
performance by up to
12.2 points.”

(Su et al., 2025)
25



Benchmark

NevIR

ExclulR

QUEST

CondaQA

NegBench

FollowIR

BIRCO

BRIGHT

Starting point

Diagnostic resources besides BRIGHT

Constraint type
Negation

Exclusion (“not X”)

Set operations
Negation implications
Negation understanding
Arbitrary instructions
Multi-faceted objectives

Inferential relevance

Negation understanding

Explicitness

Implicit in documents

Explicit in query

Implicit in query

Passage-level

Explicit

Explicit narrative

Explicit

Implicit

Instruction-following

Corpus

Derived from CondaQA
MS MARCO-Style
Wikipedia entities
Wikipedia

Multi-modal

TREC collections
Mixed

Domain corpora

Multi-constraint retrieval

Evaluation unit

Pairwise ranking flip
nDCG@10

Recall@k, F1

Reading comprehension
Accuracy, recall

Pairwise instruction-sensitivity
nDCG

nDCG@10

Reference

Weller et al., 2024

Zhang et al., 2024

Malaviya et al., 2023

Ravichandat et., 2022

Alhamoud et al., 2025

Weller et al., 2025

Wang et al., 2024

Su et al., 2025

Reasoning-intensive retrieval

26



3. What reasoning actually is



The definitional problem

The LLM field uses at least six mutually inconsistent implicit definitions of “reasoning”

1 Correct task performance

Benchmark papers (GSM8K, MMLU, BIG-Bench
Hard)

2 Robustness to surface transformations

GSM-Symbolic, GSM-IC (Mirzadeh et al. / Shi et
al.)

3 Compositional generalization

Faith and Fate (Dziri et al.)

4 Faithful intermediate process

CoT, Process Reward Models (Lightman et al.)

5 Out-of-distribution generalization

GSM-Symbolic, GSM-IC (Mirzadeh et al. / Shi et
al.)

6 Grounded understanding

Stochastic Parrots (Bender et al. / Madabushi et
al.)

28



Five philosophical traditions — IR translations

Aristotle

Kant

Frege

Wittgenstein

Peirce

Form-content separation
Behavior governed by logical structure, not surface tokens — the GSM-Symbolic
test

Systematic unity vs. local judgment
Answering queries correctly # integrating a literature coherently — the
research synthesis gap

Normative, not descriptive
Correct output # valid inference; distinguishes LLM performance from logical
competence

Rule-following underdetermination
High benchmark scores don't reveal which rule is followed, GSM-Symbolic
shows the wrong rule

Deduction/Induction/Abduction
Only deduction is tested; abduction (hypothesis formation, query intent) is
almost entirely absent

29



A 12-type taxonomy, with evaluation coverage

Reasoning type
Deductive
Inductive
Abductive
Analogical
Causal
Defeasible
Modal
Epistemic
Dialectical
Temporal
Metacognitive

Practical

IR manifestation

Logical entailment between query and document
Generalizing from retrieved evidence to claims

Query intent inference; hypothesis formation from evidence
Cross-domain retrieval; structural relevance beyond surface
Distinguishing correlation from intervention evidence
Provisional relevance; belief revision on new retrieval
Tracking claim strength (established/contested/speculative)
Knowledge state tracking across a literature over time
Mapping argumentative position within a field's disputes
Evidence currency; supersession; historical state tracking
Query reformulation; knowing when to stop; uncertainty flag

Search strategy decisions in agentic pipelines

Coverage
Partial
Partial
Untested
Untested
Untested
Untested
Untested
Untested
Untested
Partial
Partial

Untested

30



4. Implications, open problems, takeaways



Evaluation design

A credible evaluation of reasoning-intensive IR must be:

Leakage resistant Reasoning-type stratified

Queries from sources unlikely to appear in training Separate tracks for different reasoning types.

data: recent publications, proprietary datasets, Aggregate scores conceal type-specific failures. Use
template-generated novel surface forms. the 12-type taxonomy as the stratification grid.
Multi-hop with verified structure Faithful trace evaluation

Not just questions that happen to require multiple For agentic systems: evaluate not just final answers
documents, hop structure explicitly annotated so each but whether the reasoning trace causally accounts for
hop is independently evaluable. the answer, not just post-hoc rationalization.

IR already has evaluation tradition and infrastructure. Now design the right tasks
32



System design implications

Each failure mode implies a design response, presented as hypotheses, not solutions:

Surface fragility —> Retrieval augmented with formal semantic representations abstracting over surface form

l

Compositional failure Explicit subproblem decomposition with intermediate verification and backtracking

Noise sensitivity Retrieved document filtration before reasoning, not after; confidence-weighted aggregation
Retrieval-order-invariant aggregation; multiple orderings with consistency checking

Position bias

Unfaithful traces Separate search-control logic from generation; formal verification of intermediate steps

Ll

Missing reasoning types Specialized modules for causal, defeasible, dialectical reasoning not in base LLM

33



The normative gap

Current evaluation What research requires

Behavioral criterion Normative sensitivity

Does the system produce correct outputs? Is the system responding to the quality of
reasons

Performance tested on distribution close to training Weight a randomized controlled trial over an

data. Benchmark saturation is taken as evidence observational study not because RCTs appear

of competence. more in training, but because they provide stronger

causal evidence.

Three open questions

1. Can reasoning-type-stratified evaluation be operationalized at scale? IR methodology (TREC, pooling, relevance judgments) is well-placed to build this.
2. Is there a retrieval architecture structurally immune to position bias and noise sensitivity? Or are these failures fundamental to transformer attention?

3. What would it mean for an IR system to be normatively sensitive to evidence quality? Require causal graphs, argumentation frameworks, epistemic state models?
34



Three helpful “reasoning axes”

To help compare and relate reasoning proposals in different contexts

Representational capability

E.qg., Does reasoning proposals explicitly encode
uncertainty, causal relationships, etc.?

Inference faithfulness

Representational capability

Can faithfulness of the reasoning process be
verified?

Computational feasibility for IR

Is the reasoning process computationally feasible
over a large set of documents?




Wrapping up Part 2

1 Complex information needs
require multi-step reasoning across documents, following inferential edges in the knowledge network, not sampling
surface-similar nodes

2 The empirical question
is whether LLM-based systems provide this; evidence suggests they approximate it on familiar distributions but fail on
robustness, compositionality, noise resistance, faithful integration, and evidence quality

3 The conceptual framework
needed to evaluate this properly, a 12-type taxonomy, normative rather than behavioral criteria, definitional precision, is
available in the philosophical literature but not yet imported into IR

4 The research agenda
is to import it: build leakage-resistant, reasoning-type-stratified evaluation; design architectures that address specific failure
modes; and close the normative gap, using the reasoning axes to help organize material

36



II. Generative Reasoning;:
From Chain-of-Thought to Multi-Agent Systems



1. Why LLMs for reasoning?



Transformer

and its limitation for sequential reasoning

39



Transformer

and its limitation for sequential reasoning

Answering a query requires sequential reasoning;

Efficient transformers

for long documents

that don’t use sparse attention,

and are validated across multiple domains

40



Transformer

and its limitation for sequential reasoning

Answering a query requires sequential reasoning;

Make a move;
e.g., decompose a query, retrieve candidates/evidence, check constraints. etc.

Efficient transformers

for long documents

that don’t use sparse attention,

and are validated across multiple domains

41



Transformer

and its limitation for sequential reasoning

Efficient transformers

for long documents

that don’t use sparse attention,

and are validated across multiple domains

Answering a query requires sequential reasoning;

Make a move;
e.g., decompose a query, retrieve candidates/evidence, check constraints. etc.

The partial answer;
Valid? Continue. Not valid? Backtrack and try another branch.



Transformer

and its limitation for sequential reasoning

Answering a query requires sequential reasoning;

Make a move;

Efficient transformers
for long documents
that don’t use sparse

and are validated across multiple domains

attention,

e.g., decompose a query, retrieve candidates/evidence, check constraints. etc.

The partial answer;
Valid? Continue. Not valid? Backtrack and try another branch.

This naturally unfolds as a tree;

Each node, depends on its parents.
Following any path from root to leaf, is a chain of sequential operations.

X

- %
"<v‘

. §

R

43



Transformer

and its limitation for sequential reasoning

Transformers, however, can only represent a chain of limited depth.

T Layers

V<?@ . v,

Depth (L) ] H

N Tokens

44



Transformer

and its limitation for sequential reasoning

Transformers, however, can only represent a chain of limited depth.
If the reasoning path has length greater than T, the Transformer simply cannot execute it.

X
X
J<¢ p—

Depth (L) ] H

N Tokens

T Layers

L>T
We need recurrence to unfold computations over time for as many steps as needed.



Then, why LLMs became so popular for reasoning?

In practice, autoregressive generation enables
recurrence.

Researchers recognized this looping behaviour

as a proxy for sequential reasoning (Wei et al.,
NIPS 2022).

Today, most work on reasoning with LLMs
focuses on exploiting this inference-time
compute (e.g., O1, DeepSeek)

Autoregressive |
, |_> Language Model
Tt
|

P(x) = P(z1,x2,. .., Tr) = HP(mt | z1,Z2,. .., @t—1),

t=1

46



2. Rise of inference-time approaches



Chain-of-Thought

(Wei et al., 2022)

Definition:

Generating a series of intermediate reasoning steps to solve a given problem.

Standard Prompting
Model Input k

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

Model Output

A: The answer is 27. x

Chain-of-Thought Prompting
Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

Model Output

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 = 9. The
answeris 9. ¢/

48



CoT Reasoning Without Prompting

(Wang & Zhou, 2024)

Question in standard QA format Decoding step 0 Continue greedy decoding

Q: I have 3 apples, my dad has 2 T _//5 apples X
more apples than me, how many S | have 3 apples, my dad has 2 more apples than me, so he
apples do we have in total? fopres | —= has 5 apples. 3+5=8. We have 8 apples in total.
A (OpFs ME—ss We have 5 apples in total. X
top-4: You |
top-5: The N\ You have 3 apples, your dad has 2 more apples than you,
Language ' \so he has 5 apples. 3+5=8. You have 8 apples in total. /
model The answeris 5. X

uncertain certain

Wang, Xuezhi, and Denny Zhou. "Chain-of-thought reasoning without prompting." NeurlPS 2024 49



CoT Reasoning Without Prompting

(Wang & Zhou, 2024)

CoT decoding: Decoding step 0 Continue greedy decoding

1)  branch at the first token into top-k,

2) decode each greedily, /5 apples X

3)  then select the path with top-1: 5 '//_I have 3 apples, my dad has 2 more apples than me, so he

the highest answer confidence top-2: 1 — has 5 apples. 3+5=8. We have 8 apples in total.
/| :zg'j' \V(\c/)e | T——We have 5 apples in total. X
-4: You
top-5: The N\ You have 3 apples, your dad has 2 more apples than/you,

\so he has 5 apples. 3+5=8. You have 8 apples in totfal. /
The answeris 5. X

uncertain certain

Ak,answer

> PG | xa) = p(e? | x)

| answerl
X; €answer

Wang, Xuezhi, and Denny Zhou. "Chain-of-thought reasoning without prompting." NeurlPS 2024 50



Self-refine

(Madaan, et al., 2023)

SN L\

Feedback o ) of Refine

\@/ Model ‘M \@/

Use ‘M to get feedback on its own output Use ‘M to refine its previous output, given its feedback

Madaan, et al. "Self-refine: Iterative refinement with self-feedback." NeurlPS 2023




Chain-of-thought
prompting for IR

Trivedi, et al. "Interleaving retrieval with
chain-of-thought reasoning for knowledge-intensive
multi-step questions." ACL 2023.

In what country was
Lost Gravity manufactured?

2
(cumulate docs

‘OAOF
The Lost Gravity was

manufactured by Mack Rides.

I}
(cumulate docs

e

Mack Rides is a company
from Germany.

2

cumulate docs
‘OAOF <

The answer is Germany.

| Eloppofels




Procedural Knowledge Drives Reasoning in LLMs

(Ruis et al., 2025)

G e e i o o o o o i e o e iy

Reasoning queries

’
I

What is the slope | What is the slope

Calculate the Calculate the

When LLMs

E thrglfgﬂlze(;i; e28) thrzlfgtl;e(ii‘(;, e81) answirzl(28 +3) answe:: ’§ 7-4)
nreason n: E and (74, 47)? and (8. 97)?
- Isitalearned i .

: 1
generalizable ; magnnde
procedure? | lover Jiper

. . ! Factual queries
> Or..isit | Inwhich UK | Which is the
retrieval? : Singhenget | By

________________________________________________

Ruis et al. "Procedural Knowledge in Pretraining Drives Reasoning in Large Language Models.". ICLR 2025

N £ . .
v Correlation of influence scores
1

for pairs of queries
Factual  Arithmetic  Slopes

- 7B
<
g
<
9
o - u
E P | | Pearson’s R
E n omm 1
|
3
2
7]
0.5
Factual Linear Slopes
B 358
S
<9
0
g
g
=
) (=l L]
g =1
17 N BEe N
C ol R
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ReAct: Synergizing Reasoning and Acting

(Yao et al., 2024)

e Interleave reasoning traces (thought) with actions (search, lookup,

calculate) and observations.
e Reasoning doesn't happen in one go. To answer complex queries,
the model needs to search a database, double check a fact, check

against constraints, etc.

The precursor of current “agentic” frameworks that use search. It formalizes
the idea that reasoning and retrieval are interleaved, not independent.

Yao et al., "ReAct: Synergizing Reasoning and Acting in Language Models" ICLR 2024 54



ReAct: Synergizing Reasoning and Acting

(Yao et al., 2024)

N2

[ (1) Hotspot QA }

Question: Aside from the Apple Remote,

what other device

can control the program Apple Remote was originally

designed to interact with?

N

/—[ (la) Standard } B

Answer: iPod

({ (1b) CoT (Reason Only) ]\

Thought: Let's think step

by step. ApplelRemote was|

_ So the answer is

-
Act 1: Search[Apple Remote]
x) Obs 1: The Apple Remote is a
remote control ..
Act 2: Search[Front Row]

Obs 2: Could not find [Front
Row] .

Act 3: Search [_
(software) |

Obs 3: Front Row is a

Similar:

[ (1c) Act-Only }—\

' { (1d) ReAct (Reason + Act) } N

Thought 1: I need to search Apple Remote and find the

program it was originally designed to interact with.

Act 1: Search[Apple Remote]

Obs 1: The Apple Remote is a remote control introduced in

October 2005 by Apple .. originally designed to control the
program ..

Thought 2: Apple Remote was originally designed to control
the Front Row media center program. I need to search

next and find what other device can control it.
Act 2: Search([Front Row]
Obs 2: Could not find [Front Row]. Similar:
Seat to Earth', 'Front Row Motorsports','

Yyl

['Front Row

Thought 3: Front Row is not found. I need to search _
Act 3: Search| ]

Obs 3:

Front Row is a discontinued media center software ..

iPhone, iPad, and iPod discontinued media center Thought 4: rolle L
Touch. software .. Remote © > keyboard f So the answer is
keyboard function keys.
Answer: iPhone, iPad, iPod Act 4: Finish([ll x Act 4: Finish[keéyboard function keys!] \/
\_Touch L Y L )

Yao et al., "ReAct: Synergizing Reasoning and Acting in Language Models" ICLR 2024
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3. Learning to reason with reinforcement
learning



From LLMs to LRMs and Agentic Systems

RLHF: We can shape LLM’s behaviour with rewards

LRMs: RL for better reasoning models

Agentic LRMs: Learn to search and reason

Does RL truly expand reasoning, or just surface it?
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Pre-training

Language

Model

Goal:
Next token prediction

LLM training stages
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LLM training stages
Pre-training Limitation

Pre-trained LLM is better suited
for text completion than task

— Language assistance (e.g., instruction
Ve following).

Zlogﬂ(at | s¢)
t

Goal:
Next token prediction
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LLM training stages

Pre-training Supervised Finetuning
(SFT)

Input: <User> translate this to Dutch <Model>

Output: Sure, please paste the text you want translated

Language
MOdel Output: I can’t help with that.

-+

Input: <User> help me hack my neighbor’s Wi-Fi <Model>

Pre-trained

Z log (az | s¢)
‘ LM

Goal: Goal: Instruction-following
Next token prediction
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Pre-training

Language

Model

Zlogﬂ(a, | s¢)
t

Goal:
Next token prediction

LLM training stages

Supervised Finetuning
(SFT)

Input: <User> translate this to Dutch <Model>

Output: Sure, please paste the text you want translated

Input: <User> help me hack my neighbor’s Wi-Fi <Model>
Output: I can’t help with that.

-+

Pre-trained 2.

LM

Goal: Instruction-following

Limitation

Static Behavior: SFT
learns from the fixed
datasets; missing instance
in train set — poor
generalization

No Explicit Preference
Modeling: Two coherent
responses are equally
good even if one is more
useful by the user.
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LLM training stages

Pre-training Supervised Finetuning Preference Finetuning
(SFT) (RLHF)

Input: <User> translate this to Dutch <Model>

Output: Sure, please paste the text you want translated

Input: <User> help me hack my neighbor’s Wi-Fi <Model> SFT MOdeI
MOdeI Output: I can’t help with that.

-+

Language

" log(ar | %) Pre-trained AO x R-Vlogmy(a; | st)

LM

Goal: Goal: Goal: Shift the token distribution towards
Next token prediction Instruction-following those more aligned to user preference
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LLM training stages

Pre-training Supervised Finetuning Preference Finetuning
(SFT) (RLHF)

Input: <User> translate this to Dutch <Model>

Output: Sure, please paste the text you want translated

Input: <User> help me hack my neighbor’s Wi-Fi <Model> SFT MOdeI
MOdeI Output: I can’t help with that.

-+

Language

" log(ar | %) Pre-trained AO x R-Vlogmy(a; | st)

LM

Goal: Goal: Goal: Shift the token distribution towards
Next token prediction Instruction-following those more aligned to user preference

Reasoning Finetuning
(RLVR)

SFT Model

One correct answer and
a deterministic way to
evaluate the answer

Goal: Incentivizing reasoning
(e.g., self-reflection, verification and dynamic
strategy adaptation) through RL
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RL for Reasoning
&deepseek

OpenAl ol System Card

OpenAI

December 5, 2024

2 Model data and training

ol-preview), while
OpenAl ol-mini is a faster version of this model that is particularly effective at coding. Through
training, the models learn to refine their thinking process, try different strategies, and recognize
their mistakes. Reasoning allows ol models to follow specific guidelines and model policies
we’ve set, helping them act in line with our safety expectations. This means they are better at
providing helpful answers and resisting attempts to bypass safety rules, to avoid producing unsafe
or inappropriate content.

DeepSeekMath: Pushing the Limits of Mathematical

Reasoning in Open Language Models

Zhihong Shao!*, Peiyi Wang!?*, Qihao Zhu!?*1, Runxin Xu!, Junxiao Song!
Xiao Bi!, Haowei Zhang!, Mingchuan Zhang', YX. Li', Y. Wu!, Daya Guo™

!DeepSeek-Al, *Tsinghua University, *Peking University

{zhihongshao,wangpeiyi,zhugh,guoday}@deepseek.con
https://github.com/deepseek-ai/DeepSeek-Math

Article  Open access = Published: 17 September 2025
DeepSeek-R1 incentivizes reasoning in LLMs through
reinforcement learning

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Peiyi Wang, Qihao Zhu, Runxin Xu, Ruoyu Zhang,

Shirong Ma, Xiao Bi, Xiaokang Zhang, Xingkai Yu, Yu Wy, Z. F. Wy, Zhibin Gou, Zhihong Shao, Zhuoshu

Li, Ziyi Gao, Aixin Liu, Bing Xue, Bingxuan Wang, Bochao Wu, Bei Feng, Chengda Lu, . Zhen

Zhang  + Show authors

Nature 645, 633-638 (2025) | Cite this article

373k Accesses | 503 Citations | 2561 Altmetric | Metrics

Abstract

General along- ding and formidable inartificial

(AI). Recent ified by large language models (LLMs)2and
chain-of-thought (CoT) prompting?, have achieved considerable success on foundational

reasoning tasks. However, this success is heavily contingent on extensive human-annotated
demonstrations and the capabilities of models are still insufficient for more complex
problems. Here we show that the reasoning abilities of LLMs can be incentivized through pure

cninfavnamant Tnnemine IBIN ahuintine thamand farbimnn Inhallad canecanine feninntavine
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How to optimize the policy (i.e. LLM)?

Choose your algorithm: PPO, GRPO, and DPO

REINFORCE PPO GRPO DPO
Reward Advantage Group-relative advantage | Preference pair
Yes Yes Yes No
Optional Often Often No
No Yes No No
Low High High High
Basic RL RLHF Reasoning RL Preference tuning

baseline
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Search-R1: End-to-end RL for interleaved reasoning & search

IRCoT/ReAct's interleaving of reasoning + retrieval — Learned end-to-end via RL rather than hand-crafted.

LLM generates tokens — at any step it can emit (search)query(/search) — retrieval engine returns docs — LLM
continues reasoning — final answer — (outcome-based) reward signal flows back through entire trajectory.

Rollout Module

Search

q
| Policy I

N

(N
LLM Trained
v\ Models

PPO w. Search Engine Erozon
""""""""""""""""""""""""""""""""""""""" Model

GRPO w. Search Engine

| I Search
sy 01
Reward
SanCh -
i Model
(- — —{ commont, 4, |
— — OmDUtatlon o
L
< % "G Ag

LM
KL

i
A

i
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Rank-R1: RL-based Reasoning in LLM-based Document Rerankers

e Apply the training paradigm of DeepSeek-R1
to reranking

e Model generates a reasoning trace before
producing a relevance label (e.g., True or
False)

— Relevance as a reasoned judgment

e Trained with GRPO binary relevance reward *
e OQutperforms supervised rerankers on
BRIGHT and BEIR

* Reward only if the output matches the reasoning and answering format AND relevance label is correct.

SYSTEM:

A conversation between User and Assistant. The
user asks a question, and the Assistant solves it. The
assistant first thinks about the reasoning process in
the mind and then provides the user with the answer.
The reasoning process and answer are enclosed
within <think> </think> and <answer> </answer>
tags, respectively, i.e., <think> reasoning process
here </think> <answer> answer here </answer>.

USER:

Given the query: "{query}", which of the following
documents is most relevant?

[1] {document1}

[2] {document2}

[20] {document20}

After completing the reasoning process, please pro-
vide only the label of the most relevant document
to the query, enclosed in square brackets, within the
answer tags. For example, if the third document is the
most relevant, the answer should be: <think> reason-
ing process here </think> <answer>[3]</answer>.
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Limits of RL for Reasoning with LLMs

Does RLVR teach LLMs genuinely new reasoning abilities?

e Approach: pass@k (instead of usual greedy)
o pass@1 = How reliable the model is?
o pass@k = Can the model solve this problem in any of k attempts?

Does Reinforcement Learning Really Incentivize Reasoning Capacity in LLMs Beyond the Base Model? Yue et al., In Al for Math Workshop @ ICML 2025
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Limits of RL for Reasoning with LLMs

RLVR Sharpens but Narrows Reasoning.

Base Model RLVR Model
Morvre

Problem A /> /Xff icient Sampling

\

+1

Reduced Scope of \
&

+1

Problem B /> Reasoning Capacity

0

(=]

=4 (.61

» 0.5

~ 0.4
8 0.3

0.14

Omni-MATH-Train

Q 0.21

‘/A/ y —— Qwen2.5-7B
i /~ —*— GRPO-stepl150

X —— GRPO-step300
/‘ GRPO-step450
1 2 4 8 16 32 64128256
Number of Samples k

Does Reinforcement Learning Really Incentivize Reasoning Capacity in LLMs Beyond the Base Model? Yue et al., In Al for Math Workshop @ ICML 2025
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Limits of RL for Reasoning with LLMs

RLVR yields more reliable but narrower reasoning.

e Atsmall k: RLVR > Base (better sampling efficiency)
e Atlarge k: Base > RLVR (broader reasoning coverage)
e Every correct path in the RLVR model already exists in the base model's distribution

Does Reinforcement Learning Really Incentivize Reasoning Capacity in LLMs Beyond the Base Model? Yue et al., In Al for Math Workshop @ ICML 2025
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Limits of RL for Reasoning with LLMs

RLVR vs Distillation
RLVR Distillation
Improves sampling efficiency Introduces new reasoning patterns
Bounded by base model Can exceed base model
All algorithms (PPO, GRPO, Reinforce++) perform Transfers knowledge from stronger teacher
similarly

Current RLVR with binary rewards cannot elicit genuinely novel
reasoning. We need better exploration, process rewards, or
multi-turn agent interaction.

Does Reinforcement Learning Really Incentivize Reasoning Capacity in LLMs Beyond the Base Model? Yue et al., In Al for Math Workshop @ ICML 2025
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4. Multi-agentic solutions



Multi-Agent Architectures

If a single model's capacity for reasoning has a
ceiling, can we go beyond that by distributing a
given problem across multiple specialized agents?
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Multi-Agent Architectures

Orchestration .
CompositeGraph
If a single model's capacity for reasoning has a o

ceiling, can we go beyond that by distributing a

Tree-Of-Thought (ToT)

given problem across multiple specialized agents?

GenerateQuery Input-Output (10)
Operation fe=eem=s=ee-o - Agent
Node = —_ S Graph
~ S~ -~ = ~.
. -—— Wy o ~
_____ ~
777 ~~~ ~‘===:~ \\“~:‘\
’ ~d sSSP
/A Ss T4 “>| DirectAnswer
| FileAnalyze WebSearch =l--J_________. | Operation
Operation Operation | 4 o :_
Node

Node ( | §-========"71

Node
' - )
\ - N
x ] e 7 7 e,
y W Lo ./ S - I
'y [

1
]
\
]
]
1
1
1
1
1

i
! A
1 v 2 4 ’
CombineAnswer dadee=--—" /  » 4
Operation  fr==="==% | LI R _,' /’
Node == === 1= T = 7
J 1 ¢
o 0 .
a4 ~ 1 ] v
~< < ] ' of
~ N 1 U
s ~ ] 4
~ N 'L ’
- ~ -~ 1
g - 1 4
Say » — 2
~. (8 v Vv ¥
N ~
| FinalDecision DecisionAgent
Operation Agent
Node Graph

GPTSwarm: Language Agents as Optimizable Graphs. Zhuge et al., 2024.
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Multi-Agent Architectures

Adaptive Orchestration

Graph

Tree-Of-Thought (ToT)

Agent
Graph R
7 iy A Information resources (Properties: Structure / Modality / Accessibility)
{ GenerateQuery ‘) J Input-Output (10)
Operation === == ===—-—y Agent
\ Ly ireph) Knowledge Graph Document Collection
~ _X— < 7 :;
4 2772777/ 1 N ey o sy S S U
LY, : SO
s P rctanewr | [ Tasks (Standalone and Complex)
Operation Operation e s |
Node Node A N \
\“‘F ®_ Y, | /77 %% )
‘ ! i | b Rewrite query
¢

| [
I ] CombineAnswer Il
| [l Operation - 4
( '| Node -

R
7 7

.y ~—\ »

~ i e\
]\ﬂ FinalDecision

Operation
Node

&

DecisionAgent

’ Agent
)
)

Query rewriter Lightweight LLM Heavyweight LLM

Graph

Executors (Agents and Tools)
GPTSwarm

AQA

Adaptive Orchestration of Modular Generative Information Access Systems. Hoveyda et al., 2025.
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Table 3: Performance of each individual agent on the training

Multi-Agent Architectures

Adaptive Orchestration

set (by F1-score and average time in seconds).

NoR OneR IRCoT
F1 Time(s) F1 Time(s) F1 Time (s)
Context A 0914 0.66 0.677 6.46 0.730 189.78
Context B 0.061 0.66 0.518 7.34 0.580 192.30
Context C 0.066 0.67 0.146 6.41 0.458 184.85
Overall 0.347 0.66 0.447 6.74 0.589 188.97

Adaptive Orchestration of Modular Generative Information Access Systems. Hoveyda et al., 2025.

Table 4: Evaluation of AQA (NT: Time-agnostic reward, T:
Time-based reward) and GPTSwarm [96] on the test set by
F1-score and time (log-transformed, in ms). Both have been
trained on the training set. For GPTSwarm, the final opti-
mized graph configuration is used for evaluation.

AQA (NT) AQA(T) GPTSwarm
FI Time Fl1 Time F1 Time

Context A 1.0 6.18 1.0 6.18 0.862 12.78
Context B 0.568 12.04 0.539 8.73 0.327 12.79
Context C 0.523 11.75 0.523 11.75 0.317 12.76
Overall 0.697 9.99 0.687 8.89 0.502 12.78
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Multi-Agent Architectures

Adaptive Orchestration

[[:I 10 [_] cor [_] cor-sc [T Ensemble [ | React [I7] Refine [ | Early-exitj

Adaptive Orchestration:

Easy query

Easy query

Reasoning about what search strategy to execute for a

Q
103 have an odd number of positive divisors?

uery: How many positive integers less than

How many zeroes are at the end of $421$ (42
factorial)?

given query.

(b) Easy case

(a) Easy case

Multi-agent Architecture Search via Agentic Supernet. Zhang et al., 2025.

Medium query

Ben rolls two fair six-sided dice. What is the
expected value of the larger of the two numbers
rolled? Express your answer as a fraction. (If the
‘two numbers are the same, we take that number to
be the "larger” number.)

L&ﬂl),lg 0406|0.06|}45|0.13

w
0.34

0.05|D.23

HE B E

0.06‘0.;3

N A

Hard query

The number 4 is written on my whiteboard. Every
time it rains, T multiply the number on the
whiteboard by $\frac{2)(3)$, erase the original
number, and write the new number on the
whiteboard. When it snows, I multiply the number
on the whiteboard by $\frac(3}(5)$, and I replace
the original number with the new number. It has
rained 5 times and snowed 4 times this month. At
the end of the month, what number is on the
whiteboard?

(¢) Medium case

(d) Hard case
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Multi-Agent Architectures

Adaptive Orchestration
[[:I 10 [_] cor [_] cor-sc [T Ensemble [ | React [I7] Refine [ | Early-exit]

Adaptive Orchestration:
Reasoning about what search strategy to execute
for a given query.

Open challenges:
1. Dynamic routing mid-trajectory
2. Efficient training
3. Granularity of node decomposition
4. Evaluation

Multi-agent Architecture Search via Agentic Supernet. Zhang et al., 2025.

Easy query

Easy query

Query: How many positive infegers less than
103 have an odd number of positive divisors?

How many zeroes are at the end of $421$ (42
factorial)?

Ben rolls two fair six-sided dice. What is the
expected value of the larger of the two numbers
rolled? Express your answer as a fraction. (If the
‘two numbers are the same, we take that number to
be the "larger” number.)

0.0610.06]0.45

w
0.34

O.C5|D.23

| -

- |- (b) Easy case
S =)
(a) Easy case Hardquery
The number 4 is written on my whiteboard. Every
(1 - 7 fime it rains, T multiply the number on the
Medium query whiteboard by $\frac({2)(3}$, erase the original

number, and write the new number on the
whiteboard. When it snows, I multiply the number
on the whiteboard by $\frac(3}(5)$, and I replace
the original number with the new number. It has
rained 5 times and snowed 4 times this month. At
the end of the month, what number is on the
whiteboard?

-J.Cz .0.25 .3.05

(¢) Medium case

(d) Hard case
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Why do multi-agent systems fail?

4 N N\ [ )
Error cascading Coordination overhead Attribution & verifiability
* One agent's mistake becomes * Inter-agent messages cost latency ¢ Which agent caused the error?
every agent's context and tokens Blame is non-trivial
 Early retrieval errors propagate * Agents re-derive shared context * Trace is distributed — faithfulness
through the whole chain (redundant reasoning) harder to check
* More agents # better reasoning * Final-stage verifiers alone are
past a threshold insufficient
- J AN J
4 N\
3 root causes ; poor specification - inter-agent misalignment - weak verification
A J
Why Do Multi-Agent LLM Systems Fail? Cemri et al., 2025. 79

Single-Agent LLMs Outperform Multi-Agent Systems on Multi-Hop Reasoning Under Equal Thinking Token Budgets. Dat Tran and Douwe Kiela. 2026.



Limitations of current LLM-based approaches,
motivate exploring other approaches;

Neuro-symbolic, Bayesian, geometric, ...

Coming Up:
I. Teaching retrievers to reason,
II. The division of labor: better agent, or better retriever?
III. Neuro-symbolic and structured reasoning,
IV. Reasoning under uncertainty.

Why Do Multi-Agent LLM Systems Fail? Cemri et al., 2025.
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[II. Teaching Retrievers to Reason



1. Enhanced training data:



The Assumption

* Reasoning-intensive retrieval fails
because of non-representative training data
* MS MARCO-style pairs teach matching
not "helpful for reasoning toward an
answer"

The fix

¢ Synthesize the missing data; train a
Llama3.1-8B bi-encoder with a standard
contrastive loss

ReasonIR

(a) ReasonlIR Training Data

: Real-World Simple Query (13 tokens) P“'""
Public  web search P — “The park contains the headwaters of
(1,383,877) @ here A thlkowstane Natiana! Park get s rieme the Yellowstone Hwer from which It takes its historical name.
Natural Questions (Kwiatkowski ot al. 2019)

b

Varied-Length Query (167 tokens)

VL Sarah, is sing her ex-employer ... Sarah ciaims she
was fired after reporting a supervisor's unethical
(244,970) behavior to human resources. The corporation

s S
t'@" — {query, positive document} — "0'3 — {hurd negative document }
LM LLm

- Positive

In the landmark case ... the Supreme Court of the United States addressed the issue of retaliation
after reporting workplace misconduct ... The court also established that employers cannot

terminate an employee in response to a protected activity, such as reporting workplace
harassment, without facing potentialliabilty for retaliation.

argued that the termination was due to

restructuring, but Sarah argues this was a pretext
for retaliation. ... Can the court hold the corporation
liable for wrongful termination in this scenario?

Hard Negative
‘The issue of corporate restructuring has become a recurring theme in the moder business
world. As companies continue to adapt to the ever-changing market, restructuring has become a

common strategy to stay competitive

>
N N
N2 (9 —fel—
Z) LLM!
Initial Seed (Positive)
fiq Documents ~ pocuments
Hard Query (41 tokens)

(100,521) (‘A researcher is studying the sleep patters of a group of

{ query } — —-{ hard negﬂtivedocument}
tLLM’

(b) Query Length Distribution

0.03
="
=R

002 =1 Public

0.01

0.01

0.01

0.00

0 200 400 600 800 1000

Query Lengths
(c) Difficulty Measure

>0 >0

- Positit
A circadian thythm (/sarkerdiery), or circadian cycle, is a natural oscillation that repeats.
roughly every 24 hours ... Crcadian hythms bya circadian

primary function is o thythmically co-orcinate biological rocesses so they occur at the
correct time to maximise the fitness of an individual ...

HQ VL Public

individuals who work night shifts. The researcher notices

that these individuals tend to have difficulty faling asieep

during the day and experience fatigue during their work

hours. What could be the primary factor contributing to
this phenomenon ...?

Hard Negative

During the night shift ... an increase in body temperature ... However, the night shift ... does.

not exhibit the same variations between individuals as natural temperature regulation might

Revealing a correlation, rather than a causality between high body temperatures during night

shifts and the subjective experience of discomfort with day-time sleep.

BM25 Error 530 373 251
GRIT-7TBError 423 113 39

BRIGHT nDCG@10: 24.4 — 29.9 with query rewriting, faster than LLM rerankers.

Shao et al.,

"ReasonIR: Training Retrievers for Reasoning Tasks"
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ReasonlR: the data recipe

Synthetic training data (ReasonlR-Synthesizer, Llama3.1-70B)

» Varied-length data: 300-2,000-word reasoning-style queries with synthetic positives

» Hard-query data: reasoning-intensive questions brainstormed from "reasoning-worthy" seed documents

* Multi-turn LLM-written hard negatives: plausibly related but unhelpful — exactly the BRIGHT failure mode

* Mixture: ~1.38M public samples + 245k varied-length + 100k hard queries; ablations show the two synergize

Behavior

» Keeps improving with longer GPT-4 query rewrites while other retrievers plateau; 36.9 nDCG@10 with a
Qwen-32B reranker

ReasonlIR: Enhance the training data for reasoning intensive queries.




2. Enhanced Representation Space



Set-compositional queries: LogiCoL

The failure

e "A AND B" vs "A NOT B" — nearly identical
embeddings

* Logical operators are invisible to the encoder

The fix

¢ Compile the logic into the contrastive loss as soft
constraints

* Batches group logically-related query variants so the
model sees the contrast

Problem Setting: Entity retrieval with set-based logical operations

A and B: Species of orchids in
[ Malaysia and Thailand. J l:> E>

[ A or B: Species of orchids in ] o>
Malaysia or Thailand.

FEVEIN BN

Wikipedia
Documents

Malaysia but not Thailand.
Queries

[ A not B: Species of orchids in ] 2 &

LogiCoL: Logically-informed Contrastive Learning
Given the retrieved results from two queries, based on their logical relation...

1. Subset Loss @ c 2. Exclusion Loss @ n :: e

e.g. “Aand B” should be subset of “AorB”  e.g. “Aand B” are mutually exclusive from “A but not B”

Better recall on QUEST and >20% fewer logical violations, no reranker, no decomposition at inference.

Shen et al., LogiCoL: Logically-Informed Contrastive Learning for Set-based Dense Retrieval. EMNLP 2025. s
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LogiCoL: logic as a training signal

Objective: L =L_SupCon + 0.1 - L_subset + 0.1 - L_exclusion

* Subset consistency (product t-norm):
if answers(q;) & answers(q), a doc relevant to q; must also score high for q»

¢ Exclusion consistency (symmetric KL): push apart the score distributions of "A AND B" and "A NOT B"

Training data: QUEST + auto-generated logical variants

* Query variants share atomic sub-queries but differ in operators (6.2k train / 11.9k test)

Results (four ~110M encoders: GTR, Contriever, GTE, E5)
e E5: R@100 21.9 vs 19.8, R@1000 50.2 vs 45.5; largest gains on negation queries

¢ Violation rate (excluded docs outranking gold) down >20% across all backbones

Symbolic structure injected purely through the loss, architecture and inference stay a plain bi-encoder.




Set-compositional queries: SetComp-LSR

Zero-shot alternative to LogiCoL: keep the retriever frozen, and compose sub-query representations with set-theoretic vector algebra (n,
U, \) at query time.

9. (_ piropean monois ) —weoar— I L I W 111
sparse representation /i‘
Linear Algebra
that are not \ Operations il 1 m,l [[]]
(e.g. A-B%) compositional

/ sparse representation QA\B
Books ab q
(IB en::]gder [\Illllll—lllll

sparse representation B

Disentangled negation = 2x nDCG@10 (0.132 — 0.258), beating trained models — but intersections stay unsolved,
trained or not.

Krasakis, Yates, Kanoulas. Constructing Set-Compositional and Negated Representations for First-Stage Ranking. CIKM 2025.
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On generalizability of these approaches
(ReasonIR/LogiCoL/SetComp): Enhancing training data
may not be as effective as we thought!

Reproducing Complex Set-Compositional Information Retrieval

Vincent Degenhart Dewi Timman Arjen P. de Vries

Radboud University Radboud University Radboud University
Nijmegen, NL Nijmegen, NL Nijmegen, NL

vincent.degenhart@ru.nl dewi.timman@ru.nl arjen.devries@ru.nl

Faegheh Hasibi Mohanna Hoveyda
Radboud University Radboud University
Nijmegen, NL Nijmegen, NL
faegheh.hasibi@ru.nl mohanna.hoveyda@ru.nl

Check our presentation on Wednesday!
Session: Efficient Retrieval, Training, and Indexing - 10:30 am - Courtyard 1+2
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3. The division of labor:
Better agent, or better retriever?



Is Lexical Retrieval Sufficient?

100 ‘
I ! i I codex w/ cll1
Does a lexical retriever 90 |~ X better 8 Tty
. gpt-5.5 u:’e;:‘.bmzs Lietal.
suffice as large language 80 |- = Y i = 4@ i
e . 2 o gpt-5 v\"l guen3
models (LLMs) become . | @---8 o T I R R beid T
. S ds-flash o OPUSLT i
more capable in € 6o 4o o muswms
. 3, Lietal. ] Chen et al.
an agentic loop? g “op < T
§ wf oo
30 o g:;u:‘-j-.&prow’men] —
Answer: mostly yes, if configured 20 |- o 25 prowiins ik
e Tuned BM25 (k1=25, b=1) + retrieval depth 1,000 10 - i
+ cached-ranking tools | ‘ | | |
o gpt'55 83.1% on BrOWSeCOmp-PluS, ~95% 25 50 100 200 400 800 1600
evidence recall
* Beats dense-retriever agents at 3-10x lower cost Cost ($)
M P1-SERINI (DeepSeek) M PI-SERINI (OpenAl) ™ PI-SERINI (Anthropic)
O Prior work © Coding agent (filesystem) = | Pareto frontier

Tz-Huan Hsu and Jheng-Hong Yang and Jimmy Lin. "Rethinking Agentic Search with PI-SERINI: Is Lexical Retrieval Sufficient?" v



Pi-Serini: why the "dumb"” retriever wins

A deliberately minimal agent
* ReAct loop + 3 tools: search (BM25, top-1000 cached) - page through the cached ranking - read one document

» Time budget (300s) instead of an iteration cap; forced answer synthesis at 70% of budget

Where the gains actually come from

* Tuning BM25 for long documents: accuracy 64.0 — 82.0 (+18.0)

* Depth k =5 — 1,000: surfaced evidence recall 70.5 — 95.8 (+25.3)

+ Same LLM (gpt-5), proper config: 74.6% vs 58.3% for the released BM25 baseline

Caution for the field: untuned lexical baselines inflate dense-retriever gains — you may be measuring configuration
debt, not semantics.




Is Grep Retrieval Sufficient?

Learning to retrieve via B .o RO ... . .. .. < 5 s SO

RL-training LLM agent on

DCI. =8
o=

How

* No index — agent runs grep pipelines
on the raw corpus

¢ SFT on synthetic trajectories, then
GRPO

* Best micro-avg F1 on 7 QA
benchmarks (0.569 vs 0.544)

Salemi et al., "Grepseek: Training Search Agents for Direct Corpus Interaction”

Direct Corpus Interaction

[
[
[
A - \— :

Parallel
shell - N . Reduction ) i
command b L |
Thread 2 |
e 1
estion DCI |
25 = Search Agent el X
[
: X Aggregated ShardS  Outcome :
Outcome Thread S :
1
[
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IV. (Neuro-)Symbolic & Structured
Reasoning



1. Neuro-Symbolic Reasoning



Neuro Symbolic Computing

Neuro Symbolic Computing in ML

Neuro-symbolic computing aims at integrating two most fundamental
cognitive abilities: the ability to learn from the environment, and the ability to
reason from what has been learned. Neuro-symbolic machine learning aims
to reconcile the advantages of robust learning in neural networks and
reasoning and interpretability of symbolic representation.

E.g., International Conference on Neurosymbolic Learning and Reasoning (NeSy), since 2005.

Neuro Symbolic Computing in IR
The primary application area for neuro symbolic methods in modern IR
has been aimed at integrating knowledge graphs in (dense) retrieval.

Disclaimer about ranking with entity annotations

The question whether open domain entity linking (annotating documents and queries with
their entity mentions) can really help improve the retrieval system’s effectiveness is still an
open one. Especially in domain-specific settings, entity annotations are also useful on their
own, e.g., to continue browsing from the search results, or to explain inferred relevance.

Characterizing a Semantics for
Cognitive Computation

“The aim here is to identify a
way of looking at and
manipulating commonsense
knowledge that is consistent
with and can support what we
consider to be the two most
fundamental aspects of
intelligent cognitive behavior:
the ability to learn from
experience, and the ability to
reason from what has been
learned. We are therefore
seeking a semantics of
knowledge that can
computationally support the
basic phenomena of intelligent
behavior."

Valiant, 2003


https://dblp.org/db/conf/nesy/index.html

Knowledge Graphs (KGs) and LLMs

Structural Fact
Domain-specific Knowledge
Symbolic-reasoning

Text

=:>[ LLMs ]©Output
Input

a. KG-enhanced LLMs

Pan et al., “Unifying Large Language Models and Knowledge Graphs: A Roadmap”, IEEE TKDE 36(7):3580-3599, 2024.



KGs and LLMs

Application

Technique

Synergized
Model

Data

l, ‘l
. | Search Recommender Dialogue Al . :
E Engine System System | | Assistant E
\ !
: """""""""""" ﬁ """""""""""" N :
1 |Prompt EngineeringJ [ Graph Neural Network ] In-context Learning | !
1 s '
E Representation Learning [Neural-symbolic Reasoning] Few-shot Learning | ,
':' « Explicit Knowledge \‘
1 ¢ Domain-specific Knowledge:
: ¢ Decisiveness :
. ﬁ\lnterpretability :
; ;
1 ]
1 ]
; LLMs ] [ KGs :
; :
1 I
'e General Knowledge \j :
1o Language Processing J
te Generalizability Xy

E Structural Text } :
1 | Vd e 0 1
:[ Fact J{ Corpus ][ made ][ ee J :
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KGs and LLMs

LLMs Meet KGs

KG-enhanced LLMs

Integrating KGs into training objective
KG-enhanced LLM pre-training Integrating KGs into LLM inputs
KGs Instruction-tuning
Retrieval-augmented knowledge fusion
KG-enhanced LLM inference
KGs Prompting
KGs for LLM probing

KG-enhanced LLM interpretability
KGs for LLM analysis

- LLMs as text encoders

({LLM-augmented KG emebdding)—(
~ LLMs for joint text and KG embedding

~LLMs as encoders
K(LLM-augmented KG completion)—~{

~~LLMs as generators

~ Entity discovery

Relation extraction
i

._( LLM-augmented KG construction Coreference resolution

End-to-End KG construction
- Distilling KGs from LLMs
Leveraging knowledge from LLMs

\{ILM-augmented KG to text generation)»-(

&

LLMs for constructing KG-text
aligned Corpus

~ LLMsas entity/relation extractors
\(LLM-augmented KG question answering )...(

*~LLMs as answer reasoners

Synergized Knowledge Representaﬁon)

LLM-KG fusion reasoning

Synergized Reasoningj—(

~LLMs as agents reasoning




Information Retrieval and Logic

In 1986, two papers by Keith van Rijsbergen initiated quite a movement aiming to
develop retrieval models grounded in (non-classical) logic, using plausible
inference instead of a strict inference.



1. PREFACE

In the last few years, I have become increasingly dissatisfied with the state-of-the-art in information
retrieval. I have reluctantly concluded that the fundamental basis of all the previous work is wrong.
Almost all of the previous work in Information Retrieval (including my own) has been based on the
assumption that a formal notion of meaning is not required to solve the information retrieval problems.

Typ:.cally, researchers have assumed that one could get by, by only considering absence or presence of wo

ing information about the distribution of words. Al such an
approach has been successful up to a point, it has become clear that further advances in the effectiveness
of retrieval by such techniques are not possible. My observation is that performance based on statistical
techniques has reached its theoretical limit and any attempts to achieve further improvements are a waste
of time. This is not to say that systems based on these techniques are not worth building; on the contrary,
they are because it is the best we have to date. But to build a new generation of Information Retrieval
systems,| a new theory will be needed.




Information Retrieval and Logic

In 1986, two papers by Keith van Rijsbergen initiated quite a movement aiming to
develop retrieval models grounded in (non-classical) logic, using plausible
inference instead of a strict inference.

An extra benefit of such a new theory for information retrieval would be that its
formalization using, e.g., situation theory (Huibers et al., 1996) could also serve as
a meta-theory for IR; a theory that could help decide questions as whether a
retrieval model should be non-monotonic (i.e., relevance estimates may change
upon the availability of new information).



Why logic for IR?

Consider two users with different ideas of relevance but submitting the same
request; they should get different probabilities of relevance.

Van Rijsbergen (1986) proposes to separate the logical implication s — g from the
measure of its uncertainty, P(s — q)

e separating the process of revising probabilities from the logic, and
e separating the treatment of relevance from the treatment of documents and
request.



Why logic for IR?

Chiaramella and Chevallet (1992) argue that:

“The logic model thus shows in a neat way how knowledge bases could be
used while processing queries.”

“This intrinsic power of logic is the best available way for the integration of
recent approaches such as Al and NLP within a coherent, controllable,
framework.”



Why logic for IR?

Fuhr (2000) introduces a combination of Datalog with probability theory, writing:

“This approach allows for easy formulation of specific retrieval models for
arbitrary applications, and classical probabilistic IR models can be
implemented by specifying the appropriate rules. In comparison to other
approaches, the possibility of recursive rules allows for more powerful
inferences, and predicate logic gives the expressiveness required for
multimedia retrieval. Furthermore, probabilistic Datalog can be used as a
query language for integrated information retrieval and database
systems.”



More grip on “relevance”?

Different relevance criteria:

e Topicality: the classic question of aboutness

e Readability: can | understand the text?

e Authoritativeness: can | trust the text?

e Child-suitability, timeliness, etc

A logical model for IR (e.q., specified as a probabilistic datalog program) would
allow us to express the relevance criteria directly in the retrieval model, instead of

handling these separately.



Really, user goals in
natural language only?

More grip on “relevance”?

Inherently dependent on user, task, context. o

User User Search Engine User User

Decompase goal Into quaries
. R b required travel | Retrieve relevant

pages uwng
*  Saarch local tourist attractions : rds

«  Find restaurant reviews

User User Agent User

Retrieve, aggregate,
and synthesize

relevant knowledge
Into an answer

With “agentic search” (White, 2024), more of task and context will become part of

the “search” than before, not less! Defining the expected result precisely will be
crucial input to drive “search agents” and assess success or failure of intermediate

steps.



Abductive Reasoning

A logical framework could enable a new type of reasoning to assess relevance,
different from classic deduction (databases) and inference (classic IR), known as
abduction (the “Sherlock Holmes Solving Methodology”).

Abductive reasoning may be more appropriate in the context of incomplete
knowledge, that is inherent to all “true” information retrieval tasks (beyond Q&A).

E.g., promising for modelling relevance feedback, where the reasoning process
constructs an “explanation” — a descriptive representation or subset of features —
that best accounts for why the user marked a subset of documents as relevant.

lan Ruthven, Mounia Lalmas, and Keith van Rijsbergen. 2001. Empirical investigations on query modification using abductive explanations. In
Proceedings of the 24th annual international ACM SIGIR conference on Research and development in information retrieval (SIGIR '01).
DOI: 10.1145/383952.383986



https://sherlockholmes.com/blogs/news/abductive-reasoning-and-the-sherlock-holmes-solving-methodology
https://doi.org/10.1145/383952.383986

LINC: Logical Inference via Neurosymbolic Computation

A two-step neurosymbolic process for logical reasoning:
Convert natural language premises and desired conclusion into first-order logic.

Let a symbolic FOL theorem prover algorithmically determine the truth value of the
conclusion given the formalized premises.

In practice, they try 10 different attempted formulations from step 1 and apply a
third majority voting step.



LINC: Logical Inference via Neurosymbolic Computation

Step 1: Premise:
Semantic Premise:
Parser Conclusion:

Input
ALl rectangles have four sides.
All four-sided things are shapes.
Are all rectangles shapes?

s

<PREMISE> all x. (rectangle(x) -> foursides(x)) </PREMISE>
<PREMISE> all x. (foursides(x) -> isshape(x)) </PREMISE>
\‘<CONCLUSION> all x. (rectangle(x) -> isshape(x)) </CONCLUSION>

Sample 1

v

=

\ 4

Step 2:
Logic
Theorem

v

A\ 4

Prover

v

/
Sample 2
<PREMISE> all x. (rectangle(x) -> foursides(x)) </PREMISE>
<PREMISE> all x. (foursides(x) -> isshape(x))) </PREMISE>
<CONCLUSION> all x. (rectangle(x) -> isshape(x)) </CONCLUSION> )
Sample 3
<PREMISE> all x. (rectangle(x) -> foursidedthings(x)) </PREMISE>
<PREMISE> all x. (foursidedthings(x) -> isshape(x)) </PREMISE>
K»<CONCLUSION> all x. (rectangle(x) -> isshape(x)) </CONCLUSION> )
Sample N
<PREMISE> all x. (rectangle(x) -> foursides(x)) </PREMISE>
<PREMISE> all x. (foursidedthings(x) -> isshape(x)) </PREMISE>
\»<CONCLUSION> all x. (rectangle(x) -> isshape(x)) </CONCLUSION> )

v

v

( \ l Sample 1

True

r 3

SR

| Sample 2

True
-/

I Sample 3

Error
oy

] Sample N

Step 3:
K-Maj
Voting

True
e —

v

Unknown

g0

T




LINC: Logical Inference via Neurosymbolic Computation

ALl rectangles have four sides.
All four-sided things are shapes.

>
Are all rectangles shapes~ F—
r_L| Examples
1

an

EEYALU:E)rectangles have four sides <EVALUATE> cof <EVALUATE> lL

FOL: all x (rectangle(x) -> foursic:.les(x)) Since all rectangles have four NL:  ALL rectangles have four sides.
<EVALUATE> NL:  ALL fo 5 = id d all £ _sided thi FOL: all x. (rectangle(x) -> foursides(x))

3 our-sided things are shapes. sldes, and a our-side: ings B S re e e

ANSWER: True FOL: all x. (foursides(x) -> isshape(x)) are shapes, then all rectangles FOL: all x. (foursides(xg i isshax(;())
FEN BEs EIGL A{f - regttang{es s“‘:“;e?? h must be shapes, so True! NL: Are all rectangles shapes?

o et SR ANSWER: True FOL: all x. (rectangle(x) -> isshape(x))

; </EVALUATE> </EVALUATE>
</EVALUATE> /
@

All dogs are mammals.
Harry is a dog.
Is Harry a mammal?

<EVALUATE>

(

4 = string concatenation

)




Failure Modes comparison

L1: FOL fails to capture implicit information not mentioned in the premises.

L2: FOL fails to capture information explicitly mentioned in the premises due to the
choice of representation.

L3: FOL contains syntax errors.

C1: CoT concludes something different than it suggests.
C2: CoT makes incorrect logical deductions.

C3: CoT fails to find complex paths of reasoning.

LINC and CoT mispredict on different examples, and mispredictions of in-context
reasoning baselines are more similar to each other than to LINC.



Theorem Proving for IR?

Imagine a Logician who knows Probabilistic Prolog.

She answers the complex entity-seeking queries from the QUEST dataset (sets of
Wikipedia entities defined through combinations of set-theoretic operations,
intersection, union, and difference).

The Logician consults the Oracle, an LLM that estimates the plausibility of the
facts stated in the ProbLog programme. Note that the Oracle could be wrong!



Query (q): Some non-fantasy
parody comedy books.

Parsing Prompt

Step #2 Query Decomposition

PR\
W/
\ /4

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

' (({x} is a book)

1 AND

i ({x} is a comedy book)

1 AND

i ({x} is a parody book)

1 AND

L (NOT

; ({x} is a fantasy book)))

OrLog

Step #3

Plausibility Estimation

Truth Valuation Prompt

O e;’s Wikipedia entry

@ e is a fantasy book.

e Is this statement True/False?

(1) Decoding-Free Forward Pass

(2) Softmax Over Logits

0.971

Step #4
Probabilistic Inference

ProbLog Program

0.959::is_a_book(e;).
0.982::is_a_comedy_book(e;).
0.981::is_a_parody_book(e;).
0.971::is_a_fantasy_book(e;).
result :-

(((is_a_book(e;),
is_a_comedy_book(e;)),
is_a_parody_book(e;)),
\+(is_a_fantasy_book(e;))).

query(result).
&

p(qle;)=0.026

Step #5 Reranking
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OrLog results

OrLog consistently improves top-rank results and shows its largest advantages on
disjunctive structures, where the LLM treats disjunctive constraints as conjunction.

End-to-end LLM reasoning uses 6-10 times more tokens than OrLog:

(i) decoding-free predicate plausibility estimation (a single forward pass per
predicate)

(i) one-off query parsing with composition delegated to ProbLog, whose runtime
and computational cost are negligible relative to an LLM call.

Mohanna Hoveyda, Jelle Piepenbrock, Arjen P. de Vries, Maarten de Rijke, and Faegheh Hasibi. 2026. OrLog: Resolving Complex Queries with
LLMs and Probabilistic Reasoning. In Advances in Information Retrieval: 48th European Conference on Information Retrieval, ECIR 2026, Delft, NL.
doi: 10.1007/978-3-032-21289-4 7



https://doi.org/10.1007/978-3-032-21289-4_7

ProbLog vs LLM for Probabilistic Reasoning

G G (.40
G[o]2 % 6 ]r]22
G|~0O]|.88 G |~P|.78
~G| O |.55 ~G| P |.87
~G|~0| .45 ~G|~P|.13
Context

G event is True with 40% Probability.
P event is True with 22% Probability,
P event is True with 87% Probability,
O event is True with 12% Probability,
O event is True with 55% Probability,

if G event is True.
if G event is False.
if G event is True.
if G event is False.

Answer

Extract the probability numbers.

G=0.40, P|G=0.22, ...

Generate the Bayesian Network.

G->P,G->0

Context: Green event is True with probability of 80%. If Green event is True, then Pink event is True with probability of 10%.If Green event is True, then Pink event is False with
probability of 90%. If Green event is False, then Pink event is True with probability of 20%. If Green event is False, then Pink event is False with probability of 80%.

Question: What is the probability that Green event is True and Pink event is True?

Basic QA
Basic QA Instruction: Solve the
following probabilistic question and
generate the probability of the answer
by only providing a number.

Context  Question

Program-aided Language Models (PAL)
Subtask Instruction: Extract the probabilities

of Bayesian Network that is described in the context.

PAL Instruction: Solve the following probabilistic
question by writing a Python code. Include the

mathematical reasoning in the form of comments. Assign

your final answer to a variable named answer.

Answer: 8% J

Chain of Thought (COT)

COT Instruction: Solve the following
probabilistic question and provide a
detailed explanation of
the mathematical reasoning. At the
end, write a sentence that will give the
final answer rounded to an integer.

Context | Question

Answer:

This probability can be found using
the conditional probability:
P(g, p)=P(9)"P(plg) =
0.80 *0.10 =0.08
The final answer is 8%.

Context  Question

/Answer:

Pr_g t = 0.80

Pr_g f = 0.20

Pr_p t gvgt=20.10
Pr_p_f gv_g t = 0.90
Pr_p_t_gv_g f = 0.20
Pr_p_f_gv_g f = 0.80

# This can be found using the
# conditional probability:

# P(g, p)=P(9)*P(plg)

# where g is True and p is True

answer = Pr_g t p_ t

Monte Carlo Inference Algorithm

Subtask Instruction: Generate the edges of
the described Bayesian Network in the context

Monte Carlo Instruction: Solve the following
probabilistic question by writing a Python code:
using a Monte Carlo algorithm. Assign your
final answer to a variable named answer.

Context  Question

/Answer:

# Graph structure:
# green -> pink ,
def simulate():
g = random()<0.8
if g:
p = random()<@.1
else:
p = random()<@.2
return g, p
cgtpt=20
for _ in range(N):
g,p=simulate()
if g and p:
c g t_p t4=1
answer=c_g_t_p_t/N

ProbLog

ProbLog Instruction:
Solve the following
probabilistic question by
writing a Problog code
that represents the
probabilities, and the
query.

Context  Question

Answer:

ink:-\+green.
0.1::pink:- green.

ql:- green, pink.

What is the probability of event P?

61%

Figure 1: An example from the BLInD dataset including
an underlying Bayesian network, its textual description, and

probabilistic queries in natural language form.

Figure 2: This figure shows our main prompting approaches, PAL, Monte Carlo, and ProbLog, alongside the baseline ap-
proaches, Basic QA and COT. Each prompt begins with an instruction (purple boxes) that describes the problem and the answer
format. Then, the context, question, and answer are demonstrated depending on the approach. We display only the first in-
context example here but use 3 in our experiments. When we require the use of our designed subtasks in the prompt, their
instructions and answers are prepended to the main approach, as shown in the PAL method for Number Extraction and the
Monte Carlo method for Graph Generation.
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ProbLog vs LLM for Probabilistic Reasoning

Model Method V2 V3 | ‘/4 I ‘/'5 Vs V7 Vg Vg I V10 1 V2 -5 Ve —10 ‘/2 —10
PAL 66 | 34 25 17 14 9 6 5 2 35 7 19
PAL w/NE 8 | 66 | 41 27 19 | 12 5 3 6 54 9 29
GPT3.5 Monte Carlo 79 | 63 | 71 65 | 41 | 32 | 33 18 14 69 27 46
Monte Carlow/GG | 85 | 82 | 83 @ 68 | 42 | 31 28 18 8 79 25 49
ProbLog 87 | 82 | 88 75 | 59 | 52 | 46 | 38 @ 35 83 46 62
PAL 100 | 84 | 57 36 | 31 | 20 | 10 | 14 8 69 17 40
PAL w/NE 100 95 | 71 52 | 46 | 28 16 | 16 9 79 23 48
Llama3 Monte Carlo 100 100 | 96 96 | 92 | 8 | 77 | 72 64 98 78 87
ProbLog 90 | 95 92 87 | 95 | 94 | 87 | 82 | 78 91 87 89
PAL 100 8 | 70 S8 | 50 | 27 | 21 14 7 78 24 48
GPT4 PAL w/NE 99 | 96 | 78 64 | 43 | 26 | 14 | 14 | 10 84 21 49
Monte Carlo 100, 99 | 98 100 92 | 94 | 92 | 90 | 88 99 91 94
Monte Carlow/GG | 100| 97 | 99 98 | 97 | 96 | 88 | 92 | 85 99 92 95
ProbLog 99 | 98 | 100 100| 96 | 97 | 97 | 98 | 96 99 97 98

Table 4: GPT3.5, Llama3, and GPT4 accuracy results, presented as percentages, for the PAL, Monte Carlo, and ProbLog
methods. w/NE and w/GG denote the inclusion of Number Extraction and Graph Generation. The columns represent dataset

splits V;, and the average results for smaller BNs V5, _5, larger BNs V5_1¢, and all BNs V5_ . .



Wrapping up Part 4.1

Neuro-Symbolic Computing
Reconciles the advantages of robust learning in neural networks and reasoning and interpretability of
symbolic representation.

KGs and LLMs

The amount of research that mixes knowledge graphs and large language models is tremendous, but has as yet not had a
lot of impact on our field specifically.

Logic and IR
The idea to apply (non-classical) logics to improve information retrieval has a long history in the field. Modelling information
access symbolically may have many advantages. Will we manage to finally take up this huge challenge again?

LLMs & Probabilistic Logic Programming
LLMs can turn complex questions into probabilistic logic programs and provide the probability estimates needed for a solver
like ProbLog to provide the answer, more accurately and at a lower cost.
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V. Reasoning Under Uncertainty



Outline

What we have seen so far

e Reasoning as a multi-step inference strategy (e.g., CoT, "thinking")
e [earning-to-reason on static information with grounded signals and
gradient-based model updates

What this session discusses

e Uncertainty as the control variable of retrieval, and search agents

e Bayesian reasoning as a framework to navigate uncertainty

e Actbased on current “beliet” and updating a model's beliefs via
observation
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Why Bayesian methods show up in LLM work

e LLMs are powerful but overconfident, poorly calibrated and brittle in
multi-step reasoning

e The papers discussed in this section (next slide) introduce
o explicit beliefs
o principled updating
o decision-making under uncertainty

Question: Where do we plug Bayesian methodology into the LLM
training?
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Reasoning Under Uncertainty

. Examples of Uncertain Objects
e Step 1: Choose the uncertain

e hypothesis support (AutoDiscovery)

object
_ : , reasoning uncertainty (Reasoning
e Step 2: Approximate a posterior in Flux)
over it

_ e Supporting evidence in RAG
e Step 3: Use that posterior to act

Reasoning in Flux (Yin et al., 2024)
AutoDiscovery (Agarwal et al., 2025)
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Bayes as a control signal

Reasoning in Flux (Yin et al.,
2024)

Tracks token-level uncertainty
during CoT

When uncertainty jumps, it
backtracks

Then injects "reasoning clues”
to repair the chain

Question:

Janet’s ducks lay 16 eggs per day. She eats three for
breakfast every morning and bakes muffins for her friends
every day with four. She sells the remainder at the farmers'
market daily for $2 per fresh duck egg. How much in dollars
does she make every day at the farmers' market?

Correct Reasoning:
[1] [2] m
(3] [4]
[5]

Wrong Reasoning:
[1] [2]
[3] [4] b
ins. [5] [6] uff
[7] [8]

Correct NLL Distribution:

Wrong NLL Distribution:




Does UQ methods generalize to RAG? (Spoiler: no)

An axiomatic analysis (Soudani,
Kanoulas, Hasibi. Findings of ACL 2025)

¢ Five formal axioms any uncertainty estimator
should satisfy once retrieved evidence enters the
prompt

¢ No existing method satisfies them all —
estimators report LOW uncertainty in RAG
whether or not the context is relevant

¢ Simple fix: calibrate uncertainty scores with
context-relevance signals

~_ Context:

Manchester United Football Club is a professional football club ... changed
its name to Manchester United in 1902 and moved to its current stadium,
Old Trafford, in 1910.

,3.\ Question: What is the name of manchester Old Trafford Y]
= united stadium? Wembley Stadium (X)
e e e e IS O T BTt i -

1
1
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1
1
1
1
1
1
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1
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Uncertainty as the control signal of search agents

R2C: UQ for retrieval-augmented reasoning (Soudani, Zamani, Hasibi, 2025)

® Perturb intermediate reasoning steps (rewrite query, critique, re-validate) and measure outcome consistency

* >5% AUROC over strong UQ baselines; drives abstention and model selection

? What team was Horace Grant's twin brother traded to after the 1992-93 Washington Bullets season?

Perturbation Actions

}

Document sets

(Thinks, Querys)
Document set.

(Thinks, Response)

h
@ Orlando Magic

)

Scoring Function: Majority Voting

Document set, Document set;

ey o . Query critical  Answer
Most-likely Multi i o alidati
- (Think,, Querys) $ b $ —1
r= ——
B Document set;
! Retriever! - ]
{ f (Thinks, Query) (Thinks, Query) (Think,, Query) Path Summary
1 | T Document set; Document set;
H H = . (Thinks, Querys)
' ' T (Think;, Query) (Think, Query) et
' ' s Vsl Document sets
H
H H

(Think
(Thinks, Query) (il OV

Document sets

(Thinks, Querys)
Document sets

Document sets

= (Thinks, Response]
(Thinks, Response) (Think, Querys) pzResponse)
Document sets

(Thinks, Response)

Y Y ¥
Portland Trail Blazers Seattle SuperSonics Orlando Magic

Confidence Score: 0.66

() Portland Trail Blazers

Evaluation Results
UQ Performance

PE| 48.81
SE 57.51
SefC 74.29
ReaC 76.52
Ptrue 76.65
R2c [ 159
AUROC
Abstention
RrrC| 69.79
el .8
sefc| 7972
Reac| 80.79
R2C 85.62
AbstainF1
Model Selection
ReAct| 2513
SearchR1| 33.0
LLMBIr| 27.47
RAGENS| 37.0

recse! [ o

ExactMatch

Figure 1: R’C overview. Given a user query, the agent (LLM) first generates the most-likely reasoning path leading to the most-
likely response (left, yellow). To estimate uncertainty, R’C creates multiple perturbed generations by randomly altering states
in the reasoning path (middle, gray). The confidence score is then derived via majority voting. R’C significantly outperforms
established UQ methods and achieves significant improvements on two downstream tasks: abstention and model selection.

Step 3 of the lens, applied to IR: the posterior decides when to retrieve, when to stop, and when to abstain.




Takeaways

e Reasoning under uncertainty with LLMs means

O

O

O

choosing what is uncertain
approximating a posterior
using it to make better decisions

e The papers in this tutorial use UE methods to

O O O O O

explore better

predict more reliably

"repair” reasoning

update beliefs

fine-tune with calibrated uncertainty

127



Bottom line

Can Bayesian methods enhance the reasoning capabilities of LLMs?

Probably

That was thelworstjokelever.
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5. Bridging current methods/challenges
& future directions



Comparative analysis of existing reasoning
paradigms along key dimensions:

A. Representational Capabillity,
B. Inference Faithfulness,
C. Computational Feasibility.



Here again: A 12-type taxonomy, with evaluation coverage

Reasoning type
Deductive
Inductive
Abductive
Analogical
Causal
Defeasible
Modal
Epistemic
Dialectical
Temporal
Metacognitive

Practical

IR manifestation

Logical entailment between query and document
Generalizing from retrieved evidence to claims

Query intent inference; hypothesis formation from evidence
Cross-domain retrieval; structural relevance beyond surface
Distinguishing correlation from intervention evidence
Provisional relevance; belief revision on new retrieval
Tracking claim strength (established/contested/speculative)
Knowledge state tracking across a literature over time
Mapping argumentative position within a field's disputes
Evidence currency; supersession; historical state tracking
Query reformulation; knowing when to stop; uncertainty flag

Search strategy decisions in agentic pipelines

Coverage
Partial
Partial
Untested
Untested
Untested
Untested
Untested
Untested
Untested
Partial
Partial

Untested
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How do the discussed methods compare?

Representational capability

E.qg., Does reasoning proposals explicitly encode
uncertainty, causal relationships, etc.?

Inference faithfulness

Representational capability

Can faithfulness of the reasoning process be
verified?

Computational feasibility for IR

Is the reasoning process computationally feasible
over a large set of documents?




Representational
capability

E.g., Does reasoning
proposals explicitly
encode uncertainty,
causal relationships,
etc.?

Inference-time
reasoning
with LLMs

CEVCHER
Reasoning

Where would you place the methods?

Inference
faithfulness

Can faithfulness of
the reasoning
process be verified?

RL-training
LLMs for
reasoning

Enhancing the
representation
space

Computational
feasibility for IR

Is the reasoning process
computationally feasible
over a large set of
documents?

Neuro-
symbolic

Enhancing
training data

Representational capability




Our reading: the trade-off map

Method family Representational capability |Inference faithfulness Computational feasibility

Inference-time LLM reasoning (CoT, ToT,
ReAct)

RL-trained LRMs & search agents (Search-R1,
Rank-R1)

Multi-agent (-component) systems
Neuro-symbolic (e.g. OrLog)

Bayesian / probabilistic (this section)

Enhanced representations (LogiCoL, ReasonIR)

e strong © partial o weak

o implicit; no explicit logic or
uncertainty

o implicit

© specialized roles, richer
decomposition

e explicit logic + probabilities

o explicit, calibrated uncertainty

© setlogic / reasoning trained
into vectors

o traces exist but can be
unfaithful

© sharper but narrower
(pass@k); mainly outcome-only
reward

o distributed trace — harder to
verify

© solver steps are auditable

© posterior is inspectable

o Performance and
generalizability debatable

(our synthesis: argue with us, that’s the point of this slide)

© pay per query, grows with
chain length

© heavy training, inference cost
varied

o coordination & token
overhead

© cheap solver; but LLM parses
& scoring still expensive

© Varied. Can be costly in
sampling methods.

e dot-product retrieval at corpus
scale



No paradigm wins all three axes nor the 12 types taxonomy.

LLMs: Generalizable, difficult to verity reasoning traces.
Neuro-Symbolic methods: better reasoning guarantees but very low generalizability.
Bayesian methods: can potentially alleviate calibration.

Enhanced representations; easy to scale, but difficult to achieve high performance with
retrievers alone.

Verification Current deployed system can not certify their reasoning trace. What would a TREC-style track for
inference faithfulness measure?

Performance vs cost BRIGHT went 18 — 30 — ~67 nDCG@10 in two years, mostly by spending more test-time
compute. When is a reasoning-intensive query worth its token bill? (adaptive escalation, retrieve-when-uncertain)

Coverage Abduction, defeasible and dialectical reasoning — the taxonomy rows IR never tests. How can we build
such benchmarks?

The bitter-lesson question Will trained retrievers simply absorb reasoning into the representation, making
explicit structure unnecessary? or is structure exactly what scaling can't achieve?

Multi-aspect benchmarks Not just correctness of final answer but other aspects, e.g., cost, reasoning faithfulness,
various reasoning types, generalizability.
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