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Building an Adaptive and Modular Memory
To Solve (Knowledge-based) Reasoning Tasks
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Test-Time Inference with Adaptive Memory
To Solve (Knowledge-based) Reasoning Tasks
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LLMs process enormous amounts
of information during pre-training, but:

• can they generalize from it?

• can they preserve acquired knowledge? 

• can they retrieve it on demand?

➥ Memorization and generalization ability?

• LLMs suffer from catastrophic forgetting (Fu & Frank 2024)

• Learning requires challenging tasks but 

    Test-time inference 
    does not profit from ‘experience’

How to provide an adaptive memory to LLMs for efficient test-time inference?
• Many approaches are being explored (Wu et al. 2025)

When Machines Remember Better Than Humans: 
The AI Memory Advantage (but we are not yet there ...)

https://watermark02.silverchair.com/tacl_a_00680.pdf?token=AQECAHi208BE49Ooan9kkhW_Ercy7Dm3ZL_9Cf3qfKAc485ysgAAA0gwggNEBgkqhkiG9w0BBwagggM1MIIDMQIBADCCAyoGCSqGSIb3DQEHATAeBglghkgBZQMEAS4wEQQMGaiEpMNx9ycblx1uAgEQgIIC-wirUVh1RplmPYCVbxOc7VFxIxjQm060-OmLfRI0ll8jy4KV33LplkeX2zF0H6BpMPl3efAG3o5wI0TcuGAsJJgd5tknRthgoR3TF7HDbpE8wXNmTFfG_6zvQvdpiL7Ae48J5s-zAYysbzwFPnT6HIIjfnSOxA-H9QvS5uafvpny_A77Xql7wMmNrmZ_wdx6y4CgGOpgSvmpDV3AnsEeYJIBZKVe05_KKH-DpU33xTdHBMbIWPKhyrr6CI-6RQEV-uXdzZnnrGnGRQFN243BP6jXpxyy43HR3aGte_PZi1_cU57sTMydZ77E0bPox4qYBTlLQ7lS7ITlySo2616mlFt5E5oadRpF_CC0Gmq-7kOdqQGCtUKeLvKLPoemlmfUXm4L5mBlhE02f64C_HeGfDIkU9HjpQ62w6IHYis6Wy5cyvdCeUGdvCx5S0MvBcZXDu6mHnYGwpcQ6AN3XRtxdmdzlVbF1t2NmFAZThzD-v5AZ7_Hjqz75fvIuvUqYMY__koitfR3vbdk--Ak731t1o5y_8yHAIeafhdPy87tGFhyLt41zys3XRwpSWEQ5MesUPPs0VaLrVg1rJbDSRXI8BizcbfK805HpFJh_1f6ToJ_SG7CJk9a3SSbRggk1HrPDSZH48hvne5PRpFlX0-M53sV3dBeLsu5qlbDh-QnaO7cUlz828FQJRn-rdyqt5uYZyPzy7PD4z1tELTiW_rWWNL62CHoekFp-4j8cytXCH_uie7cIqGpR7pap_tm75IuM-40b8q_fzsVuZZPVUu51A8ryunpMKjkERLdK85x5GPK3c3AjYjtY_XlX-A0sgiV4CrMNW_p6SmLy_OcqKehTSrWlk-NgIWc-2NQyvL7F2qH85wIDWPF2UDTUzYmNQ6oLSTtqhxdtKRLlcnK2sRxrezJxpySaRoc_JIp7JA3Vn_701INIGNBdtwYsudS_qJ9K3vbx3Lrc0jACIEwNN3_UmTMuh9u_FcDGz4fE02Ha-JKDNvK6pHDmUsCl3Q
https://arxiv.org/html/2504.15965v2
https://www.myaifrontdesk.com/blogs/when-machines-remember-better-than-humans-the-ai-memory-advantage
https://www.myaifrontdesk.com/blogs/when-machines-remember-better-than-humans-the-ai-memory-advantage


Dynamic Cheatsheet – Test-Time Learning with Adaptive Memory

• Equip black-box LLMs w/

• persistent, 

• evolving memory 

• at inference time 

➥  augment LLM experience

➥  no model updates; 
    instead: extending and refining memory

➥  preserve refined memory across sessions
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Suzgun, M., Yuksekgonul, M., Bianchi F., Jurafsky, D., Zo, J. (2025): 
Dynamic Cheatsheet: Test-Time Learning with Adaptive Memory, arXiv

https://arxiv.org/abs/2504.07952
https://arxiv.org/abs/2504.07952
https://arxiv.org/abs/2504.07952


Key Features

• Persistent Memory:  grow & use knowledge base (memory) during inference

• Self-Curated Storage: concise, transferable information vs. full transcripts

• Black-Box Compatible: requires no access to model parameters

• Zero-Shot Learning: improves w/o supervision or human feedback

• Experience-Driven Learning: isolated inference events cumulative learning

4

Augment, refine (curate) 
and use an evolving 

cheatsheet during test-time



Dynamic Cheat Sheet (DC) Variants

1. DC-Cumulative (DC-Cu): 
A growing cheat-sheet accumulates knowledge from all queries.

• Good for sequential problem solving

• Insights can build upon each other (➥ curriculum learning)

2. DC-Retrieval & Synthesis (DC-RS): 
a. Similarity-based retrieval: find prior experiences

b. Synthesize them into a cheatsheet for each query. 

• Ideal for tasks with diverse queries

5



Dynamic Cheatsheet (DS) – Variants and Steps
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xi
yi

Baseline QA or Conversational Setup:
for each input xi , the model generates an answer yi in test time inference 
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xi
yi

Dynamic Cheatsheet (DS) – DC-∅(empty memory) 

Memory (empty, not used): similar to BL, since M = ∅
for each input xi , the model generates an answer yi in test time inference 
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xi
yi

Dynamic Cheatsheet (DS) – DC-CuCuration

Memory Curation   Cur (Mi-1 , xi , yi ) using Mi-1 from previous interactions
for each input xi , the model generates answer yi in test time inference, 
− using knowledge Mi-1 gained from prior experience, and
− integrating xi, yi with Mi-1 to yield new memory state Mi

Cur  (i) distills useful and generalizable answers into a form suitable for later reference, 
        (ii) refines or removes existing memory entries (if they are superseded by new solutions,
       (iii) consolidates memory entries to retain succinct, high-impact references and heuristics.

Cur does not have 
access to ground 

truth, but ..

… can use tools and models
to verify the validity of the solution 
and transform it into generalizable 

and efficient strategies or code.
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xi
yi

Dynamic Cheatsheet (DS) – DC-CuCuration

Cur  (i) distills useful and generalizable answers into a form suitable for later reference, 
        (ii) refines or removes existing memory entries (if they are superseded by new solutions,
       (iii) consolidates memory entries to retain succinct, high-impact references and heuristics.

Weaknesses of DC-Cc: 
1. memory is updated after query processing; is not refined before response generation  
2. does not store or revisit past input-output pairs unless explicitly retained in memory 
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xi
yi

Dynamic Cheatsheet (DS) – DC-RSRetrieval&Synthesis

DC-RS: Retrieval (Retr) & Synthesis 
(1) retrieves top-k (k=3) most similar inputs,

with model-generated outputs from seen samples
to yield Ri(k) (or Ri). 

(2) jointly with Mi-1, Ri is passed to curator Cu
to update the memory, yielding Mi. 

(3) generator uses Mi to produce yi, given xi and Mi. 



Performance Improvements

• Mathematics: Claude 3.5 Sonnet: retains algebraic insights on AIME math exams

• Puzzles: GPT-4o: Discovers and reuses Python-based solutions on Game of 24

• Arithmetic: Near-perfect accuracy on tasks like balancing equations

• Knowledge-Intensive Tasks: GPQA-Diamond; MMLU-Pro Engineering & Physics problems
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Examples
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Examples
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Performance Improvements
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GPQA: A Graduate-Level Google-Proof Q&A Benchmark
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GPQA: A Graduate-Level Google-Proof Q&A Benchmark
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Observed problems and possible solutions     (Suzgun et al. 2025)

Long-context generation versus understanding.

• Memory curation can demand precise reproduction or modification of prior knowledge. 

• Models sometimes only references or abbreviates existing memory instead of rewriting it.  

Such truncated memory updates can reduce the quality of stored heuristics over time. 

• Solution: maintain a structured, external KB that the LM can reference w/o regenerating text each time

Retrieval bottlenecks and noise

• Poorly filtered retrieval mechanisms can introduce confusion, especially with diverse or loosely related queries. 

• GPT-4o’s performance occasionally dipped in GPQA-Diamond due to suboptimal retrieval choices. 

• Need robust retrieval methods that select higher-quality exemplars.

Hierarchical and modular memory 

• Specialized domains may benefit from subdividing or hierarchically organizing memory. 

• System could maintain separate curated memories for specific topics/domains with specialized retrieval or 

curation mechanisms. This could reduce the load on a unified memory and help isolate errors within domains.
17



Insights from DC, and how to improve in future work

‼  Model capabilities

‼  Structured memories ➥ Project I

‼  Modularization ➥ Project II

Your projects can take the next steps:

➥ Structured Memory: KG construction, augmentation and refinements
• Improve retrieval and generalization

➥ Modularizing Memory: Modularization using Mixture-of-Expert models
• Improve interpretability, domain specificity and performance

18



Project 1: Adaptive Structured Memory

How to?
• Text & KG in pre-training (+ FT on adapted memory?) (Dragon)

• Joint inferenceText & KB  in training & inference

• Graph-RAG (e.g., Plenz et al. 2023: CCKG)

• Graph Language Model (Plenz & Frank 2024)

19Dragon: pre-training only GLM: pre-trained LLM + GLM FT on text & subKG 

Unifying LLMs and KGs: A Roadmap 2024 
access via Heidelberg University

https://proceedings.neurips.cc/paper_files/paper/2022/file/f224f056694bcfe465c5d84579785761-Supplemental-Conference.pdf
https://aclanthology.org/2024.acl-long.245/
https://dl.acm.org/doi/abs/10.1109/TKDE.2024.3352100


An Adaptive Structured Memory 
for Memory-augmented Reasoning Tasks

• Method
• Select task datasets & resources & produce model explanations (ICL or Reasoning models) 

• Use data and model explanations to construct a KG from dataset samples (train)

• Design curation and retrieval methods (graph augmentation, refinements, resolving inconsistencies)

• Datasets & Tasks 
• ToM, SocialIQA, 𝛂-NLI/NLG, Commonsense QA 

• bAbI, dyna-bAbI tasks

• Frodo / Refiner ;  ExplaGraphs

• Evaluation 

• Ablations: DC +/- adaptive +/- structured Memory

• Model performances & qualitative analysis 

• Graph Construction evaluation: MINE; Graph Metrics

• Knowledge resources for intrinsic evaluation (see Proj II)
20

• Hypothesis-Driven Theory-of-Mind Reasoning for 
Large Language Models

• Dyna-bAbI: unlocking bAbI’s potential with dynamic 
synthetic benchmarking

• Making Reasoning Matter: Measuring and Improving 
Faithfulness of Chain-of-Thought Reasoning

• ExplaGraphs: An Explanation Graph Generation Task 
for Structured Commonsense Reasoning

• ... See also Proj II

https://openreview.net/pdf?id=yGQqTuSJPK
https://openreview.net/pdf?id=yGQqTuSJPK
https://openreview.net/pdf?id=yGQqTuSJPK
https://openreview.net/pdf?id=yGQqTuSJPK
https://openreview.net/pdf?id=yGQqTuSJPK
https://openreview.net/pdf?id=yGQqTuSJPK
https://openreview.net/pdf?id=yGQqTuSJPK
https://openreview.net/pdf?id=yGQqTuSJPK
https://openreview.net/pdf?id=yGQqTuSJPK
https://aclanthology.org/2022.starsem-1.9.pdf
https://aclanthology.org/2022.starsem-1.9.pdf
https://aclanthology.org/2022.starsem-1.9.pdf
https://aclanthology.org/2022.starsem-1.9.pdf
https://aclanthology.org/2022.starsem-1.9.pdf
https://aclanthology.org/anthology-files/pdf/findings/2024.findings-emnlp.882.pdf
https://aclanthology.org/anthology-files/pdf/findings/2024.findings-emnlp.882.pdf
https://aclanthology.org/anthology-files/pdf/findings/2024.findings-emnlp.882.pdf
https://aclanthology.org/anthology-files/pdf/findings/2024.findings-emnlp.882.pdf
https://aclanthology.org/anthology-files/pdf/findings/2024.findings-emnlp.882.pdf
https://aclanthology.org/anthology-files/pdf/findings/2024.findings-emnlp.882.pdf
https://aclanthology.org/anthology-files/pdf/findings/2024.findings-emnlp.882.pdf
https://aclanthology.org/2021.emnlp-main.609/
https://aclanthology.org/2021.emnlp-main.609/
https://aclanthology.org/2021.emnlp-main.609/


KGGen (Mo et al., 2025)
• KGGen: cluster entities to reduce sparsity

[available as Python library] 
• Generate: first entity, then relation extraction
• Aggregate: Combine unique entities & edges

in a single KG. 
• Cluster i) entities, then ii) edge using LLMs

• MINE: 
• Benchmark for KG construction quality
• KGGen shows superior performance

Knowledge Graph Construction Methods & Tools

Text2KG (Lairgi et al., 2024)
• Incremental, topic-independent zero-shot

KG construction using LLMs
• Modules: 

• Document Distiller;
• Incremental Entity Extractor; 
• Incremental Relation Extractor; 
• Graph Integrator and Visualization.

SAC-KG (Chen et al., 2024)
• Construct multi-level KGs using LLMs
• Modules: Generator, Verifier, and Pruner. 

• Generator: extract single-level KG by
producing relations and tails from text

• Verifier & Pruner: jointly correct generation
errors & trigger iterations for next-level KG. 

21

https://arxiv.org/abs/2502.09956
https://arxiv.org/abs/2409.03284
https://aclanthology.org/2024.acl-long.238/
https://aclanthology.org/2024.acl-long.238/
https://aclanthology.org/2024.acl-long.238/


Retrieval from existing KGs
Similarity-weighted Construction of Contextualized CS KGs (CCKG)

22

Plenz et al. 2023: Similarity-weighted Construction of Contextualized Commonsense Knowledge Graphs for 
Knowledge-intense Argumentation Tasks, ACL. 22

Overview
semantic embedding

 for each triplet

semantic embeddings
 for the argument (P, C, P&C)

semantic similarity 
of triplets to P, C, P&C

https://aclanthology.org/2023.acl-long.338/
https://aclanthology.org/2023.acl-long.338/
https://aclanthology.org/2023.acl-long.338/
https://aclanthology.org/2023.acl-long.338/
https://aclanthology.org/2023.acl-long.338/
https://aclanthology.org/2023.acl-long.338/


CCKG Construction Method

2
3

Overview

select concepts from 
most similar triplets; 

determine edge weights

Get shortest paths from P to C  that maximize similarity 
between path and argument;

path includes similar (relevant) intermediate concepts
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task agnostic

Outperforming 
supervised SOTA

https://www.flaticon.com/free-icons/kit

Extrinsic

High 
precision & 

recall of 
implicit CSK

Beneficial in 
downstream tasks

Comparable to GPT3-
based system

ValNov: Predicting Validity
and Novelty of Arguments

ExplaGraph: Predicting 
Explanatory Graph Structure 
from Argument premise & Conclusion

Evaluation



ExplaGraphs — Saha et al. 2021

Description

• Task: Predict Graphs and Stance
• Argument can be seen as Premise
• Belief can be seen as Conclusion

• Goldgraphs
• Relations similar to CN 
• Concepts are different from CN

• We create Artificial KG ExplaKnow 

by combining 
all train- and dev-goldgraphs

32

Saha et al. 2021, Figure 1

Saha et al. 2021: ExplaGraphs: An Explanation Graph Generation Task for Structured Commonsense Reasoning. EMNLP

https://aclanthology.org/2021.emnlp-main.609/
https://aclanthology.org/2021.emnlp-main.609/
https://aclanthology.org/2021.emnlp-main.609/
https://aclanthology.org/2021.emnlp-main.609/
https://aclanthology.org/2021.emnlp-main.609/


ExplaKnow — Intrinsic Evaluation

33

ExplaGraphs



Insights from DC, and how to improve in future work

‼  Model capabilities

‼  Structured memories ➥ Project I

‼  Modularization ➥ Project II

In your projects will take the next steps:

➥ Structured Memory: KG construction, augmentation and refinements
• Improve retrieval and generalization

➥ Modularized Memory? Modularization using Mixture-of-Expert models
• Improve interpretability, domain or task specificity and performance

34



Modularization in Data

35

Ideally, we’d like to

• Select parts of a dataset 
that pertain 
to specific domains to

• Train specialized models 
(experts)

• For enhanced training efficiency and task performance



Modularization in Data and Models

Or, we could

• Specialize different parts 
of a model (experts) 
to different parts of the 
data (domains and tasks)

• Allowing us to Mix, add or
remove experts as necessary

• To gain flexibility and customization at test time (+ enhance performance)
36

Modular Language Models



Modularization in Data and Models

37

Modular Language Models

efficiency

customize
flexibility

Or, we could

• Specialize different parts 
of a model (experts) 
to different parts of the 
data (domains)

• Allowing us to Mix, add or
remove experts as necessary

• To gain flexibility and customization at test time (+ enhance performance)



FlexOLMo                                                        (Shi et al. 2025)

➥ Modular: Incorporates experts  
   that can be cheaply customized 
   after training.

➥ Asynchronous: Train and 
  update different experts 
  independently at arbitrary scale.

➥ Sparse: Despite training many
   experts, use only a few experts at    
   inference time. 

38



Mixture of Experts (MoE)                           Shazeer et al. 2017

39

• FF layers contain several expert modules

• A router selects, for given inputs,
specific modules 
through which it is passed. 

• This way, a given module specializes
for a given function. 

For routing options see e.g.:
 Modular Deep Learning, TMLR.
Mixture of Cognitive Reasoners: Modular Reasoning with Brain-Like Specialization

https://openreview.net/pdf/926eb7b3819d528aa51aba7df1efd647f39afa05.pdf
https://arxiv.org/abs/2506.13331
https://arxiv.org/abs/2506.13331
https://arxiv.org/abs/2506.13331


FlexOLMo                                                        (Shi et al. 2025)

• Can experts be trained
independently 
on different sources?

• How to efficiently and 
flexibly recombine 
the modules? 

40
https://allenai.org/blog/flexolmo

Goal 1: independently train experts on disjoint (possibly private) data
Goal 2: add and remove during inference with no further training

Anchor the model on 
a single expert that 

all experts can share



FlexOLMo                                                        (Shi et al. 2025)

• Can experts be trained
independently 
on different sources?

• How to efficiently and 
flexibly recombine 
the modules? 

41
https://allenai.org/blog/flexolmo

Goal 1: independently train experts on disjoint (possibly private) data
Goal 2: add and remove during inference with no further training

How to recombine?

Create modules



FlexOLMo                                                        (Shi et al. 2025)

• Can experts be trained
independently 
on different sources?

• How to efficiently and 
flexibly recombine 
the modules? 

42
https://allenai.org/blog/flexolmo

Domain-informed
nonparametric router



Routing as a classification problem

Training:  n pairwise binary classifiers        Inference: a multi-class classifier

    Cpub vs. C1                                                            Cpub , C1 , C2 , …., Cn

     Cpub vs. C2

   ….

     Cpub vs. Cn

43



Routing as a classification problem

Training:  n pairwise binary classifiers        Inference: a multi-class classifier

    Cpub vs. C1          C1 vs. not C1                         Cpub , C1 , C2 , …., Cn

     Cpub  vs. C2          C2 vs. not C2 

   ….

     Cpub vs. Cn        Cn vs. not Cn

44

Idea: push decision boundary 
          towards the classes Ci 

               as much as possible! 



FlexOLMo: disentangling and merging experts

45



FlexOLMo: disentangling and merging experts
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FlexOLMo: disentangling and merging experts

47

merging 
abilities

retaining
abilities



FlexOLMo: Forging independent experts

48

• Removing an expert
(here: News) weakens the
targeted expertise (News)
-- but not others.

FlexOLMo
1. Modular, distributed model training 

with independent datasets
2. New routing scheme: freely add and 

remove experts during inference
3. Strong performance



Project II: Modular Reasoning Models

• Can we create memories for 
special knowledge domains
• for task specialization, 

better performance, flexibility 
and enhanced interpretability?

• Also: the human brain is 
organized in modules

• Are modularized models  
more cognitively plausible  
than standard LLMs?
(cf. AlKhamissi et al. 2025)

49
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/ 

https://arxiv.org/abs/2506.13331
https://arxiv.org/abs/2506.13331
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/
https://www.linkedin.com/pulse/cognitive-chronicles-unraveling-intricacies-human-memory-mandal-/


Are LLMs 
cognitively 
plausible?

50

• The Language Network
is connected to other
cognitive domains
• perception, motor 

planning, knowledge 
and reasoning in

• multiple demand (MD) 
network, situation 
modelling, theory 
of mind reasoning (ToM)

• in processes of language 
comprehension and 
production.

Fedorenko, E., Ivanova, A., Regev, T. (2024): The language network as a natural kind within 
the broader landscape of the human brain, Nature Reviews Neuroscience, 25, 289–312.

https://www.nature.com/articles/s41583-024-00802-4
https://www.nature.com/articles/s41583-024-00802-4
https://www.nature.com/nrn


Project II: Modular Reasoning Models
Anchor Model

• small-sized FlexOLMo (or other)

Module definition & induction

• Routing
• Cluster KG relations to 

characterise domains
• Domain classification 

w/ Linear/MLP classifier  
➥ Adapters

• Module Induction
• LoRA fine-tuning on
• mixed-domain datasets

Modularization evaluation
51

Data Selection
• KGs and reasoning datasets

Defining routing function
• Relation sets based on 

• ConceptNet, ATOMIC, 
WebChild relation sets

• Test on EWoK  (11 domains)

Evaluation of modularization
• Defined domains

• EWoK, ATOMIC, Soc.Chem. 101, ..
• Mixed domain datasets

• CSQA, 𝛂NLI, SocialIQA, HellaSwag

evaluate 
& refine

https://aclanthology.org/2020.emnlp-main.48/
https://aclanthology.org/2020.emnlp-main.48/


Domain specific knowledge

52
Elements of World Knowledge (EWOK): A Cognition-Inspired Framework for Evaluating Basic World 
Knowledge in Language Models, TACL 2025

https://watermark02.silverchair.com/tacl.a.38.pdf?token=AQECAHi208BE49Ooan9kkhW_Ercy7Dm3ZL_9Cf3qfKAc485ysgAAAzwwggM4BgkqhkiG9w0BBwagggMpMIIDJQIBADCCAx4GCSqGSIb3DQEHATAeBglghkgBZQMEAS4wEQQMi5pt9YbbNjUS3I3iAgEQgIIC7xd6Z7UkHYE-7YxNSjTyrZHo_XHpGfUieTGHW0yMiw6bifBucWUFcKeLobdgBe4fOg2ysTonjr3ydhdFVpuQ0aaIIJlsThFD2gGy3BFn4Z0xBCIL3njpv8eMl7ahRBl0FRP0Losy0Ioulcmoi0Vn07-zhZguRFtL5v7O9PXujUcfkzXjE2jL0URwxB1gtlVGWOjsa4FzNv3TM2G7Eo4w54JXEFXd_jOT7u3OPTN0AnAj_k-5h5jJh84tsfJAgA3qY-E2dwhOUB8czfq8Huvct5j4EpobWDIM_XsFiGcSLuDD-yiDnaQga3rUh0jS2PHWsW-mDmE35DtZaUeAW5ZTf3-8YRReL3qZnbobZqJvaDfS55bZffTLc-Wz4pyDd8_I16PCu3cuRZQEXKFVc3b39y-mx2kJy1VWbgJMHR8h4o_GlQHobNW1PPx5_fDM0U8YjZv6asT9OV0_Tk_1IJioySIdZJRjJztMXiKxOhDs3XyCiEWDsO1Y0tEvoc6fDcVSTYeouQD3w4Le3W5syXbNbo48OGJRHdpJE6sDK1ysIMIWgY273zo85pjQNQSB7zFJxLvnjw2Ai2X8A7DMvwPHeg3fEtfWiQ8QdjT_tH-wctgW8wCLdwY1vG11aD0e9AmkBPiduuDFnCPg9jC6jjhSlEm-8wIMshrc3hiprBZA85A1JUaUtSP64OLg8enu4eqYAcM8yM8KXrF8g-Hrr21WvVaXoVDDqXsRtTbs9d6IxRIG4cQMFGZ2XdUChgfuVYKWH7VHRTyZx5MqPW8MlPJdTCzEJ13tGyMdRpaMj1ki8oZ9juXAs2dySgHKPm1kuRhu2g01G8ajm6F3JQVi4knWs4KXPhhnKn7h0EYTBfR3fz7K5Y6ohDl9VFeLTxQQDjFdAIzOG0dBkOIJG2RKWV2IIImeHLecxVhcKpBBpP1qIfIWg0K_Dq1uCiJ9ijyQJghuuxdEhMmFjkTiWUK4xLz0Bdv2Z707Nv1uJwVnPrCw7YM
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Project II: Modular Reasoning Models
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Anchor model: 
• e.g. small FlexOLMo 
Module induction: 
• LoRA fine-tuning
• Linear ➥ MLP class. ➥ adapter
Routing: 
• K clusters based on KG relation sets

Data: KGs and reasoning datasets
Define routing function
• EWoK  (11 domains)
• ConceptNet, ATOMIC, WebChild
Evaluation of modularization
• EWoK, CSQA, 𝛂-NLI, SocialIQA

Module induction:
• Fine-tune FlexOlmo on mixed-domain task datasets

• using LORA: linear classifier ➥ MLP ➥ adapters
• initial refinement on EWoK (11 domains) 

• Modularization evaluation
• Mixed-domain datasets: CSQA, EWoK, 𝛂-NLI,HellaSwag, SocialIQA
• Perform ablation tests and dependencies beween clusters

• Variations: textual vs. structured knowledge representation (➥ Project I)
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Dimensions of Modularization

Analyzing Distributions & Dependencies 

Primary: Knowledge domains

Secondary:

• Knowledge resources
 

• Reasoning tasks

• Textual sources

Domains



Evaluation

• Evaluation of Modularization
• Domain-characteristic relation sets 

• Module interferences & dependencies

• Performance effects
• +/- modularization

• modularization variants

• Performance analysis
• Modularization-based error analysis
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Outcomes

• Modularizing datasets (and KGs):
subdivide by domains
• CSQA, HellaSwag, 𝛂-NLI
• WinoGrande, Narrative Similarity 

• Performance comparisons
• Mixed- vs. selected or ablated domain
• +/- modularization
• modularization variants 

(dependencies, hierarchical, …)

• Interpretability & performance 
enhancement w/ adaptive memory



Recommendations

Use small anchor model
• FlexOLMo (small, 1B) or other

Start with Hugging Face PEFT (Parameter-Efficient Fine-Tuning) + LoRA
• Mature, well-documented https://huggingface.co/docs/peft/.

• Simple to implement a custom router (top-1 or 2 predictions)

• First test linear or FF classifier on few modules
• Then extend to adapters

Adapters
• Primary Package Hugging Face PEFT: Supports adapter-based methods

• adds extra trainable parameters after attention
• to fully-connected layers of a frozen pretrained model
• ➥ reduces memory usage,  speeds up training
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Implementation Aspects

Router: Load-balanced routing

• To prevent router collapse (when all inputs go to one expert), 
use auxiliary loss (see Switch Transformers, Fedus et al. 2022)

• Proceed from top-k routing to learned mixture weights.

Load balancing: Balance computational load across experts in training. 

• Techniques: importance weighting, expert dropout, or explicit load constraints.

Evaluate for modularization: 

• Track per-expert performance on different domains, find routing patterns, 
measure loss per expert to confirm differentiation.

Data: 

• Use multi-domain training data to encourage specialization. 
Use topical words or domain labels during training to guide expert development

57Fedus et al. 2022: Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity, JMLR.

https://arxiv.org/pdf/2101.03961


Try a staged approach

1. Discovery: Start with Linear Router

• Minimum complexity, gives insight into the data

• Examine learned weights: which input features drive which adapters?

1.5 Validate: Switch to Task/Domain-Aware Router

• Condition on EWoK ground-truth domains

• Evaluate router predictions on EWoK labels to validate modularization effects

2. Refinement: Move to Attention-based or MLP Router

• Especially if linear/task-aware router is insufficient

• Use attention to trace which aspects of the input drive adapter selection

• ➥ supports analysis: which source features activate which adapters?

3. Scaling: Try a Load-Balanced MoE Router: Essential for scaling up
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   Questions?

   Make your Choice.

   Project I and II can both accommodate 5 people
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