
Qizheng Zhang, Changran Hu, et al. 
 

Presented by Yejin Yoon

Agentic Context Engineering: 
Evolving Contexts for Self-Improving Language Models

ICLR 2026 Poster

Stanford University  |  SambaNova Systems, Inc.  |  UC Berkeley

2026-Spring | CSW6035 | Natural Language Processing | Lecturer: Taeuk Kim



Pre-Requisite
# Two Ways to Improve an LLM

# What Makes a "Good" Context?

Natural Language Processing Lab.,
Hanyang University.

Agentic Context Engineering: Evolving Contexts for Self-Improving Language Models



Natural Language Processing Lab.,
Hanyang University.

Pre-requisites — Two Ways to Improve an LLM
Agentic Context Engineering: Evolving Contexts for Self-Improving Language Models

Natural Language Processing Lab.,
Hanyang University. 3

How do we make an LLM smarter? — Two paradigms for improving LLMs

Both aim to make an LLM perform better on a target task, but in fundamentally different ways

🔥 Weight Adaptation 📝Context Adaptation 

Two paradigms, one principle: change the model, or change its input.

“Modify the model itself” “Modify what the model sees”

- Weights are updated (changed) 🆕
- Hard to undo, audit
- Expensive (GPU-heavy)💰
 à e.g. Fine-tuning, LoRA, RLHF, …

- Weights are frozen🥶
- Interpretable, easy to revise
- Cheap (just inference)👍
 à e.g. ICL, CoT, RAG, Agent memory, …

🔥LLMTraining 
Data Output

Weights modified⚙

Prompt Output(Context ) 🧊LLM

Weights frozen🔒
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A good context should grow with experience. But how — automatically?

Not all contexts are created equal🤔

Same goal — two ways to provide context to an LLM.

- Context is fixed; only the query varies
- No update from experience
(e.g. system prompt, few-shot examples)

- Learns from each execution; Auto-updated
- Self-improving 
(e.g. agent memory, accumulated playbook)

Static Context – fixed prompt Evolving Context – updates over time

🔒Context
Output🧊LLM

+ Query

📈Context
🧊LLM

+ Query
Output

[🔁 feedback.]
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We follow Line 2 — ACE's core idea (incremental memory) extends Line 2's lineage.

The Real Track — Self-Improving LLM Agents

The authors call it "context adaptation" — but the real landscape is two converging lines:

[Line 1] Automated Prompt Optimization

[Line 2] Self-improving Agents (test-time)

APE MIPROv2 GEPA

Reflexion Voyager DC

AWMA-MEM

ICLR 2023 EMNLP 2024 2025.07

NeurIPS 2023 TMLR 2024 2025.04

ICML 2025NeurIPS 2025

ACE⭐
ICLR2026
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Each step solved the previous one's failure; ACE solves DC's biggest one — collapse.

[ Line 2 ] The Self-Improving Agents Track : 2 failure modes of existing methods

1. Reflexion (2023.03) : per-task verbal self-reflection à no cross-task accumulation
2. Dynamic Cheatsheet (2025.04) : accumulating cross-task memory à but collapses on rewrite
3. ACE (2025.10) : structured, incremental playbook à heavy reflector dependence
4. CLEAR (2026.04) : trains a separate context model ; a different turn 

✔ Brevity Bias (Gao et al. 2025)

: Iterative optimization collapses to short generic prompts
e.g. “Create unit tests to ensure methods behave as expected”

✔ Context Collapse (◀ Fig. 2)

: LLM rewrites entire context 
  à suddenly compresses tokens too much
e.g. [step 60] 18,282 tokens à 66.7%
 [step 61] 122 tokens à 57.1% (worse than baseline!) 



Method — ACE Framework 
# Three-role architecture

# Incremental delta updates

# Grow-and-refine 
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Same LLM, different prompts — accumulate, organize, and incrementally update.

Try à Reflect à Curate — and update the playbook incrementally

1. Generator : Produces a reasoning trajectory — what worked, what misled
2. Reflector : Diagnoses successes and failures into reusable insights
3. Curator : Adds insights as bullets — without rewriting the whole context
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By trying, the Generator exposes what the playbook is missing.

[ Generator ] produce reasoning trajectory for new query à Reflector à Curator

- Input : query + current playbook 
- Output : trajectory (which bullets helped, which misled)

“Count	all	playlists	in	Spotify”

Current Playbook [ Basic auth + API calling guidelines ]

Generator’s attempt playlists = []
for i in range(10):  ß Generator wrote this
 page = api.get_playlists(page=i)
 playlists.extend(page.items)
return len(playlists)

Result 100

✅ Ans.: 247

❌

Task Query

(Trajectory)
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By diagnosing, the Reflector turns failures into reusable lessons.

Generator à [ Reflector ] extract concrete insights from successes/failures à Curator

•
•

- Input : trajectory (from Generator) + Reflector 's own previous insights (iterative) 
- Output : concrete, reusable insights

From Generator Code + result (100)

Diagnosis ❌ Used range (10) instead of pagination

Key Insights Many APIs return paginated results.
Use while-loop with has_next_page check, 

Not a hard-coded range.

Trajectory

Root Cause Agent assumed playlists fit in 10 pages
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No rewrite, no collapse — just a small bullet appended.

Generator à Reflector à [ Curator ] Incremental Delta Updates

bullets = (metadata: id, counters) + (content)
 🔻

• Localization: only relevant bullets updated
• Fine-grained retrieval: focus on pertinent knowledge
• Incremental: efficient merge/prune/deduplicate

🔻
Deterministic merge logic (non-LLM!)

- Input : insights (from Reflector) + current playbook
- Output : updated playbook (delta items merged in)

Many APIs return paginated results. …

Curator Decides - This is a NEW insight (not in current playbook)
- Add to “apis_to_use_for_specific_info” section

New bullet [api-00027] Pagination handling
  About pagination: many APIs return items in "pages".
  Use while True loop until no more results,
  not for i in range(N).
  helpful=0, harmful=0 (counters initialized)

Insight 

* Other bullets * ⭐ Not touched (𝜹 update – no rewrite) 
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The playbook grows when needed, refines when redundant.

Generator à Reflector à Curator à Grow-and-Refine

• Later, Generator faces another pagination task :
 à Uses bullet [api-00027] correctly à helpful counter += 1

• Existing bullet about "page_index loop” :
 à Semantically duplicate with [api-00027]
 à Merged via embedding-based deduplication

- Grow : new ID  à append new bullet
- Refine : existing bullet à in-place update (helpful counter ++)

    semantic duplicates à merged via embedding-based deduplication
- Mode : proactive (every step) vs. lazy (when context is full)
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Auto-generated by the system from execution feedback.

ACE Playbook — Real Example



Experimental Results
# Agent benchmark

# Domain-specific reasoning

# Cost & efficiency
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Benchmarks · Baselines

- Benchmarks : [   Agent   ] AppWorld (TGC, SGC; normal & test-challenge)
            [ Domain ] FiNER (XBRL labeling), Formula (numerical reasoning) 

- Baselines : Base, ICL, MIPROv2, GEPA(key offline baseline), DC (key online baseline) 
- Backbones : DeepSeek-V3.1 (same model for Generator / Reflector / Curator)
- Evaluation : Offline — playbook w/training set, Online — execution feedback only

ü TGC (Task Goal Completion)
 à Did the agent achieve the task?

ü SGC (Scenario Goal Completion)
 à Did all sub-tasks succeed?

e.g. < Task >
"Help me follow my Spotify friends 
on Venmo if they have an account.”

 

  à Agent must: (1) query Spotify API
                (2) cross-check Venmo accounts 
                (3) send follow requests
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Benchmarks · Baselines

- Benchmarks : [Agent ] AppWorld (TGC, SGC; normal & test-challenge)
  [ Domain ] FiNER (XBRL labeling), Formula (numerical reasoning), DDXPlus (medical), BIRD (SQL)

- Baselines : Base, ICL, MIPROv2, GEPA(key offline baseline), DC (key online baseline) 
- Backbones : DeepSeek-V3.1 (same model for Generator / Reflector / Curator)
- Evaluation : Offline — playbook w/training set, Online — execution feedback only
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Better context > bigger model à No supervision needed — execution feedback is enough

Agent Benchmark : AppWorld Results

✔ Leaderboard(2025/09)

IBM CUGA (GPT-4.1) 60.3≈ ACE (DeepSeek-V3.1) 59.4 ✅ 
    Test-challenge : ACE (DeepSeek-V3.1) +8.4pp🔺

Online no-labels 59.5 
≈ Offline with-labels 59.4✅ 
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ACE >> all baselines on Finance; Generalizes beyond finance — same gains hold 

Domain Benchmark : FiNER, Formula, DDXPlus, BIRD-SQL Results
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Incremental delta updates are the core innovation

Ablation — What's Doing the Work?

• Without Reflector + multi-epoch: 55.1 (still +12.7) vs. Full ACE: 59.4 (+17.0)
• Critical: w/o incremental updates → drop -27.8% SGC (Appendix A.5)
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More tokens ≠ more cost in modern serving infra

Cost and Speed

• Adaptation
 vs. GEPA: -82.3% latency, -75.1% rollouts, -80.8% input tokens
 vs. DC (online): -91.5% latency, -83.6% cost
• KV cache* reuse: 91.8% input tokens cached à -82.6% billed cost Curator only appends new bullets

à existing playbook prefix stays the same
à 91.8% of input tokens hit the KV cache
à -82.6% billed cost (cached tokens cost much less)

📍

* KV cache : LLM serving infra reuses computation for unchanged prefix tokens



Natural Language Processing Lab.,
Hanyang University.

Effects
Agentic Context Engineering: Evolving Contexts for Self-Improving Language Models

Natural Language Processing Lab.,
Hanyang University. 23

ACE's gains are not contingent on specific model, reflector strength, or fine-tuned hyperparameters

Robustness Checks

LLM Generalization Reflector Quality Hyperparameters

4 LLM families tested ↙ Weaker reflector still helps (+5.9 with GPT-OSS-120B) Reflection rounds: 1-10 stable

All show consistent +5–12 gains ↘ Robust to noisy reflector (+5.4 with noise every 5 steps) Dedup. threshold: 50-90% stable

Online variant strongest in all Only fails when adversarial every step Pruning threshold: 10K-100K stable



Discussion
# Two divergent paths forward

# A closer look at the claims
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ACE assumes inference-time compute is cheap; CLEAR assumes training-time compute is cheap.

Future Work: Two divergent paths forward

- Refine ACE: Better reflectors, longer horizons
- Keep the LLM frozen, improve the playbook

- CLEAR (AWS, 2026): 32B CAM with SFT + RL
- Train an extra model — generate context dynamically
- Reports +6.75 over ACE on AppWorld

Training-free path Training-based path

Frozen LLM, smarter playbook — or train the LLM to use context better?
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What's solid: the engineering. What's rhetorical: the framing.

Critical examination of ACE itself

Brevity bias Is this universal, or a specific finding repackaged as a general failure mode? 

Context Adaptation

Three-role design — under-tested

1

2

3

📄 Gao, Shuzheng, et al. "The prompt alchemist: Automated llm-tailored prompt optimization for test case generation." arXiv preprint arXiv:2501.01329 (2025).

Bundles prompt-opt (GEPA) + agent memory (DC) under one rhetorical roof. à useful for the paper 🤔
(Coined by the authors to bundle two distinct lines under one umbrella.)

Ablation removes Reflector, but doesn't test: "what if one LLM call handles all three at once?"
(Is the division of labor essential, or just convenient?)

Heavy Reflector Dependence4 Reflector quality bound ACE’s ceiling à Adversarial reflector breaks ACE entirely (Section 4.67)
(acknowledged limitation)



Identifies + names two failure modes

- brevity bias and context collapse — diagnosed with empirical evidence

1

Three-role agentic architecture (Generator/Reflector/Curator)

- structured division — try (Generator), diagnose (Reflector), merge (Curator)

2

Incremental delta + grow-and-refine

- deterministic merge — the real safeguard against DC's collapse

3

Strong empirical validation

- across agent (AppWorld) + domain (Finance, …) + 4 LLM families

4

Contribution

Agentic Context Engineering: Evolving Contexts for Self-Improving Language Models
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