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WHICH MEMORY OPERATION DRIVES RECOVERY?
A FACTORIAL STUDY OF RETRIEVE, WRITE, AND
MANAGE ADAPTATION UNDER DOMAIN SHIFT

Zhaoxiang Feng” Mingyang Yao® Charlie Sun” David Scott Lewis’

ABSTRACT

Memory-augmented LLM agents use external stores to accumulate and reuse ex-
perience across lifelong deployment, yet existing work treats memory as a mono-
lithic system, adapting retrieval while leaving write and manage policies fixed.
We argue that memory adaptation should be studied as a factorial problem across
three coupled operations: retrieving stored experience (PROVIDE), writing new
experience (TAKE-IN), and maintaining store quality (MANAGE). We introduce
OMAC, an online memory architecture controller that uses block-level Thompson
sampling over the joint configuration space of all three operations, and a facto-
rial ablation framework that isolates each operation’s contribution by selectively
enabling or disabling its adaptation. Through controlled factorial experiments on
a streaming domain shift, we find that adaptive store management consistently
outperforms retrieval-only adaptation for in-distribution learning, challenging the
prevailing assumption that retrieval is the primary lever for memory-augmented
agents. We further show that the value of memory adaptation is modulated by
domain difficulty: when the base model is already competent, no adaptation strat-
egy provides meaningful lift, whereas management adaptation yields substantial
gains when the model struggles. These findings establish that the memory lifecy-
cle deserves the same systematic, per-operation analysis that has been applied to
retrieval, and that store management is an underexplored yet high-impact axis of
improvement for deployed agents.

1 INTRODUCTION

Lifelong LLM agents operate in settings where tasks arrive as streams and the input distribution
is non-stationary. While continual fine-tuning can adapt model weights, it is often impractical in
deployment due to compute cost, catastrophic forgetting, and the need to serve multiple users from
a single checkpoint. External memory offers a lightweight alternative: the agent accumulates ex-
periences, retrieves relevant ones, and reuses them to improve future behavior without any weight
update. A growing body of work demonstrates that agents can extract reusable abstractions and store
them externally, from episodic memory banks (Zhong et al., 2024) and causal abstractions (Ma-
jumder et al., 2023)) to distilled experience rules (Zhao et al., 2024} [Shinn et al.l 2023), workflow
libraries (Wang et al.,[2025b;2024)), and structured knowledge bases (Tang et al., [2025a)).

However, memory is not a single retrieval knob. A deployed agent’s memory involves three coupled
operations: PROVIDE (what to retrieve, how much context to inject, how to gate against harmful
retrieval), TAKE-IN (what to write, when to write, at what granularity), and MANAGE (how to
prune stale items, consolidate redundant content, control store growth). These operations interact:
if TAKE-IN writes noisy items, the store degrades; PROVIDE then retrieves distractors; MANAGE
must compensate. LifelongAgentBench explicitly highlights that naive memory replay can degrade
performance when irrelevant content crowds out useful context (Zheng et al.,[2025), and Agent KB
similarly incorporates a disagreement gate to mitigate harmful knowledge interference (Tang et al.,
2025al).

Prior adaptive-retrieval approaches (Wang et al.l[2025a; Jeong et al., |2024; [Tang et al., |2025c) learn
online which retrieval strategy to use, but assume a static or externally-maintained corpus: they
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Figure 1: Delayed compounding effect of write vs. retrieval adaptation. (a) PROVIDE-only
adaptation can re-route around stale items after a domain shift, but the store remains polluted with
code-domain content (blue), yielding an immediate but bounded improvement (ceiling). (b) TAKE-
IN adaptation reshapes the store itself: new math-domain items (orange) gradually replace stale ones,
improving future retrieval quality with a delayed, compounding effect. Joint adaptation combines
both mechanisms.

adapt PROVIDE in isolation. Meanwhile, agent memory systems like CLIN (Majumder et al.|[2023),
A-MEM [2025b)), and Agent KB (Tang et al., [20254) update memory content online but
with fixed write and manage policies. Offline evolution can discover strong memory configura-
tions (Zhang et al.| 2025b), but these are frozen at deployment and cannot respond to distribution
shift. No prior work provides a factorial decomposition of which operation’s adaptation drives re-
covery under domain shift. This gap is illustrated in Figure[T} retrieval-only adaptation can re-route
around stale items but cannot fix a polluted store, while write adaptation reshapes the store itself
with a delayed, compounding effect.

We address this gap with a controlled experiment. We introduce OMAC (Online Memory Archi-
tecture Controller), a block-level structured bandit that jointly selects configurations across all three
operations using Thompson sampling with Bayesian linear regression. By independently enabling
or disabling adaptation for each operation while freezing the others, we isolate each operation’s con-
tribution under a streaming code-to-math domain shift using LiveCodeBench 2025) and

MATH (Hendrycks et all,[2021).

Our study yields three findings: (1) memory provides substantial in-distribution benefit, raising code
accuracy by 14-21 percentage points over a no-memory baseline; (2) online adaptation of MANAGE
yields the largest pre-shift gains, outperforming retrieval-only adaptation by 6.8 points; and (3) post-
shift recovery under an easy target domain is dominated by the base model’s intrinsic competence
rather than any memory adaptation strategy. These results suggest that practitioners should invest in
adaptive store management alongside or even before sophisticated retrieval.

2 RELATED WORK

Agent memory systems. External memory for LLM agents has been explored through multiple
paradigms. Episodic memory stores persist raw experiences across sessions (Zhong et al.,[2024} [Park|
et al} [2023); CLIN accumulates causal abstractions that transfer across tasks without parameter up-
dates (Majumder et al.l 2023)); ExpeL distills experience into natural-language insights for future
reuse (Zhao et al.,|2024); and Reflexion stores verbal self-critiques as a feedback mechanism
2023). More recent systems emphasize richer memory structure: A-MEM organizes memo-
ries as linked atomic notes 2025b), Agent Workflow Memory induces reusable procedu-
ral workflows (Wang et al},[2025b), and Voyager builds a growing skill library (Wang et al., 2024).

Agent KB targets cross-framework experience sharing with a disagreement gate for interference con-
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trol (Tang et al., 2025a). MemP frames memory management as a Markov decision process (Fang
et al., 2025). These systems implement some or all of the PROVIDE/TAKE-IN/MANAGE lifecycle
but with fixed heuristics for each operation. None provide factorial attribution of which operation
matters under domain shift.

Adaptive retrieval. A separate line of work adapts retrieval strategy at deployment time.
Adaptive-RAG routes queries to different retrieval depths based on complexity (Jeong et al.,
2024). Astute RAG handles knowledge conflicts between retrieved passages and parametric knowl-
edge (Wang et al.,2025a). Tang et al. use multi-armed bandits to route among heterogeneous retriev-
ers under non-stationary query distributions (Tang et al.|[2025c). MBA-RAG applies epsilon-greedy
bandits to select retrieval strategies (Tang et al.,2025b). CAMAB formulates context segment selec-
tion as a combinatorial bandit (Pan et al., 2025). Amber introduces an adaptive memory-based opti-
mizer with multi-granular content filtering (Qin et al., 2025). These methods represent increasingly
sophisticated PROVIDE adaptation, but all assume a static or externally-maintained corpus. They
do not address the key failure mode for lifelong agents: what gets written and how it is managed
determines whether retrieval remains feasible over time. Our work extends the bandit adaptation
paradigm from PROVIDE alone to the full PROVIDE x TAKE-IN X MANAGE lifecycle.

Online configuration tuning. Thompson sampling provides a principled exploration-exploitation
framework (Russo et al.| 2018), and non-stationary bandit algorithms handle changing reward dis-
tributions via sliding windows and discounted updates (Garivier & Moulines} 2011). StreamBench
benchmarks continuous improvement of language agents in a streaming setting aligned with our
protocol (Wu et al., [2024). MemEvolve (Zhang et al.l [2025b) shows that memory architectures
can be evolved offline over the PROVIDE/TAKE-IN/MANAGE configuration space, but the resulting
configurations are frozen at deployment. Our contribution is extending this to online adaptation:
treating the same configuration space as a compositional action in a non-stationary contextual ban-
dit that adapts continuously during deployment. Additional related work on memory management
and self-evolution is discussed in Appendix [B]

3 METHOD

3.1 PROBLEM FORMULATION

We consider a deployment stream of episodes ¢ = 1,...,7. Each episode provides a task ¢; and a
verifier V returning a score s; € [0, 1]. The agent uses a frozen base model fy augmented with an ex-
ternal memory store S; that evolves as the agent writes experiences. No model weights are updated;
adaptation occurs only in the memory configuration and store contents. At each episode, the memory

system executes three operations parameterized by a configuration triple c; = (c}"*", ciake, cnan)

Ry = PROVIDE(q;, S; ™), (1)
v = fo(qe, Re),  s¢ = V(ye)s 2
W; = TAKE-IN(qq, yz, 5¢; ¢2%), (3)
St+1 = MANAGE(S; U Wy; ™). 4)

This lifecycle is common across agent memory systems (Majumder et al., 2023} |Xu et al., [2025b;
Fang et al.l 2025)), but typically with fixed heuristics for each operation. Our contribution is making
each operation independently configurable and adaptable.

Each operation has discrete knobs. PROVIDE controls the retriever type (lexical, recency, hybrid),
top-k (3, 5, 8), context budget (200, 400, 600 tokens), and a retrieval gate (on/off). TAKE-IN controls
the write trigger (always, success-only, failure-only), granularity (episode trace, distilled insight),
write budget (100, 200 tokens), and deduplication (on/off). MANAGE controls pruning strategy
(FIFO, LRU, score-based), pruning threshold (0.7, 0.9, 1.0), and consolidation (on/off). The full
configuration space C = Cproy X Ciake X Cman contains |C| = 23,328 configurations. Because TAKE-
IN and MANAGE execute after the episode reward is observed, per-episode updates cannot learn
their value from same-episode feedback. We therefore operate the controller at block level: the con-
figuration is selected once per block of B episodes and held fixed within the block. Block reward
aggregates episode-level feedback, enabling delayed-credit assignment for write and manage deci-
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Figure 2: OMAC system architecture. The controller (top) selects a memory configuration triple
(Cprovs Ctake, Cman) Via Thompson sampling over a structured candidate set. Three operation modules
(middle) execute retrieval, writing, and management with the selected knobs. The agent (bottom)
solves tasks using the LLM augmented with retrieved context, and block-level reward feeds back to
update the controller’s posterior. The dashed arrow between TAKE-IN and PROVIDE highlights the
delayed effect: write decisions reshape the store, changing future retrieval quality.

sions. This design choice directly addresses the delayed effect shown in Figure[T} write decisions at
block b affect retrieval quality at block b+1 and beyond.

3.2 OMAC CONTROLLER

OMAC selects memory configurations using non-stationary Thompson sampling with Bayesian lin-
ear regression (Figure [2). The controller operates above any memory provider implementation as a
meta-controller, following the algorithmic foundations of Thompson sampling (Russo et al., [2018)
adapted for structured, non-stationary environments (Garivier & Moulines| 201 1}).

Feature encoding. Each configuration c is encoded as a feature vector ¢(c) € R? comprising
three groups of features: (1) main effects: one-hot indicators for each knob value across all three op-
erations (~28 raw features, padded with within-operation interactions to ~51); (2) cross-operation
interactions: pairwise outer products of key knobs between operation pairs, capturing dependencies
such as the interaction between retriever type (PROVIDE) and write granularity (TAKE-IN), yielding
~48 features; and (3) memory-state features: store size bucket, fullness fraction, rolling accuracy,
domain entropy, and episodes since last alarm (5 features). The total dimensionality is d ~ 104.

The cross-operation interaction features are critical for capturing the coupling between operations.
For example, the combination of aggressive pruning (MANAGE) with high-volume writing (TAKE-
IN) behaves differently than aggressive pruning with conservative writing. Without interaction fea-
tures, the controller would treat each operation as independent, missing these compositional effects.

Reward model and posterior inference. We model block reward as linear in the features:
ro=a(cr) W +e, e ~N(007), ®)

where r, = a5y + By — i, — 0 ks aggregates four block-level signals: mean task score 5, (primary),
mean retrieval utility u; (how often retrieved items appeared in correct solutions), mean interference
rate i, (how often retrieved items appeared in incorrect solutions), and mean cost k; (normalized
token usage). We use weights (o, 8,7,0) = (1.0,0.2,0.3,0.1), chosen to emphasize task per-
formance while penalizing interference more than cost. The multi-objective formulation follows
the spirit of latency-aware bandit routing (Tang et al., |2025c). We maintain a Bayesian posterior
w ~ N (u, ) updated via standard Bayesian linear regression. To handle non-stationarity, we use
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a sliding window of the most recent W = 50 block observations: old observations are discarded
as new ones arrive, allowing the posterior to track regime changes without explicit change-point
detection. Given the observation history {(¢;, ;) }icwindow- the posterior parameters are:

2 =0T+ 02 i (6)

p=23 <02 Z ¢i7‘z‘> , (7

with prior variance 03 = 1.0 and noise variance o = 0.5. At each block, OMAC samples a weight
vector w ~ N(u,X) and selects the configuration that maximizes the predicted reward over a
candidate set:

cp = arg max ¢(c) ' w. 8)

c€Ceand
The stochasticity of the sampled weights provides natural exploration, with the degree of exploration
determined by posterior uncertainty (Russo et al., 2018]).

3.3 CANDIDATE SET AND EXPLORATION

The full configuration space (|C| = 23,328) is too large to enumerate at each block. We construct a
tractable candidate set C.,nq around an anchor configuration c*:

Hamming neighborhood. We include all configurations within Hamming distance r of ¢* in the
discrete knob space. At radius r=2, this produces a manageable set that captures local variations
while remaining computationally tractable.

Sentinel configurations. We add n, = 3 diverse sentinel configurations sampled to be far from the
anchor (Hamming distance > 3), providing long-range exploration to escape local optima.

Warm-start mechanism. During the first By,m = 3 blocks, we restrict the candidate radius to
r=1, constraining early exploration to small perturbations of c*. This warm-start phase reduces
the risk of catastrophic configurations during initial deployment while still gathering informative
observations. After Byam blocks, the radius expands to r=2.

Shift alarm. We track the fraction of recent blocks in which the controller selects a non-anchor
configuration (exploration rate). When this rate exceeds a threshold of 7 = 2.0 standard devia-
tions above the historical mean over a sliding window, we trigger a shift alarm that: (1) resets the
observation window, discarding potentially outdated reward signals; and (2) expands the candidate
radius, encouraging broader exploration. This provides an implicit shift signal through exploration
dynamics rather than requiring an explicit domain detector.

3.4 FACTORIAL ABLATION DESIGN

To isolate each operation’s contribution, we define a mask m = (Mprov; Miake, Mman) € {0, 1}3
specifying which operations the controller may adapt. For masked operations (m = 0), the configu-
ration is frozen at the warm-start value c*; only unmasked operations (m = 1) participate in bandit
selection. Table[T]lists the six resulting conditions and their masks. When the mask restricts adap-
tation to a single operation, the candidate set is also restricted to vary only that operation’s knobs,
reducing the effective search space and focusing exploration.

Algorithm [I] summarizes the full controller loop (hyperparameters and feature details in Ap-
pendix [A). The key design choices that distinguish OMAC from prior bandit-based retrieval
routers (Tang et al.| 2025cib) are: (1) the action space spans the joint configuration of all three
memory operations, not just retrieval routing; (2) block-level aggregation enables delayed credit
assignment for write and manage decisions; and (3) the factorial mask enables controlled ablation
studies that isolate each operation’s contribution.

4 EXPERIMENTAL DESIGN

Evaluation stream and conditions. We concatenate 479 code episodes from Live-
CodeBench (Jain et al. [2025), a streaming benchmark of programming problems with executable
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Algorithm 1 OMAC Controller Loop

Require: Task stream {q;}7_,, block size B, mask m, anchor c*
1: Initialize posterior (g, 3) with prior; history H < 0
2: forblockb=1,2,...,[T/B] do
3:  Ceand < BUILDCANDIDATES(c*, m, radius r)

4 Sample w ~ N (u, X) > Thompson sampling
5. ¢+ argmaxeec,, ¢(c) W

6: ¢, +— APPLYMASK(¢p, ¢*, m) > freeze masked ops
7. for episode ¢ in block b do

8: Ry < PROVIDE(q;,Sy; &)

9: ye < folqe, Re)y  se < V(ye)

10: Wy < TAKE-IN(qq, yt, s¢5 c2)

11: St+1 — MANAGE(St @] Wt, C;)nan)

12: end for B

13: 1y < a5y + Biy — yip — Oky > block reward

14:  H <+~ HU{(¢d(cp),rp)}; trim to window W

15:  Update posterior (u, X) from H

16:  if SHIFTALARM(#) then reset window; expand r
17: end for

Table 1: Factorial conditions. Each row is one experimental system. Colored ADAPT cells indicate
that the controller tunes that operation’s knobs online; gray FROZEN cells indicate the operation stays
at the warm-start anchor c*; dashes indicate no memory. The evaluation stream concatenates 479
code episodes (LiveCodeBench) followed by 500 math episodes (MATH), creating a single domain
shift at episode 479.

System PROVIDE TAKE-IN MANAGE Maskm
— — — n/a
FROZEN-EVOLVED  frozen frozen frozen (0,0,0)
ONLINE-JOINT adapt adapt (1,1,1)
PROVIDE-ONLY adapt frozen frozen (1,0,0)
TAKE-IN-ONLY frozen frozen (0,1,0)
MANAGE-ONLY frozen frozen adapt (0,0,1)

test suites, and 500 math episodes from MATH (Hendrycks et al., 2021), competition-level math-
ematics with exact-match verification. This creates a single domain shift at episode 479, yielding
979 total episodes per run. The memory store accumulates code-domain experiences before the
shift, creating a realistic scenario where the agent must handle a store populated with potentially
stale content. This streaming evaluation protocol follows the philosophy of StreamBench (Wu et al.}
2024)) and Evo-Memory (Wei et al., [2025), which advocate for sequential task streams to evaluate
memory evolution. We evaluate the six conditions defined in Section [3.4] all sharing the same base
LLM, the same task stream, and the same warm-start anchor configuration c¢*. The conditions differ
only in the adaptation mask m (Table|[I).

Setup. The anchor configuration c* uses mid-range settings across all operations: lexical retrieval
with k=5 and a 400-token budget (no gating) for PROVIDE; write-always at episode granularity
with a 200-token budget (no deduplication) for TAKE-IN; and FIFO pruning at threshold 0.9 (no
consolidation) for MANAGE. This configuration represents a reasonable default that avoids extreme
choices in any operation; in a full deployment pipeline, ¢* could be the output of an offline evolution
procedure such as MemEvolve (Zhang et al., 2025b), but here we use a curated mid-range anchor
to avoid confounding adaptation effects with the quality of the initial search. Our experimental
infrastructure, including the memory provider abstraction, the PROVIDE/TAKE-IN/MANAGE lifecy-
cle, and the discrete knob space, builds on the MemEvolve codebase; the primary addition is the
online OMAC controller and the factorial ablation framework described in Section 3.4l All condi-
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Table 2: Main results across six factorial conditions. Pre-shift = code (episodes 1-479), post-shift =
math (episodes 480-979). Mean + 95% bootstrap CI over 10 seeds. Best values bolded.

Condition Pre-shift (Code)  Post-shift (Math) Overall ~AURC (post)
NO-MEMORY 0.394 +o.016 0.935 +0.029 0.665 0.946 +0.021
FROZEN-EVOLVED 0.538 +0.105 0.955 +0.008 0.747 0.948 +0.007
ONLINE-JOINT 0.582 +0.094 0.954 +0.008 0.768 0.952 +o0.010
PROVIDE-ONLY 0.540 +0.073 0.947 +0.024 0.744 0.942 +0.015
TAKE-IN-ONLY 0.570 +0.082 0.956 + 0.006 0.763 0.953 + 0.008
MANAGE-ONLY 0.608 + 0.091 0.957 + 0.005 0.782 0.947 +0.008

tions, including FROZEN-EVOLVED (which deploys ¢* without any online adaptation), start from
this same anchor, ensuring that observed differences reflect online adaptation rather than the initial
configuration. Code episodes are graded by comparing predictions against executable test suites; a
prediction is correct if it passes all test cases. Math episodes are graded by extracting the numer-
ical or symbolic answer and comparing against the gold answer under normalization (simplifying
fractions, standardizing notation). Both domains produce binary scores (s; € {0,1}).

Metrics and implementation. We report: (1) rolling accuracy (window of 10 episodes) over
the stream; (2) mean accuracy per domain phase (pre-shift code, post-shift math); (3) area un-
der the recovery curve (AURC) in the post-shift region, computed as the normalized integral of
rolling accuracy from the shift point to the end of the stream; and (4) 95% bootstrap confidence
intervals computed over 10 seeds with 1,000 bootstrap resamples. The base model is Qwen3-8B
(agwen/gqwen3-8b) accessed via the OpenRouter API with a token budget of 400. Each condition
is run with 10 random seeds, yielding 60 independent runs (6 conditions x 10 seeds). Block size
B = 10 episodes. Each run processes 979 episodes, totaling 58,740 episodes and API calls across
all runs. We chose 10 seeds to balance statistical reliability against computational cost; the resulting
bootstrap CIs are sufficiently narrow to distinguish the main effects (+0.01-0.10).

5 RESULTS

5.1 MEMORY PROVIDES SUBSTANTIAL IN-DISTRIBUTION BENEFIT

Table 2] presents the main results. The most striking finding is the large gap between NO-MEMORY
and all memory-equipped conditions during the pre-shift code phase. Without memory, the agent
achieves 39.4% accuracy on code tasks. With memory (any configuration, frozen or adapted), ac-
curacy rises to 53.8-60.8%, a gain of 14-21 percentage points. This confirms that external memory
provides substantial value for in-distribution deployment even with a relatively small model, consis-
tent with findings across the agent memory literature (Zhao et al.,[2024; Majumder et al., 2023} |Liu
et al.l [2025).

5.2 ONLINE ADAPTATION IMPROVES IN-DISTRIBUTION LEARNING

Among memory-equipped conditions, online adaptation consistently outperforms the frozen base-
line during the code phase, confirming that dynamic configuration tuning provides value beyond a
fixed deployment strategy. FROZEN-EVOLVED achieves 53.8% on code, while the best single-
operation ablation (MANAGE-ONLY) reaches 60.8%, a 7-point improvement. ONLINE-JOINT
achieves 58.2%, and TAKE-IN-ONLY 57.0%. This ordering is notable: MANAGE adaptation alone
provides the largest in-distribution benefit.

Why does MANAGE dominate? The mechanism is intuitive and follows directly from the mem-
ory lifecycle structure. During the code phase, the store grows continuously as the agent writes
new experiences. Without adaptive management, the store accumulates both useful and noisy items,
eventually degrading retrieval precision. Adaptive pruning keeps the store lean and relevant, improv-
ing the signal-to-noise ratio of future retrievals. This is a form of indirect retrieval improvement:
rather than optimizing how to query a noisy store (PROVIDE), MANAGE improves the store itself.
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Figure 3: Rolling accuracy (window=10) over the episode stream for all six conditions, averaged
over 10 seeds with 95% bootstrap CI bands. The vertical dashed line marks the code-to-math domain
shift at episode 479. All conditions recover rapidly after the shift because Qwen3-8B is intrinsically
stronger at math than code.

This finding aligns with the growing emphasis on memory management in recent work (Zheng et al.,

2025} [Xu et al, 20254} [Fang et al.,[2025)), which argues that controlling what stays in memory is at
least as important as controlling what is retrieved.

The wide confidence intervals (standard deviation = 0.10) reflect the stochastic nature of bandit
exploration during early blocks. Some seeds find good configurations quickly; others explore longer.
This variance decreases as the controller accumulates observations.

5.3 POST-SHIFT RECOVERY IS DOMINATED BY DOMAIN DIFFICULTY

Figure 3| shows the recovery curves. After the domain shift from code to math, all conditions jump
to high accuracy within the first post-shift block. This rapid convergence occurs because Qwen3-
8B achieves ~94% accuracy on MATH tasks even without memory, compared to ~39% on Live-
CodeBench without memory. The shift is from a hard domain to an easy one.

Post-shift AURC values are tightly clustered: 0.942 (PROVIDE-ONLY) to 0.953 (TAKE-IN-
ONLY), a spread of only 0.011 with all confidence intervals overlapping. Time-to-recovery is
uniformly minimal: all conditions reach target performance within the first post-shift block. This
ceiling effect compresses the differences between adaptation strategies. When the base model is
already near-perfect on the target domain, there is little room for memory to help or hurt.

5.4 FACTORIAL DECOMPOSITION: PRE-SHIFT VS. POST-SHIFT

The factorial structure reveals a clear asymmetry between the two phases:

Pre-shift (code, harder domain): Adaptation differences are meaningful. The ordering MANAGE-
ONLY > ONLINE-JOINT > TAKE-IN-ONLY > PROVIDE-ONLY ~ FROZEN-EVOLVED sug-
gests that store quality is the bottleneck. MANAGE adaptation directly improves store quality; TAKE-
IN adaptation reshapes what enters the store; PROVIDE adaptation can only route around existing
content. This ordering is consistent with the delayed-effect hypothesis (Figure [I): operations that
modify the store have compounding effects, while retrieval-only adaptation provides immediate but
bounded improvement.

Post-shift (math, easier domain): Adaptation differences are negligible. All memory conditions
perform within 1 percentage point of each other (94.7-95.7%), and even NO-MEMORY reaches
93.5%. The ceiling eliminates the signal needed to distinguish operation contributions.

This asymmetry suggests that the value of factorial memory adaptation is domain-difficulty-
dependent. When the agent struggles, adapting how memory is managed provides meaningful lift.
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When the agent is already competent, the marginal value of any memory optimization is small. This
echoes the transfer asymmetry reported in prior work: Agent KB (Tang et al., [2025a) finds that
reasoning experience benefits software-engineering tasks but not vice versa, and SEDM (Xu et al.|
2025a)) observes asymmetric knowledge diffusion across domains. Our finding extends this pattern
to the adaptation level—not just what is stored, but how the memory lifecycle is controlled.

5.5 EXPLORATION DYNAMICS

OMAC explores most aggressively under the ONLINE-JOINT condition (exploration rate 1.0), con-
sistent with having the largest configuration space. The single-operation conditions show exploration
rates of 0.94-0.97. The shift alarm mechanism triggered inconsistently across seeds, as the jump
in performance at the domain boundary confounded the spike-detection heuristic. In settings where
the shift causes a performance drop rather than a jump, we expect the alarm to be more informative.

6 DISCUSSION

Our most important caveat is that the code-to-math shift with Qwen3-8B is not the kind of chal-
lenging shift our framework was designed to study. Because the model’s math accuracy far exceeds
its code accuracy (94% vs. 39% without memory), post-shift recovery is trivial and all conditions
converge within the first block. The title asks which operation drives recovery, but the honest answer
from our data is that domain difficulty drives recovery: when the base model is already near-perfect
on the target domain, no memory adaptation strategy can meaningfully differentiate itself. A more
informative experiment would use a shift where the model is weak on both sides (e.g., code to
a low-resource language, or standard math to adversarial math), or the reverse direction (math to
code), where stale math memories would actively interfere with code retrieval. We view the current
post-shift results as establishing that our experimental framework works end-to-end, rather than as
a definitive answer to which operation matters most for recovery.

However, the hard-to-easy shift direction, while limiting the post-shift story, actually strengthens
the pre-shift finding. During the 479-episode code phase, the base model struggles (39% without
memory), creating exactly the conditions where memory adaptation should matter. The clear order-
ing MANAGE-ONLY > ONLINE-JOINT > TAKE-IN-ONLY > PROVIDE-ONLY ~ FROZEN-
EVOLVED emerges in this regime without any confound from an impending easy recovery. The
MANAGE-ONLY advantage of 6.8 points over PROVIDE-ONLY is an in-distribution learning re-
sult, and we present it as such rather than as a domain-shift result.

That said, the pairwise differences between adaptive conditions do not reach statistical significance
at @ = 0.05 (Appendix [C): only the FROZEN-EVOLVED vs. NO-MEMORY gap (A = +0.144,
p = 0.003) is significant, while MANAGE-ONLY vs. TAKE-IN-ONLY merely approaches it (p =
0.059). The ordering is consistent across seeds but the wide confidence intervals (£0.08-0.10)
prevent definitive ranking. Larger-scale experiments with more seeds or longer streams would be
needed to confirm the MANAGE advantage with statistical rigor.

The pre-shift results challenge the common assumption that retrieval adaptation is the primary lever
for memory-augmented agents. MANAGE-ONLY outperforms PROVIDE-ONLY by 6.8 percentage
points during the code phase, suggesting that keeping the store clean is more valuable than optimiz-
ing how to query a noisy store, at least in the early deployment regime where the store is growing
rapidly. This finding echoes the observations of MemP (Fang et al., [2025), which models memory
management as an MDP, and SEDM (Xu et al., [2025a)), which validates candidate memories before
admission. If confirmed under harder shifts, these results suggest that practitioners building lifelong
agents should invest in adaptive store management (pruning, consolidation, quality gating) alongside
or even before sophisticated retrieval strategies. The standard approach of optimizing retrieval while
leaving write and manage policies fixed may leave significant performance on the table, consistent
with the broader trend toward active memory management (Xu et al.| |2025bj [Zhang et al., 2026;
Chhikara et al., [2025). More broadly, the factorial decomposition offers a tool for auditing how a
lifelong agent’s memory evolves: by toggling each operation’s adaptation independently, developers
can identify which component is responsible for behavioral changes and constrain the others when
predictability or safety is required.
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Shift alarm behavior. The shift alarm triggered in only 3 of 40 adaptive runs, which may appear to
indicate a design flaw. However, this is a predictable consequence of the hard-to-easy shift direction:
the alarm monitors for exploration rate spikes driven by reward drops, but our domain shift causes
a reward jump, not a drop. The alarm is designed for the common case where a shift degrades
performance and the controller must explore to find a new good configuration. When performance
improves at the shift, the controller has no reason to increase exploration, and the alarm correctly
does not fire. In a hard-to-hard shift where stale memories cause a performance drop, we expect
the alarm to behave as intended. Incorporating feature-space statistics (e.g., domain entropy of
retrieved items) alongside reward-based detection would make the alarm responsive to shift direction
regardless of difficulty, and is a natural extension.

Limitations. Several limitations apply beyond the domain-difficulty asymmetry discussed above.
We evaluate a single LLM (Qwen3-8B); memory dynamics may differ with larger models that have
stronger parametric knowledge or longer context windows. Our 979-episode stream with a single
shift is a controlled first step toward truly lifelong evaluation; sequential multi-domain shifts (e.g.,
code — math — reasoning) would test whether the MANAGE advantage compounds or saturates
over successive transitions. The warm-start mechanism (Section [3.3) is proposed but not validated
against a cold-start baseline. We also omit controls that would strengthen causal claims: a random-
configuration baseline, an oracle tuned on the target domain, and token-matched placebo retrieval.
The memory search space is discretized and restricted: MANAGE is limited to pruning and consol-
idation, TAKE-IN cannot introduce tool-use or API-based memory types, and the write budget is
capped at 200 tokens. Richer operation spaces that include memory systems with fundamentally
different architectures (e.g., graph-structured stores, generative memory) would test whether the
MANAGE advantage holds beyond our current design space. These are important directions for a
full-length study.

7 CONCLUSION

We presented a factorial study of memory operation adaptation under domain shift. Using OMAC, a
block-level Thompson sampling controller over the joint PROVIDE x TAKE-IN X MANAGE config-
uration space, we isolated each operation’s contribution across six conditions and 60 experimental
runs. Our results show that memory provides 14-21 points of in-distribution benefit, that online
adaptation of MANAGE yields the largest pre-shift gains, and that post-shift recovery under an easy
target domain is dominated by the base model’s competence rather than memory adaptation strat-
egy. These findings motivate future work on harder domain shifts, richer management policies, and
end-to-end evaluation of the memory lifecycle.
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A OMAC CONTROLLER DETAILS

Knob space. Table[3]lists the complete configuration space.

Table 3: Memory operation knobs and their discrete values.

Operation  Knob Values |-
Retriever lexical, recency, hybrid 3
Top-k 3,5,8 3
PROVIDE B qoet (tokens) 200, 400, 600 3
Gating on, off 2
Write trigger always, success, failure 3
TAKE-IN Granularity episode, insight 2
Write budget 100, 200 2
Dedup on, off 2
Prune strategy FIFO, LRU, score 3
MANAGE  Threshold 0.7,0.9,1.0 3
Consolidation on, off 2

Feature vector. The feature vector ¢p(c) € R'%* comprises: (1) one-hot encoding of each knob
value B+3+3+2+3+2+2+2+ 3+ 3+ 2= 28 binary features, padded to 51 with cross-
knob within-operation interactions); (2) pairwise cross-operation interactions (outer products of 2
key knobs per operation pair, ~48 features); (3) memory-state features (store size bucket, fullness
fraction, rolling accuracy, domain entropy, episodes since alarm; 5 features).

Hyperparameters. Block size B = 10. Sliding window W = 50 blocks. Prior variance 03 = 1.0.

Noise variance 02 = 0.5. Warm-start blocks = 3. Shift alarm threshold 7 = 2.0 standard deviations.
Sentinel configs ny = 3. Reward weights: « = 1.0, 3 =0.2,7v=0.3,§ = 0.1.
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B ADDITIONAL RELATED WORK

B.1 MEMORY MANAGEMENT AND SELF-EVOLUTION

The importance of active memory management has received growing attention. LifelongAgent-
Bench demonstrates that naive experience replay can degrade performance due to irrelevant content
and context limits, proposing group self-consistency as a mitigation (Zheng et al., [2025). SEDM
introduces a verifiable memory lifecycle with paired A/B replay to estimate marginal utility be-
fore memory admission, plus cross-domain knowledge diffusion that abstracts items into more
general forms (Xu et al.| 2025a). MemSkill treats memory operations as learnable skills that can
be evolved and transferred under distribution shift (Zhang et al.l 2026). Evo-Memory provides a
streaming benchmark framework that evaluates memory evolution across ten diverse datasets, com-
paring multiple memory modules under a unified harness (Wei et al.| |2025). Contextual Experience
Replay accumulates and synthesizes past experiences into a dynamic buffer for retrieval-based self-
improvement (Liu et al., 2025). MemGPT introduces hierarchical memory with explicit working-
memory paging (Packer et al., 2023)), and MemO emphasizes production-scale memory consolida-
tion and retrieval (Chhikara et al.l 2025). These works motivate the importance of MANAGE but
study it as an integrated system component rather than as an independently controllable and adapt-
able operation. Our factorial design isolates MANAGE adaptation from PROVIDE and TAKE-IN to
measure its independent contribution.

B.2 OTHER RELATED WORK

Several additional lines of work are relevant. HippoRAG (Gutierrez et al., [2024) proposes neu-
robiologically inspired graph-structured memory for relational retrieval, representing a richer stor-
age paradigm than our flat memory store. Coarse-to-Fine Grounded Memory (Yang et al. 2025)
uses multi-granularity memory representations for agent planning, highlighting that different gran-
ularities serve different retrieval needs. MemWalker (Chen et al., 2023) and ReadAgent (Lee
et al., [2024) explore structured memory navigation strategies that could complement our retrieval
knobs. RAG (Lewis et al.,|2020) provides the canonical retrieve-then-generate baseline underlying
most agent memory systems, while Generative Agents (Park et al., 2023)) introduced the influen-
tial reflection-based memory consolidation pattern that many subsequent systems build on. Mem-
Gen (Zhang et al., [2025a) proposes a fundamentally different approach through generative latent
memory tokens, representing an alternative to our explicit memory store paradigm.

C PER-RUN RESULTS AND STATISTICAL TESTS

This section provides the complete per-seed data underlying the aggregate results in Table[2] together
with pairwise significance tests.

Variance and outliers. Figure [4| shows individual seed traces for all six conditions. Pre-shift
variance differs sharply: NO-MEMORY has negligible seed-to-seed variation (std = 0.021) since
performance depends only on the base model, while FROZEN-EVOLVED has the highest variation
(std = 0.139, range 17.4%—68.8%) despite using a fixed configuration. This high variance arises
because the frozen write policy accumulates whatever experiences the early task stream provides;
if early tasks yield useful patterns the store helps, otherwise it adds noise. Online adaptation does
not reduce this variance (MANAGE-ONLY: std = 0.120), suggesting that adaptation shifts the mean
upward without tightening it. Two severe outliers — FROZEN-EVOLVED seed 9 (pre-shift 0.174)
and ONLINE-JOINT seed 7 (pre-shift 0.226) — inflate confidence intervals substantially. We retain
all seeds to reflect realistic deployment variance.

Phase decorrelation. Pre-shift and post-shift accuracy are moderately correlated for FROZEN-
EVOLVED (r = +0.60): seeds that build a useful code store also tend to perform well on math, be-
cause store quality transfers. Under online adaptation, this correlation vanishes (r ~ 0), as Thomp-
son sampling’s stochastic policy decouples outcomes across phases.

Post-shift stability and AURC variance. Post-shift accuracy is remarkably stable: 55 of 60 runs
exceed 93.0% on math, confirming that the ceiling is a property of the base model. AURC variance
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is highest for NO-MEMORY (std = 0.039) and PROVIDE-ONLY (std = 0.031), and lowest for
MANAGE-ONLY (std = 0.007) and TAKE-IN-ONLY (std = 0.008). Conditions that adapt store
content produce the most consistent post-shift trajectories, suggesting that stabilizing the store also
stabilizes recovery.

Pairwise significance. Table [3] reports bootstrap tests (10,000 resamples) for differences in pre-
shift accuracy. The only significant comparison at & = 0.05 is FROZEN-EVOLVED vs. NO-
MEMORY (A = +40.144, p = 0.003), confirming that memory provides a reliable benefit. No
pairwise comparison between adaptive conditions reaches significance, though MANAGE-ONLY
vs. TAKE-IN-ONLY approaches it (p = 0.059). Larger-scale experiments would be needed to
definitively rank the adaptive conditions.
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Figure 4: Per-seed recovery curves (rolling accuracy, window=10). Light lines: individual seeds;
bold lines: seed-averaged mean. Dashed red line: domain shift.

D STORE SIZE AND MEMORY TURNOVER

Figure [5] shows memory store size over blocks for all memory-equipped conditions. All condi-
tions reach the 200-item capacity well before the domain shift at block 50. Conditions with a
frozen write-always policy (FROZEN-EVOLVED, PROVIDE-ONLY, MANAGE-ONLY) reach the
cap deterministically at block 19. TAKE-IN-ONLY is slower (mean block 28.3, range 25-31), as its
adaptive write trigger learns to be selective. This 9-block delay does not hurt performance (57.0%
pre-shift vs. 54.0% for PROVIDE-ONLY), suggesting that writing fewer, higher-quality items is as
effective as writing everything.

The domain shift has no visible effect on store size because stores are already saturated. Any post-
shift improvement must therefore come from replacing existing items rather than adding new ones.
The interference spike in Figure [0| confirms that this replacement takes approximately 10 blocks
(~100 episodes): with 200 items and ~10 new items written per block, even a partial infusion of
math-domain items reduces stale-content interference before full turnover completes. This turnover
dynamic operates identically across all conditions, explaining why post-shift convergence is univer-
sal.
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Table 4: Full per-seed results across all 60 runs.

Condition Seed Pre-shift Post-shift Overall AURC
NO-MEMORY 0 0.378 0.886 0.632 0.8788
1 0.384 0.950 0.667 0.9452
2 0.394 0.950 0.672 0.9478
3 0.394 0.966 0.680 0.9648
4 0.404 0.956 0.680 0.9494
5 0.388 0.946 0.667 0.9402
6 0.364 0912 0.638 0.9050
7 0.446 0.848 0.647 0.8438
8 0.386 0.962 0.674 0.9562
9 0.404 0.972 0.688 0.9664
FROZEN-EVOLVED 0 0.658 0.946 0.802 0.9456
1 0.584 0.956 0.770 0.9554
2 0.528 0.960 0.744 0.9564
3 0.484 0.972 0.728 0.9688
4 0.652 0.964 0.808 0.9584
5 0.550 0.954 0.752 0.9558
6 0.688 0.960 0.824 0.9586
7 0.586 0.962 0.774 0.9618
8 0.478 0.948 0.713 0.9484
9 0.174 0.932 0.553 0.9284
ONLINE-JOINT 0 0.682 0.966 0.824 0.9626
1 0.628 0.946 0.787 0.9446
2 0.610 0.968 0.789 0.9642
3 0.620 0.954 0.787 0.9490
4 0.674 0.942 0.808 0.9402
5 0.592 0.932 0.762 0.9304
6 0.590 0.956 0.773 0.9546
7 0.226 0.952 0.589 0.9446
8 0.650 0.960 0.805 0.9606
9 0.546 0.964 0.755 0.9624
PROVIDE-ONLY 0 0.660 0.950 0.805 0.9500
1 0.492 0.952 0.722 0.9474
2 0.668 0.962 0.815 0.9604
3 0.530 0.852 0.691 0.8560
4 0.678 0.960 0.819 0.9590
5 0.582 0.960 0.771 0.9582
6 0.498 0.966 0.732 0.9644
7 0.456 0.956 0.706 0.9548
8 0.418 0.948 0.683 0.9464
9 0.416 0.966 0.691 0.9638
TAKE-IN-ONLY 0 0.606 0.956 0.781 0.9502
1 0.592 0.938 0.765 0.9392
2 0.494 0.948 0.721 0.9468
3 0.338 0.950 0.644 0.9458
4 0.430 0.968 0.699 0.9662
5 0.640 0.962 0.801 0.9604
6 0.688 0.958 0.823 0.9542
7 0.640 0.954 0.797 0.9528
8 0.682 0.962 0.822 0.9594
9 0.586 0.960 0.773 0.9600
MANAGE-ONLY 0 0.712 0.966 0.839 0.9620
1 0.468 0.962 0.715 0.9596
2 0.648 0.950 0.799 0.9462
3 0.362 0.954 0.658 0.9522
4 0.474 0.962 0.718 0.9604
5 0.676 0.942 0.809 0.9370
6 0.728 0.960 0.844 0.9588
7 0.712 0.956 0.834 0.9528
8 0.638 0.958 0.798 0.9578
9 0.660 0.956 0.808 0.9524

E CONTROLLER DYNAMICS AND REWARD DECOMPOSITION

Exploration behavior. ONLINE-JOINT maintains a near-constant exploration rate of 1.0
throughout the stream: the joint configuration space is large enough that the posterior never con-
centrates on a single configuration with only 10 episodes of feedback per block. Single-operation
conditions show slightly lower rates (0.85-1.0). The domain shift produces no visible change in
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Table 5: Pairwise bootstrap significance tests on pre-shift (code) accuracy. A = mean difference
(A—B), p = one-sided p-value for A > B. v’ = significant at « = 0.05.

Condition A Condition B A 95% CI p Sig.
MANAGE-ONLY ONLINE-JOINT +0.026 [-0.092, +0.160] 0.350 —
MANAGE-ONLY PROVIDE-ONLY +0.068  [-0.035,+0.165] 0.098 —
MANAGE-ONLY TAKE-IN-ONLY +0.038 [-0.011, +0.081] 0.059 —
MANAGE-ONLY FROZEN-EVOLVED +0.070  [-0.036, +0.188] 0.109 —
ONLINE-JOINT FROZEN-EVOLVED  +0.044 [-0.074, +0.151] 0.224 —
ONLINE-JOINT PROVIDE-ONLY +0.042  [-0.038,+0.113] 0.140 —
TAKE-IN-ONLY PROVIDE-ONLY +0.030 [-0.081, +0.137]  0.295 —
TAKE-IN-ONLY FROZEN-EVOLVED  +0.031 [-0.066, +0.141] 0.292 —
PROVIDE-ONLY FROZEN-EVOLVED  +0.002 [-0.069, +0.079] 0.480 —
FROZEN-EVOLVED NO-MEMORY +0.144  [+0.046, +0.224]  0.003 v
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Figure 5: Store size evolution over blocks. All conditions reach the 200-item capacity before the
shift. TAKE-IN-ONLY grows slowest due to selective write adaptation.

exploration, and the shift alarm triggered in only 3 of 40 adaptive runs (0 ONLINE-JOINT, 1 TAKE-
IN-ONLY, 2 MANAGE-ONLY). The hard-to-easy shift causes a reward jump rather than a drop, so
reward-based shift detection is ineffective. Detecting easy-target shifts would require monitoring
feature-space statistics (e.g., domain entropy) rather than reward alone. We note that established
change-point detection methods—CUSUM (Page, |1954), ADWIN (Bifet & Gavalda, 2007), and
Bayesian online change-point detection (Adams & MacKayl 2007)—could replace our heuristic;
we opted for the lightweight exploration-rate check to avoid additional distributional assumptions,
but incorporating principled CPD is a natural extension.

Reward component breakdown. Figure 6| decomposes the four reward components over blocks.
The task score (top-left) mirrors the recovery curves; pre-shift, conditions are partially separable,
but post-shift convergence compresses all to near-identical trajectories. Retrieval utility (top-right)
remains high (0.6—1.0) throughout, though the consistently high values may indicate the utility proxy
is too permissive. Cost (bottom-right) decreases modestly at the shift, reflecting shorter math re-
sponses.

The most interpretable pattern is in the interference rate (bottom-left): a universal spike to 1.0
immediately after the domain shift, decaying over ~10 blocks to 0.0. This spike is identical across
all five memory conditions, confirming it is a property of the domain shift rather than any adaptation
strategy. When the domain changes, every retrieved item is a stale code-domain memory, producing
an interference rate of 1.0 by construction. As the agent writes math experiences and old items are
pruned, the store turns over and interference drops. This provides direct evidence for the delayed-
effect hypothesis (Figure [1)) and explains why all conditions converge post-shift: the same natural
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turnover mechanism operates regardless of whether adaptation is enabled. The interference penalty
(y = 0.3) in the reward formulation ensures the controller receives a penalty signal during this
transient; without it, the reward would not reflect the contamination of stale memories.
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Figure 6: Reward component breakdown over blocks. Top-left: task score. Top-right: retrieval
utility. Bottom-left: interference rate (note the spike at the shift). Bottom-right: normalized cost.
Block-level means over 10 seeds.

F SENSITIVITY CONSIDERATIONS

Our experiments use a single block size (B = 10), sliding window (W = 50), and reward weight
vector (a, 8,7,d) = (1.0,0.2,0.3,0.1). We did not perform a full hyperparameter sweep due to
computational constraints (60,000 API calls per full run). We note three considerations. Block size:
smaller blocks provide faster feedback but noisier rewards; B = 10 is comparable to bandit-based
RAG routing (Tang et al.| [2025c). Sliding window: W = 50 retains ~500 episodes of history;
shorter windows track non-stationarity more aggressively at the cost of higher posterior variance.
Reward weights: the interference penalty (y = 0.3) exceeds the utility bonus (5 = 0.2), penalizing
harmful retrieval more than rewarding helpful retrieval; the interference spike at the shift (Figure[6)
validates this choice. Action selection: we use Thompson sampling throughout; comparing against
UCB-based selection (Garivier & Moulines}, 2011 would test robustness to the exploration strategy
but was not performed in this study.
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