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Language model agents increasingly operate over long interaction streams, requiring online adaptation
to distribution shifts through continual learning. However, existing agent harnesses typically either
evolve their states only through forward information flow or rely on additional replay or validation
data for harness optimization. To address this, we propose ReHarness, a recurrent harness framework
for agentic continual learning that complements forward read and write with backward revision under
a strictly online streaming protocol. We ask what information could have been captured differently in
the harness state to better inform the current instance in the stream. Specifically, after each instance,
we leverage the resulting trajectory as feedback to revise the reflections retrieved for that instance,
thereby propagating feedback backward through the textual harness state. Across three continual
learning benchmarks and three language model backbones, ReHarness consistently outperforms strong
raw-context baselines, memory- and reflection-based methods, and prompt optimization approaches.
Further analysis shows that ReHarness produces source-grounded and meaningful revisions, corrects
overgeneralized or outdated experience under distribution shifts, and improves both stability and
plasticity during continual learning.
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1 Introduction

Language model agents (Guo et al., 2024; Wang et al., 2024a) increasingly move beyond isolated tasks to
operate over long interaction streams (Ai et al., 2026; Asawa et al., 2026; He et al., 2026; Zhu et al., 2026).
In these settings, agents must adapt to distribution shifts while retaining useful experience from earlier
instances in those streams. Recent agent harnesses (Guo et al., 2026a; Ning et al., 2026) enable such continual
learning (Wang et al., 2024b; Shi et al., 2025; Zheng et al., 2025) by maintaining persistent runtime scaffolding
around a fixed large language model (LLM), often through memory (Chhikara et al., 2025; Zhang et al.,
2025b; Dorovatas et al., 2026), reflection (Lingam et al., 2025; Yao et al., 2026; Zhang et al., 2026¢), and
prompts (Agrawal et al., 2026). This allows agents to improve online without updating model parameters.

However, existing work typically evolves the harness state only through forward information flow. After each
instance, these systems extract useful information (Chhikara et al., 2025; Yang et al., 2026; Zhang et al.,
2026a) or reflect on the resulting trajectory (Lingam et al., 2025; Yao et al., 2026; Zhang et al., 2026¢),
integrate the experience into a stateful harness, and later retrieve from it (Wu et al., 2026b; Liu et al., 2026a;
Zhang et al., 2026d) to guide future decisions. Nevertheless, once written, memories and reflections are rarely
updated based on their effectiveness on later instances. While some methods (Chhikara et al., 2025; Suzgun
et al., 2026; Zhang et al., 2026¢) curate the harness state through operations such as add and delete, these
operations primarily maintain a coherent memory or reflection bank rather than incorporate feedback from
downstream use. Other methods (Cai et al., 2026; Kang et al., 2026; Lee et al., 2026; Zhang et al., 2026a)
instead optimize the harness state using additional training or validation sets, which are unavailable under a
strictly online streaming protocol. Under continual distribution shifts, outdated memories or overconfident
reflections can therefore persist in the harness state and repeatedly misguide future decisions.

To address this gap, we propose ReHarness to close the recurrent loop for agentic continual learning. ReHarness
complements the forward information flow in existing work with a backward revision mechanism. The revision
asks what information from past experience could have been captured differently to better inform the current
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instance. Specifically, after each instance, we use a revision agent to revisit the reflections retrieved for that
instance. We use the resulting trajectory as feedback for revision, while requiring any new content to remain
grounded in the reflections’ source trajectories. In this way, ReHarness propagates feedback backward through
the textual harness state and carries the revised state forward to future instances. This enables online harness
adaptation under a strictly streaming protocol without instance replay or gradient-based parameter updates.
Together, forward read and write, coupled with backward revision, form a recurrent harness that can promptly
correct outdated memories or overconfident reflections under distribution shifts.

We demonstrate that ReHarness consistently improves continual learning across three benchmarks (Ai et al.,
2026; Asawa et al., 2026; He et al., 2026) and three backbone LLMs (Anthropic, 2026; Google DeepMind, 2026;
OpenAl, 2026a). In particular, ReHarness outperforms strong raw-context baselines, structured memory and
reflection methods (Chhikara et al., 2025; Lingam et al., 2025; Ouyang et al., 2026; Zhang et al., 2026¢), and
prompt optimization approaches (Agrawal et al., 2026). These improvements are statistically significant against
all baselines, and the gains remain broadly consistent across the 16 evaluated tasks, including challenging
settings where most baselines degrade relative to their stateless backbones. Further analysis confirms that
ReHarness produces source-grounded, meaningful revisions and improves both stability and plasticity during
continual learning. Qualitative examples and harness state dynamics illustrate how ReHarness corrects early
overgeneralizations and revises outdated experience after distribution shifts. Finally, ablation studies show
that ReHarness does not require a large revision set to outperform the strongest full-history baseline, while
using roughly one-third as many tokens.

We summarize our contributions as follows:

e We propose ReHarness, which combines forward information flow with backward revision to form a recurrent
harness for agentic continual learning in an online streaming setting.

o We show that ReHarness outperforms strong baselines across three continual learning benchmarks and
three LLM backbones, with statistically significant gains consistent across challenging tasks.

e We demonstrate that ReHarness produces source-grounded and meaningful revisions, adapts overgeneralized
or outdated reflections under distribution shifts, and improves stability and plasticity.

2 Related Work

Continual Learning. Continual learning (Wang et al., 2024b; Shi et al., 2025; Zheng et al., 2025) aims to
adapt models to evolving data streams under distribution shifts while preventing catastrophic forgetting. For
LLMs, recent work has extended this setting to test-time adaptation (Akyiirek et al., 2025; Hu et al., 2025;
Zuo et al., 2025; Feng et al., 2026) and self-evolving systems (Tao et al., 2024; Gao et al., 2026) that improve
from interaction feedback. In agentic settings, learning signals are often accumulated through memory (Zhang
et al., 2025b; Dorovatas et al., 2026; Luo et al., 2026), prompts (Agrawal et al., 2026), or persistent runtime
states (Park et al., 2023; Karten et al., 2026), enabling online adaptation while keeping the underlying LLM
parameters fixed. Recent benchmarks (Shridhar et al., 2021; Zhou et al., 2024; Ai et al., 2026; Asawa et al.,
2026; Harrington et al., 2026; He et al., 2026) evaluate such systems over long interaction streams, measuring
both plasticity to distribution shifts and stability of acquired capabilities. In this work, we study agentic
continual learning under a strictly streaming protocol and improve online adaptation in memory space by
revising accumulated experience based on its downstream effectiveness.

Agent Harness. Agent harnesses (Guo et al., 2026a; Ning et al., 2026) provide runtime scaffolding around a
fixed LLM, turning text generation into goal-directed, multi-step behavior. A major line of work on agent
harnesses for continual learning focuses on memory, including how raw experiences are stored (Packer et al.,
2023; Chhikara et al., 2025; Wang et al., 2026; Rajesh et al., 2026), retrieved (Liu et al., 2026b; Guo et al.,
2026b; Wu et al., 2026b; Liu et al., 2026a; Zhang et al., 2026d), and optimized (Kang et al., 2026; Karten
et al., 2026; Lee et al., 2026; Li et al., 2026; Liu et al., 2026c; Ma et al., 2026; Pan et al., 2026; Xu et al., 2026;
Zhang et al., 2026a,b) to support future instances. Some methods optimize memory offline (Cai et al., 2026;
Ye et al., 2026), while others perform online in-context learning (Zheng et al., 2024; Sarukkai et al., 2025)
by accumulating past demonstrations. More recent approaches instead abstract experience into high-level
reflections (Lingam et al., 2025; Suzgun et al., 2026; Ouyang et al., 2026; Yao et al., 2026) and manage
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Figure 1 From stateful agent harnesses to ReHarness. (a) Traditional stateful harness propagates information through
forward write and read, allowing an overgeneralized reflection to persist and mislead future instances. (b) ReHarness
adds backward revision to refine retrieved reflections using downstream feedback, preventing the same error from
propagating to future instances.

them through curation (Li and Huang, 2026; Wu et al., 2026a; Yan et al., 2026; Yang et al., 2026; Zhang
et al., 2026¢). However, existing approaches typically either rely on additional validation sets or trajectory
replay for harness evolution, or support only forward information flow without adapting previously learned
experience based on its downstream effectiveness. Our work closes this recurrent loop in an online setting by
complementing forward accumulation with backward revision.

3 Framework

We first motivate recurrent agent harnesses by identifying limitations of forward-only harness evolution in
§3.1, then introduce textual backward feedback through revision to address the challenges of agentic continual
learning in §3.2, and finally propose the ReHarness framework in §3.3.

3.1 From Stateful to Recurrent Agent Harnesses

An agent harness for continual learning (Ai et al., 2026; Asawa et al., 2026; Dorovatas et al., 2026; He et al.,
2026) provides stateful runtime scaffolding around a decision agent wp over a stream of instances. After
observing the previous instance trajectory 7;_1, a memory agent 7my; produces a reflection R;_; and writes it
into the current harness state h;. When the next instance arrives, the harness retrieves relevant reflections
from h; to assist mp, which responds to query x; with y; and receives reward r; from the environment. We
denote the resulting trajectory of the current instance as 7w = (x4, y:,7¢). This process repeats throughout
the stream {7;}1_;. Existing work (Zhao et al., 2024; Lingam et al., 2025; Ouyang et al., 2026; Zhang et al.,
2026¢) thus evolves the harness state through alternating forward write (1,1 — R;—1 — h;) and forward read
(ht — Rt—l — Tt).

Figure 1 (a) illustrates this forward information flow in stateful harnesses with a simple sorting example.
After correctly sorting {3,7,4} in descending order at 71, mps writes the reflection “put larger numbers
first” into h;. At 73, however, the query asks for ascending order. Retrieving R;_; therefore misleads 7p,
which produces an incorrect answer. Although 7, then writes a new reflection R; recommending “put smaller
numbers first,” the misleading R;_; remains in h;y; and is retrieved again for 7,11 because the queries contain
overlapping numbers. Consequently, the same overgeneralized reflection misguides 7p again.



This example shows that a stateful harness with only the forward path is incomplete for continual learning.
This forward-only reflection process does not account for the effectiveness of reflections when reused in future
instances under distribution shifts. Misleading reflections can persist in the harness state and propagate errors
through later retrievals. We instead propose a recurrent agent harness that combines forward information
flow with backward feedback from future instances.

3.2 Textual Backward Feedback through Revision

Agentic continual learning under a strictly streaming setting poses unique challenges for backward feedback.
First, each instance is observed only once, so we cannot return to past instances to collect additional
counterfactual outcomes for offline optimization (Cai et al., 2026; Li et al., 2026; Pan et al., 2026). Second,
we do not have additional validation sets to select among candidate harness updates (Kang et al., 2026; Lee
et al., 2026; Zhang et al., 2026b). Third, frontier API-based agents (Anthropic, 2026; Google DeepMind, 2026;
OpenAl, 2026a) do not expose model parameters, precluding gradient-based updates. On the other hand,
prior work (Pryzant et al., 2023; Shinn et al., 2023; Yuksekgonul et al., 2024) shows that natural language
feedback can provide an effective learning signal without parameter updates. We therefore realize backward
feedback in the textual harness state, allowing the harness to adapt online as the interaction stream evolves.

Specifically, we introduce a revision agent wr that revisits reflections used for the current instance based
on their observed effectiveness. Using the same sorting example in Figure 1 (b), after observing the current
instance trajectory ¢, mr revises R;_1 in to R, _; using its source trajectory 7;—_; and the downstream
evidence from 7. The revision aims to produce a reflection that, if used in place of R;_1, could have prevented
mistakes in 7. This typically involves incorporating previously missed evidence from 7;_1 or correcting an
exaggerated hypothesis in R;_1. Here, 7 adds a limiting condition to R;_; by specifying “larger first only if
descending.” Replacing R;—; with R,_; yields a revised harness state hj, establishing the backward feedback
path 7, = R;_; — h}. Meanwhile, we use R;_; as a demonstration for the forward write, which generates a
new reflection R; from 7; with a similar limiting condition: “smaller first only if ascending.” Combining the
backward revision with this forward reflection yields the next harness state h;11 = h} & R;, completing the
recurrent update. Consequently, retrieving R, ; from h;;1 helps mp answer 7441 correctly.

3.3 ReHarness: Closing the Recurrent Loop

We now instantiate this recurrent harness framework as ReHarness in Figure 1 (b).

Step 1: Forward Read. Let hy = {R;};<: denote the current harness state. Given query z;, we provide the
decision agent mp with the top-k relevant reflections retrieved from h;:

T, = {i1, ..., i} = Retrieval(xy, hy, k), yr = wp (e, {Ri}biez,) - (1)

The environment then provides reward r;, forming the instance trajectory 7 = (¢, yt, rt)-

Step 2: Backward Revision. After observing 74, the revision agent mr independently revisits each retrieved
reflection using its source trajectory 7; and its effectiveness on the current instance 74:

R, =np(Ri,7i;7), Vi € I;. (2)

Importantly, 7 serves only as feedback for assessing and revising R;. Any new content in R} must remain
grounded in its source trajectory 7; to prevent information leakage. The revision may therefore incorporate
evidence missed in 7;, correct unsupported hypotheses in R;, or refine the conditions under which the reflection
should apply. Replacing the retrieved reflections with their revised versions while retaining all unretrieved
reflections yields the intermediate state hj.

Step 3: Forward Write. Finally, the memory agent 7 reflects on 7, to produce a new reflection:
Ry =mu(re {Ri}ier,),  heyr = hy @ Ry (3)

We prompt 7j; to explore operational evidence and retain only well-supported interpretations or strategies.
The revised reflections {R}};cz, serve as demonstrations for 7y, while the prompt encourages R; to capture
complementary perspectives not covered by those demonstrations.



Table 1 Mean normalized gain across task streams for each benchmark—backbone combination. Highest gains are in
bold. ReHarness outperforms all baselines, suggesting that backward revision of accumulated experience effectively
adapts agent harnesses to continual distribution shifts.

Method CL-Bench MemoryBench MemoryArena Average
Claude GPT Gemini | Claude GPT Gemini | Claude GPT  Gemini
MemO 0.103  0.220 0.092 0.049 0.016 0.053 0.093 0.322  0.235 0.131
RBank 0.073  0.065 0.040 0.023 0.004 0.045 0.014  0.017  0.023 0.034
DoT 0.125 0.081 —0.008 | 0.053 0.027 0.010 0.129  0.179  0.042 0.071
ACE 0.042  0.088 0.036 0.085 —0.018  0.028 0.045 0.004  0.073 0.043

GEPA-Online | 0.076  0.239 0.132 0.138 0.064 —0.134 | 0.126  0.129  0.058 0.092
Top-K Raw 0.165  0.268 0.190 0.035 0.041 0.037 0.145 0.340 0.291 0.168
Full Raw 0.191  0.299 0.234 0.063 0.024 —0.013 | 0.082 0.358 0.237 0.164
ReHarness 0.217 0.317 0.233 0.160 0.096 0.064 | 0.305 0.358 0.408 0.240

4 Experiment

4.1 Experiment Setup
Baselines. 'We compare ReHarness against the following strong baselines.

e MemO (Chhikara et al., 2025) maintains atomic memories as harness state, retrieving top-k entries for the
decision agent and incrementally extracting memories after each instance.

e RBank (Ouyang et al., 2026) maintains an append-only bank of reusable reflections as harness state and
retrieves top-k reflections for each instance.

e DoT (Lingam et al., 2025) generates diverse reflections from the top-k retrieved prior experiences and uses
them as the runtime harness for the current instance.

e ACE (Zhang et al., 2026c) maintains a global reflection playbook as its harness state and curates it through
add, update, delete, and merge operations for coherence.

e GEPA-Online adapts GEPA (Agrawal et al., 2026) to our strictly online streaming setting, preserving reflective
optimization of the decision prompt as persistent harness state, but replaces the original validation-based
population search with sequential updates from each observed trajectory.

e Full Raw uses all prior instance trajectories in the stream as harness context, while Top-K Raw retrieves only
the k most relevant trajectories for in-context learning.

We evaluate all methods with three frontier LLM backbones: Claude Opus 4.8 (Anthropic, 2026), GPT-
5.5 (OpenAl, 2026a), and Gemini 3.7 Flash (Google DeepMind, 2026), using the same backbone for all
agents within each method. We use each model’s default generation configuration with high thinking effort
and exclude hidden reasoning traces from all harness operations. Retrieval uses the top five entries ranked
by Qwen3-Embedding-8B (Zhang et al., 2025a) and applies the same query-to-query comparison across all
methods. We provide the prompts used by ReHarness in §A.

Datasets. We evaluate ReHarness against baselines on three continual learning benchmarks under a strictly
online streaming protocol, with no training or validation set and no repeated trials.

e CL-Bench (Asawa et al., 2026) contains six tasks spanning cohort studies, codebase adaptation (Jimenez
et al., 2024), database exploration (Hou et al., 2026), sales prediction, blind spectrum monitoring, and
exploitable poker. Each task contains 12 to 120 multi-round instances with explicit distribution shifts and
task-specific evaluation metrics.

e MemoryBench (Ai et al., 2026) contains long-input, long-output generation tasks across multiple domains.
We use its five English tasks from HelloBench (Que et al., 2024) and WritingBench (Wu et al., 2026¢),
covering academic, creative, and political writing, with 17 to 47 single-round instances per task, evaluated
by GPT-5.6-Sol (OpenAl, 2026b).

e MemoryArena (e et al., 2026) contains five domains spanning travel planning (Xie et al., 2024), web
shopping (Yao et al., 2022), progressive web search (Chen et al., 2026), and formal reasoning in mathematics
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Figure 2 Task-level normalized gain for each method, averaged across the three backbone LLMs. Performance varies
across tasks, while ReHarness remains effective on nearly all of them.

and physics, with 20 to 270 tasks per domain. Each task comprises 2 to 16 interdependent instances, each
involving multiple interaction rounds.

Across these benchmarks, we standardize each task as a continual learning stream and each constituent
interaction unit as an instance (i.e., 7¢). ReHarness and all baselines maintain harness state across instances
within a stream and reset it between streams. To compare performance across tasks with different native
metrics, we follow Asawa et al. (2026) and report normalized gain, (Tmethod — Tstateless)/ (Tmax — Tstateless)s
averaged over each stream. Here, . denotes the maximum achievable reward under each task’s native metric.
This metric quantifies the improvement over the stateless backbone agent from learning prior experience
within the stream. We repeat each experiment over three independently sampled stream rollouts. Within each
rollout, all methods share the same benchmark initialization and random seed, then evolve independently.

4.2 ReHarness Consistently Improves Agentic Continual Learning

Owverall Performance. Table 1 reports the mean normalized gain across task streams for each benchmark—
backbone combination. ReHarness achieves the highest overall normalized gain of 0.240 and ranks first or
tied in eight of the nine combinations. Consistent with Asawa et al. (2026), raw-context methods are strong
baselines: Top-K Raw and Full Raw outperform most structured memory and reflection methods on average,
particularly on CL-Bench and MemoryArena. Reflection-based methods, such as RBank, DoT, and ACE, are
less consistent, with some settings yielding negative gains. Similarly, GEPA-Online degrades substantially on
MemoryBench with Gemini, suggesting that prompt optimization alone is less robust for continual learning.
To assess statistical significance, we compare ReHarness against each baseline using two-sided paired Wilcoxon
signed-rank tests with Bonferroni correction, treating each seeded task stream as one observation. ReHarness
significantly outperforms all baselines (paq; < 0.05), including the strong raw-context baselines Top-K Raw
(Padj = 0.039) and Full Raw (paqj = 0.043). Overall, these results suggest that revising reflections with
ReHarness is more effective than retaining raw history or relying on forward-only accumulation.



Table 2 Average grounded, leakage, and unsupported claim rates of revised reflections on CL-Bench for each backbone,
together with the average change per revision. The grounded rate remains above 95% for all three LLMs and decreases
only marginally after revision, suggesting that ReHarness uses the downstream trajectory primarily as feedback rather
than as a source of leaked information.

LLM Grounded Rate (1) Leakage Rate (/) Unsupported Rate (])
Average A / Revision | Average A / Revision | Average A / Revision
Claude | 0.953 —0.003 0.021 0.006 0.026 0.002
GPT 0.987 —0.002 0.008 0.003 0.005 0.001
Gemini 0.963 0.007 0.013 0.004 0.024 —0.002

Task-Level Results. We next present the task-level breakdown for each benchmark in Figure 2, averaged
across the three backbone LLMs. The gains vary substantially across tasks, with many methods showing
marginal or even negative improvements over their stateless backbones. On CL-Bench, ReHarness leads or
remains close to the best on most tasks, but shows only marginal gains on exploitable poker. On MemoryBench,
while most methods perform well on HelloBench (HB-Academic and HB-Creative), only ReHarness achieves
consistent gains across WritingBench (WB-Academic, WB-Creative, and WB-Politics). On MemoryArena,
Mem0 is notably strong on travel planning, and GEPA-Online performs well on progressive web search, while
ReHarness remains consistently competitive across all five domains. A closer examination suggests that,
unlike the more deterministic codebase and database settings, exploitable poker is more stochastic: hand-level
rewards can be weakly coupled with strategy quality due to hidden cards and chance. Raw-context baselines
are less exposed to this credit-assignment issue because they preserve the original hand trajectories and
defer their interpretation to the decision agent at each new hand. By contrast, ReHarness is less effective
when downstream rewards provide a noisy signal for backward revision, and benefits most when feedback is
diagnostic for revising reusable reflections. The full raw results are in §A.

Token Efficiency. We further examine the token consumption and API cost of ReHarness. Despite requiring
one reflection call for forward write and k revision calls for backward revision, in addition to the decision calls
shared by all methods, ReHarness consumes fewer total tokens than the two strong raw-context baselines.
This is because compact reflections substantially reduce the repeated decision-time context cost of raw
trajectories, especially for long, multi-round instances. Across one rollout over all CL-Bench tasks with
Claude, ReHarness consumes ~37.19M input and ~4.38M output tokens, totaling ~41.57M. By comparison,
Top-K Raw consumes ~52.20M input and ~0.46M output tokens (~52.66M total), while Full Raw consumes
~141.68M input and ~0.44M output tokens (~142.12M total), or 1.3x and 3.4x as many total tokens as
ReHarness, respectively. Thus, although ReHarness generates more output tokens, its input-token savings
more than offset this overhead in total consumption. With prompt caching and Claude API pricing, the
corresponding costs are approximately $85 for Top-K Raw, $254 for ReHarness, and $314 for Full Raw.
ReHarness therefore remains substantially cheaper than Full Raw while achieving a higher normalized gain
(0.217 vs. 0.191), whereas Top-K Raw is cheaper but achieves a lower gain (0.165).

5 Analysis

5.1 Is ReHarness Revision Source-Grounded?

We first examine whether backward revision in Equation 2 remains grounded in its source trajectory 7; or
imports information from 7. Following Min et al. (2023), we decompose each revised reflection R; into factual
claims using GPT-5.6-Sol (OpenAl, 2026b). We classify each claim as: (1) grounded, if entailed by 7; (2)
leaked, if not entailed by 7; but entailed by 7¢; or (3) unsupported, if entailed by neither. Table 2 reports
the average rates across CL-Bench tasks for each backbone and their average change per revision. Across all
backbones, over 95% of claims remain source-grounded, with leakage at 0.8-2.1% and unsupported claims
at 0.5-2.6%. Moreover, revision changes these rates only marginally, with grounding decreasing by at most
0.3% per revision. These results indicate that the backbone LLMs largely follow the grounding constraint as
intended, and ReHarness uses 7; primarily as feedback rather than as a source of leaked information.



Table 3 Normalized gain under counterfactual revision on CL-Bench with Claude. Counterfactual replay reapplies the
revised harness to the same instance and substantially improves over ReHarness and the no-revision baseline. This
shows that the backward mechanism enables meaningful revision.

Revision Revision  Revised Harness CL-Bench
Setting Based On Applied To Cohort Codebase Database Sales Spectrum  Poker ‘ Average
No Revision - - —0.053 0.359 0.279 0.258 0.033 —0.012 0.144
ReHarness Tt Tet1 —0.019 0.378 0.361 0.408 0.162 0.009 0.217
Counterfactual Tt Tt 0.046 0.509 0.402 0.698 0.314 0.041 0.335

5.2 Is ReHarness Capable of Revision?

We next validate whether ReHarness revises the harness state as intended. The goal of revision is to use
downstream feedback to improve previously learned experience for future instances. We therefore consider a
counterfactual replay that modifies the online streaming protocol. After revising the harness state into hj}
based on the completed trajectory 7, we reuse h} to assist the decision agent on the same instance. This differs
from ReHarness, which applies h} only to the next streamed instance 7¢;1. Importantly, h} remains grounded
in past trajectories and uses 7; only as feedback on their effectiveness. The replay thus asks: given the current
outcome, what information already available in past trajectories should have been captured differently to
better inform that instance?

Table 3 reports task-level normalized gains on CL-Bench with Claude for ReHarness, counterfactual replay,
and a no-revision baseline that removes the revision agent 7 and retains only forward information flow.
Counterfactual replay substantially improves over ReHarness across all tasks. This suggests that revision
can recover or correct information from past trajectories using current feedback, producing a more effective
harness state had those revisions been available beforehand. Hence, counterfactual replay confirms that
the backward mechanism produces meaningful revisions. However, it violates the online streaming protocol.
ReHarness instead applies the revised state h; only to the next instance 7¢11, using feedback from 7 to
improve future instances. Compared with the no-revision baseline, ReHarness achieves higher gains across all
tasks, especially in database exploration, sales prediction, and blind spectrum monitoring. This indicates that
backward revision remains beneficial when applied only to subsequent instances in the stream.

5.3 What Does ReHarness Revise during Continual Learning?

Now that we have established the source grounding and capability of ReHarness revision, we use qualitative
examples from CL-Bench with Claude in Figure 3 to examine what it revises. Figure 3 (a) shows an early-stage
example from blind spectrum monitoring, where the agent infers persistent transmitters from sequential
spectrum scans. After observing 7, the memory agent mp; overgeneralizes the evidence and recommends
“report[ing] plausible additional channels to fill large silent gaps.” Because the task rewards overlap with
the ground-truth occupied spectrum, both missing real transmitters and hallucinating nonexistent ones hurt
performance. When this reflection is retrieved from hgz for 73, the decision agent wp follows the speculative
guidance, adds unobserved transmitters, and receives a lower reward. Using this outcome as backward
feedback, the revision agent mp marks the hypothesis as “speculative” and changes the guidance to “prioritize
retaining confirmed peaks over adding unconfirmed ones,” producing h5. When the revised reflection is
retrieved from hy4, mp avoids speculative fillers and substantially improves the reward. This example shows
how ReHarness corrects an early overgeneralization before it misguides future decisions.

The second example in Figure 3 (b) shows a late-stage revision from database exploration in CL-Bench, where
the agent queries an unknown SQLite database. During 72, mp fails to inspect null values in a price column
“prc,” yet myr eventually consolidates the reflection that “the graded value came from prc” after repeated
use in the early stream. After 759, CL-Bench introduces a distribution shift by changing the schema and
adding “prc_ v2.” When the old-schema reflection is retrieved from hog for 73, mp checks only “prc,” while
the correct answer lies in “prc_ v2.” Using this failure as backward feedback, mr changes the rule to “not
assume which column is graded” and “enumerate all price-like columns,” producing hf,. When this revised
reflection is retrieved for o5, mp checks both “prc” and “prc_ v2” and obtains the correct answer in two queries,
substantially improving the reward. This example shows how ReHarness revises outdated strategies under
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Figure 3 Qualitative examples of ReHarness revision during continual learning. (a) In blind spectrum monitoring,
ReHarness corrects an early overgeneralized reflection with evidence-grounded guidance. (b) In database exploration,
ReHarness adapts an outdated reflection to a schema shift.

Table 4 Stability—plasticity decomposition on CL-Bench. ReHarness achieves the highest average gains in both, showing
robust transfer across distribution shifts and effective adaptation afterward.

Method Claude GPT Gemini Average
Stability Plasticity | Stability Plasticity | Stability Plasticity | Stability Plasticity

MemO 0.002 0.101 0.014 0.206 —0.026 0.118 —0.003 0.142
RBank 0.004 0.069 0.001 0.065 —0.022 0.062 —0.006 0.065
DoT —0.003 0.127 —0.002 0.083 0.000 —0.007 —0.002 0.068
ACE 0.000 0.042 0.011 0.077 —0.028 0.065 —0.006 0.061
GEPA-Online 0.000 0.076 0.006 0.223 —-0.017 0.149 —0.004 0.153
Top-K Raw —0.012 0.177 0.009 0.260 0.011 0.179 0.003 0.205
Full Raw —0.005 0.196 0.010 0.290 0.024 0.210 0.010 0.232
ReHarness 0.003 0.214 0.025 0.291 0.016 0.217 0.015 0.241

distribution shifts through backward feedback. §A provides the full trajectories, reflections, and revisions.

5.4 How Does ReHarness Revise during Continual Learning?

We then investigate how ReHarness revises accumulated experience during continual learning. Following Asawa
et al. (2026), we decompose normalized gain on CL-Bench into stability and plasticity. Stability measures gain
on the first instance after a distribution shift, before post-shift feedback is available. Plasticity measures gain
on subsequent instances before the next shift, where methods can adapt to the current distribution. Because
the two categories contain different numbers of instances, their absolute gains are not directly comparable. As
shown in Table 4, Mem0, RBank, DoT, ACE, and GEPA-Online exhibit negative stability gains on average,
indicating that their forward-only harness states can become detrimental under distribution shifts. In contrast,
ReHarness achieves the highest stability gain on average and the highest plasticity gain for every backbone
LLM. These results suggest that backward revision enables more robust transfer across shifts while supporting
effective adaptation once post-shift feedback becomes available, as illustrated in Figure 3.

We further visualize harness state dynamics on CL-Bench codebase adaptation with Claude. Each transition
from h; to hyy1 adds a new reflection R, through forward write and revises retrieved reflections { R} };ez,
through backward revision. In Figure 4 (a), diagonal heatmap entries mark new reflections, while later
non-zero entries in the same row indicate revisions. We measure revision magnitude by character-level edit
distance between the old and revised reflections from the same source trajectory. Before the distribution shift
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Figure 4 (a) Harness state dynamics by ReHarness on CL-Bench codebase adaptation with Claude. Revisions diminish
as reflections stabilize before the distribution shift, then rise afterward to update outdated reflections. (b) Top-k
scaling on CL-Bench with Claude. ReHarness improves sharply up to k = 5 and stabilizes for moderate k, while larger
values yield diminishing returns and higher cost.

at g, revisions to older reflections diminish as the harness state stabilizes and the gain rises. After the shift,
older reflections require larger revisions to adapt to the new distribution. For example, the transition from hiq
to hi1 substantially revises reflections from 79 and 71. These revisions correct outdated experience while the
gain remains relatively stable after the shift. As the stream progresses, revision increasingly concentrates on
recent reflections relevant to the shifted distribution. Together, these dynamics show how ReHarness balances
stability and plasticity by preserving useful experience while revising outdated reflections.

5.5 What Makes ReHarness Effective?

Finally, we conduct ablations to identify what makes ReHarness effective. In Figure 4 (b), we vary the
number of retrieved and subsequently revised reflections, k, on a log scale for ReHarness and Top-K Raw on
CL-Bench with Claude. Top-K Raw approaches Full Raw as k reaches 20, suggesting diminishing returns
from additional in-context examples. For ReHarness, normalized gain rises sharply from k = 1 to 5, remains
relatively stable for k& € {5,10,20}, and declines for larger k. This suggests that overly large k can introduce
unnecessary revision and potential reflection drift while increasing computational cost. ReHarness therefore
does not require a large revision set. We fix k = 5 throughout the main experiments and report this sweep as
a post-hoc sensitivity analysis.

Furthermore, we ablate two components of ReHarness. The effect of removing backward revision is already
established in Table 3. Removing the revised reflections { R} };cz, used as demonstrations for mys in Equation 3
reduces the normalized gain on CL-Bench with Claude from 0.217 to 0.191, indicating that revised experience
helps guide subsequent reflection generation.

6 Discussion

In this paper, we propose ReHarness for agentic continual learning beyond forward-only harness evolution.
ReHarness complements forward read and write with backward revision, using downstream feedback to revise
past reflections while grounding new content in their source trajectories. Across three continual learning
benchmarks and three LLM backbones, ReHarness consistently outperforms strong baselines, with statistically
significant gains across challenging tasks. Further analyses show that ReHarness produces source-grounded
and meaningful revisions, corrects overgeneralized or outdated reflections under distribution shifts, and
improves stability and plasticity. Together, our results highlight recurrent harness adaptation as a promising
direction for continually refining accumulated experience under a strictly streaming setting. Despite these
gains, ReHarness underperforms on exploitable poker in CL-Bench, where downstream rewards provide noisy
signals for backward revision. Moreover, while ReHarness is more token-efficient than the strongest full-history
raw-context baseline, it still stores raw trajectories for future revision, incurring additional storage overhead.
We aim to address these limitations in future work.
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Appendix

A Appendix

We report task-level normalized gains for each LLM on CL-Bench, MemoryBench, and MemoryArena in
Tables 5, 6, and 7, respectively. We provide the prompts used by the decision agent 7p, memory agent
T, and revision agent i in ReHarness in Figure 5. We also provide the full qualitative revision examples

discussed in §5.3 for blind spectrum monitoring and database exploration in Figures 6 and 7, respectively.

Table 5 Normalized gain for each LLM on each CL-Bench task, with the highest value in bold.

Method ‘ Cohort Codebase Database Sales Spectrum Poker Average
LLM: Claude Opus 4.8
MemO —0.045 £ 0.014 0.408 £0.022 —0.016 £0.014  0.284 £0.011 0.000 £0.018  —0.013 +£0.002 | 0.103 £ 0.006
RBank —0.065 £+ 0.002 0.238 £0.007 —0.1194+0.006  0.376 £ 0.011 0.000 £ 0.001 0.005 £ 0.003 0.073 £ 0.002
DoT —0.074 +£0.002 0.499 +£0.009  0.056 £ 0.006 0.252 £ 0.026 0.033 £0.004  —0.017 £ 0.001 0.125 £ 0.007
ACE —0.015+0.004 0.231 £0.004 —0.005=+0.004  0.051 £+ 0.006 0.000 £ 0.001 —0.010 £ 0.003 | 0.042 £+ 0.001
GEPA-Online | —0.028 £ 0.006 0.238 £0.023 0.040 £ 0.014 0.171£0.004  —0.023 £0.004 0.056 £ 0.002 0.076 £ 0.008
Top-K Raw —0.119 £ 0.010 0.179 £ 0.006 0.371 £ 0.005 0.267 £ 0.020 0.275 £ 0.003 0.014 £ 0.005 0.165 £ 0.003
Full Raw —0.047 £ 0.002 0.364 £0.010  0.406 + 0.004 0.229 £0.013 0.216 £ 0.007  —0.020 +£0.012 | 0.191 £ 0.004
ReHarness —0.019 £ 0.012 0.378 £ 0.011 0.361 £ 0.004 0.408 £0.018 0.162 £+ 0.014 0.009 £ 0.002 0.217 £+ 0.006
LLM: GPT-5.5
MemO —0.047 £ 0.006 0.402 £0.019 0.349 £ 0.012 0.365 £ 0.033 0.233 £0.014 0.020 £ 0.002 0.220 £ 0.006
RBank —0.029 £+ 0.003 0.319 £0.009  —0.053 £0.005  0.068 £ 0.005 0.000 £ 0.001 0.087 £ 0.004 0.065 £ 0.002
DoT —0.105 £+ 0.002 0.228 £ 0.010 0.226 £ 0.005 0.078 £0.016 0.138 £0.002  —0.080 +0.005 | 0.081 £ 0.005
ACE —0.109 £+ 0.003 0.152 £ 0.001 0.118 £ 0.006 0.322 £0.012 0.000 £ 0.001 0.044 £ 0.004 0.088 £ 0.003
GEPA-Online 0.121 £ 0.006 0.694 £0.014 0.307 £0.011 0.110 £ 0.005 0.124 £ 0.009 0.076 £ 0.003 0.239 £ 0.008
Top-K Raw 0.011 £0.012 0.636 £ 0.020 0.465 £ 0.008 —0.002 £0.030  0.302 £ 0.005 0.196 £ 0.005 0.268 £ 0.007
Full Raw —0.068 £ 0.002 0.638 £ 0.008 0.482 £ 0.001 —0.022+0.013 0.344 +£0.004 0.421 +0.017 0.299 £ 0.003
ReHarness 0.234 £0.014 0.500 £0.009 0.515+0.009 0.437+0.011 0.198 £0.017 0.016 £ 0.001 0.317 £ 0.004
LLM: Gemini 3.7 Flash
MemO 0.190 £ 0.007 0.066 £ 0.010 0.271 £0.010  —0.337 £0.014  0.357 +0.007 0.003 £ 0.002 0.092 £ 0.005
RBank —0.014 £+ 0.003 0.058 £ 0.010 0.017 £ 0.007 0.182 £ 0.005 0.000 £ 0.001 —0.003 = 0.005 | 0.040 £ 0.002
DoT —0.124 £ 0.002 0.247 £0.013 0.077 £0.006  —0.249£+0.011  0.014 £0.006 ~ —0.011 £ 0.003 | —0.008 £ 0.004
ACE —0.047 £ 0.003 0.129 £ 0.003 0.089 £ 0.004 0.085 £ 0.014 0.000 £ 0.001 —0.038 £ 0.004 | 0.036 £ 0.003
GEPA-Online 0.039 £ 0.004 0.286 £0.005  0.459 +0.009 0.041 £0.004  —0.043 +£0.005  0.012 £ 0.004 0.132 £ 0.007
Top-K Raw 0.209 £0.018 0.701+0.012 0.365+£0.007 —0.356£0.029  0.2224+0.003 —0.004 +0.009 | 0.190 £ 0.006
Full Raw —0.036 £+ 0.002 0.440 £ 0.009 0.426 £ 0.003 0.343 £ 0.002 0.160 £0.007  0.070 £ 0.011 | 0.234 + 0.003
ReHarness 0.044 £ 0.010 0.610 £ 0.004 0.432£0.007 —0.1414+£0.024 0.458 £0.009 —0.005=+0.002 | 0.233 £0.003
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Table 6 Normalized gain for each LLM on each MemoryBench task, with the highest value in bold.

Method ‘ HB-Academic HB-Creative WB-Academic WB-Creative WB-Politics Average
LLM: Claude Opus 4.8
MemO 0.073£0.004 0.182+0.009 0.000 + 0.004 0.053 £0.003  —0.065+0.009 | 0.049 £ 0.002
RBank —0.055£0.004  0.111 £ 0.004 0.026 £ 0.002 0.033 £ 0.003 0.000 £ 0.003 0.023 £ 0.002
DoT 0.077 £ 0.002 0.179£0.004 —0.013+0.002 0.047+£0.003 —0.026 £0.003 | 0.053 £ 0.003
ACE 0.115 £ 0.004 0.134 £ 0.001 0.064 £+ 0.007 0.113 £ 0.005 0.000 £ 0.004 0.085 £ 0.004
GEPA-Online | 0.166 £ 0.005 0.132 £ 0.002 0.090 £0.029 0.173+0.003 0.130+0.006 0.138 £0.013
Top-K Raw 0.118 £0.003  —0.008 £ 0.004  0.026 &+ 0.002 0.040 £ 0.002 0.000 £ 0.002 0.035 £ 0.001
Full Raw 0.122 £ 0.003 0.167 £ 0.003 0.000 £ 0.003 0.080 £0.005  —0.0524+0.002 | 0.063 £ 0.002
ReHarness 0.199 £0.009 0.158 +=0.002 0.141 £0.006 0.173+0.006 0.130+0.005 | 0.160 +0.003
LLM: GPT-5.5
MemO 0.094 £ 0.003 0.070 £0.008  —0.016 £0.005  0.000 £0.003  —0.066 £ 0.005 | 0.016 £ 0.003
RBank —0.009£0.005 0.101 £0.006  —0.0324+0.002 0.009 £0.003 —0.049 £0.003 | 0.004 £ 0.003
DoT 0.100 £ 0.003 0.092£0.002 —0.016 £0.004 0.009 +£0.004  —0.049 £0.003 | 0.027 £ 0.002
ACE —0.008+£0.002 0.071£0.004 —0.063 +£0.005  0.009+0.003 —0.098 £0.004 | —0.018 £ 0.004
GEPA-Online | 0.163 £ 0.007 0.139 £ 0.002 0.032 £ 0.007 0.000 £0.009  —0.016 £0.006 | 0.064 £ 0.006
Top-K Raw 0.169 £ 0.001 0.051 £0.007  —0.032+£0.003  0.035£0.004 —0.016+=0.002 | 0.041 £ 0.001
Full Raw 0.157 £ 0.007 0.102£0.003 —0.016 £0.003 —0.009 £0.006 —0.115=£0.004 | 0.024 £ 0.003
ReHarness 0.215+0.010 0.172+0.002 0.048+0.005 0.044+0.010 0.000=+0.007 | 0.096 +0.006
LLM: Gemini 3.7 Flash
MemO 0.135+0.002 0.026 +£0.010 0.076 £0.004 —0.045+0.004 0.071+0.001 0.053 £ 0.002
RBank 0.031 £0.003 0.193+0.004 0.000£0.002  —0.025+0.004  0.024 4+ 0.004 0.045 £ 0.003
DoT 0.045 £ 0.002 0.094 £0.006 —0.076 £0.001 —0.025+0.003  0.012 £ 0.002 0.010 £ 0.002
ACE 0.098 £ 0.004 0.069 +£0.002  —0.013+£0.003  0.000 £0.004 —0.01240.004 | 0.028 £ 0.005
GEPA-Online | —0.062 +0.010  0.119+£0.002  —0.772+0.010 0.032+0.005 0.012+0.007 | —0.134 +£0.010
Top-K Raw 0.113 £ 0.002 0.131 +£0.006  —0.013+£0.002 —0.032£0.003 —0.0124+0.002 | 0.037 £ 0.001
Full Raw —0.032£0.006 0.153£0.003 —0.063 +0.002 —0.064 £ 0.005 —0.060 £ 0.004 | —0.013 £ 0.003
ReHarness 0.040 £ 0.009 0.173 £ 0.002 0.013£0.004 0.032+0.002 0.060+0.004 | 0.064 +0.003
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Table 7 Normalized gain for each LLM on each MemoryArena task, with the highest value in bold.

Method Travel Shopping Search Math Physics Average
LLM: Claude Opus 4.8
MemO 0.451 +0.022 0.029 £0.028 —0.057 +=0.003  0.016 £ 0.002 0.024 £0.014 0.093 £ 0.005
RBank 0.037 £ 0.003 0.043 £ 0.002 0.019 £0.002  —0.020 £0.003 —0.010£0.004 | 0.014 £ 0.001
DoT 0.085 £+ 0.004 0.121 £0.010 0.124 £ 0.002 0.013 £ 0.004 0.300 £ 0.008 0.129 £ 0.008
ACE —0.002 £0.001  0.079 £ 0.001 0.048 £ 0.004 0.012 £ 0.002 0.089 £ 0.007 0.045 £ 0.003
GEPA-Online | 0.009 % 0.004 0.219 £ 0.014 0.105 £+ 0.007 0.077 £ 0.002 0.218 £ 0.007 0.126 £ 0.005
Top-K Raw 0.292 £ 0.022 0.138 £0.007 —0.514£0.011  0.148 £ 0.001 0.663 +0.017 | 0.145+0.007
Full Raw 0.274 £ 0.008 0.179£0.012 —0.819£0.027 0.192+£0.002 0.582 %+ 0.005 0.082 £+ 0.006
ReHarness 0.443£0.022 0.221 £0.008 0.210=£0.007  0.138 £ 0.003 0.511 £0.007 | 0.305 +0.003
LLM: GPT-5.5
MemO 0.771 +£0.013 0.466 £+ 0.024 0.000 £ 0.003 0.103 £ 0.002 0.271 £ 0.008 0.322 £0.010
RBank 0.000 £+ 0.003 0.011 £ 0.003 0.014 £ 0.002 0.010 £ 0.003 0.048 £ 0.003 0.017 £ 0.001
DoT 0.176 £ 0.007 0.383 £ 0.006 0.060 £ 0.003 0.119 £ 0.006 0.155 £ 0.009 0.179 £ 0.005
ACE —0.012£0.001  0.059 +£ 0.002 0.009 + 0.004 0.015+£0.002  —0.051 £0.007 | 0.004 £ 0.003
GEPA-Online | —0.149 £0.005 0.327£0.008 0.321 +0.003 —0.011+0.006 0.155 4+ 0.007 0.129 £ 0.002
Top-K Raw 0.781 £ 0.002 0.425 £ 0.013 0.023 £ 0.020 0.150 £ 0.001 0.319 £ 0.015 0.340 = 0.009
Full Raw 0.787 £0.023 0.471+0.010 0.014£0.022 0.168£0.003 0.350£0.011 | 0.358 =0.009
ReHarness 0.816 £0.024  0.407 £ 0.008 0.101 £ 0.007 0.115+0.004 0.351£0.010 | 0.358 +0.006
LLM: Gemini 3.7 Flash

MemO 0.904 £ 0.010 0.005£0.031  —0.030 £0.003  0.089 £ 0.003 0.209 £ 0.002 0.235 +0.008
RBank —0.005£0.002  0.037 £ 0.002 0.045£0.001  —0.031£0.003  0.069 £ 0.004 0.023 £ 0.001
DoT 0.009 £ 0.004 0.072 £ 0.017 0.082 £ 0.002 0.013 £ 0.005 0.035 £ 0.007 0.042 £ 0.004
ACE —0.009 £ 0.001  0.058 +0.001 0.090 £ 0.002 0.048 £ 0.002 0.180 £ 0.008 0.073 £ 0.004
GEPA-Online | 0.000 £ 0.007 0.070 £ 0.012 0.201 £0.004  —0.008 £0.003  0.028 £ 0.008 0.058 = 0.004
Top-K Raw 0.940 +£0.014 0.221 £0.013 —0.269 £0.014 0.156 £+ 0.001 0.407 £0.013 0.291 £+ 0.007
Full Raw 0.945+0.017 0.1824+0.008 —0.537+0.016  0.142 £+ 0.002 0.452 £ 0.010 0.237 £ 0.010
ReHarness 0.930£0.021 0.226 £0.009 0.291£0.005 0.086£0.002 0.508 +0.004 | 0.408 = 0.003
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You are DecisionAgent. The input contains ranked reflections from previous instances, followed by the current task and observations.

Choose the next structured action for the current task. Return only one JSON object matching the supplied schema. Do not include
private reasoning in the JSON.

The retrieved memory is supplied separately as:
[RANKED REFLECTIONS]

[RANK 1 OF K REFLECTION]
{reflection}

{current task and observations}

You are ReflectionAgent. The input contains the current task, trajectory, and outcome, and may include semantically similar reflection
examples.

Write a concise reflection that will help maximize reward on similar future tasks. Use separate bullet lists for (1) consequential
operational evidence, including what worked, what failed, and any recovery, and (2) strongly supported interpretations and reusable

reward-maximizing strategies. Clearly distinguish evidence from interpretation.

Examples show writing style and perspectives already covered. Prefer a supported perspective that adds diversity, but do not fabricate
novelty.

Return only JSON exactly as {"reflection":"..."}.
Input layout:
[REVISED REFLECTION DEMONSTRATIONS]

[DEMONSTRATION 1]
{revised reflection}

[CURRENT TASK, TRAJECTORY, AND OUTCOME]
{completed trajectory}

You are RevisionAgent. The input contains one reflection and its guidance, its source trajectory, and a later trajectory in which it was
retrieved.

Revise the reflection so it will help maximize reward on similar future tasks. Use separate bullet lists for (1) consequential operational
evidence, including what worked, what failed, and any recovery, and (2) strongly supported interpretations and reusable reward-
maximizing strategies. Clearly distinguish evidence from interpretation.

Write concise use-case guidance as bullet points describing the matching conditions under which specific evidence or strategies in the
reflection apply. If the guidance is empty, initialize it; otherwise refine it using the later trajectory.

Use the source trajectory as the sole source of content. Use the later trajectory only to refine matching conditions and identify

omissions supported by the source trajectory. Do not import content from the later trajectory or attribute its behavior to the target
reflection.

Return only JSON exactly as {"revised_reflection™:"..."}.
Input layout:

[TARGET MEMORY ID]
{memory_id}

[CURRENT REFLECTION]
{reflection}

[TARGET MEMORY'S ORIGINAL TRAJECTORY]
{source trajectory}

[LATEST OBSERVED USE]
{current trajectory}

Figure 5 Prompts used by the decision (top), memory (middle), and revision (bottom) agents in ReHarness.
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Early-Stage Revision by ReHarness in Blind Spectrum Monitoring

Source Trajectory 72:

The agent observed and banked five transmitter centers: 32.3, 53.7, 79.8, 103.5, and 151.3 MHz.
The resulting report achieved a reward of 0.2970 with missed available bandwidth 3.6.

The source-supported observation was that banking actually observed peaks helped.

Unsupported Spectulative Forward Read

Original Reflection R, in Harness State h3:

- The observed centers are roughly ~22-26 MHz apart with a conspicuous gap near ~127 MHz (between 103.5 and
151.3). This suggests a denser underlying grid than seen peaks reveal; hypothesize and report plausible additional
channels to fill large silent gaps (e.g., a channel near ~127 MHz, and low-band coverage below 32 MHz), each ~13-16
MHz wide, marked currently_active=false.

- With ~82% true occupancy, a 5-channel model still massively under-claims. Target a model covering closer to ~138
MHz occupied — on the order of 8-10 channels of ~15 MHz — rather than treating the visible/banked set as complete.

Misguided Forward Read

Next Trajectory 73 with R Retrieved from h3:

R, was retrieved at rank 2/5.

The agent added speculative transmitters at approximately 127.4, 20.0, 66.0, 91.5, 163.0, and 2.5 MHz.
Reward: 0.2187; missed available bandwidth: 22.0.

Evidence-Calibrated Backward Revision

Revised Reflection R/, in Harness State h,:

- SPECULATIVE / NOT DIRECTLY SUPPORTED BY THIS SCAN'S EVIDENCE: extrapolations that true occupancy
is ~138 MHz, that a denser hidden grid exists, that I should invent unobserved channels to fill silent gaps (e.g., ~127
MHz, low-band), or that I should target 8-10 channels. This scan only demonstrated that banking OBSERVED peaks
helps; it gives no direct evidence that fabricating unobserved channels helps. Adding unobserved channels converts
silent-but-available spectrum into claimed-occupied, which can sharply raise missed_available and reverse the earlier
reward gain. Treat aggressive gap-filling as a hypothesis to test in small increments, not as an established win — because
unsafe and missed can flip once claimed occupancy grows.

- Practical rule: expand the persistent-occupancy model primarily via actually-detected peaks; only cautiously add
speculative channels, and watch whether missed_available begins to rise (signal to stop expanding).

- The speculative gap-filling / target-channel-count advice should be applied conservatively and treated as unverified:
use it only in tiny increments and only when large silent gaps coexist with high unsafe error; do not fabricate many
unobserved channels at once, as this risks a net reward drop from increased missed_available.

- Early low scans are expected; prioritize retaining confirmed peaks over adding unconfirmed ones.

Improved Forward Read

Next Trajectory 74 with R/, Retrieved from hy:

The revised reflection was retrieved at rank 1/5.

The agent retained detected/banked peaks without re-adding the speculative fillers from the last instance.
Reward: 0.3669; missed available bandwidth: 6.8.

Figure 6 Full qualitative revision example for blind spectrum monitoring from Figure 3 (a).
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Late-Stage Revision by ReHarness in Database Exploration

Source Trajectory 72:

The source trajectory discovered multiple price columns, including prc and prc_usd.

It computed the median using only prc_usd and obtained 20.92, while the correct answer was 21.99.
Importantly, it never verified that prc/100 produced the graded answer.

Overconfident Forward Read

Original Reflection R in Harness State hg3:

- ROOT CAUSE + STRONGEST GENERALIZATION: the miss came from choosing prc_usd when the graded value
came from prc. For electronics/items_g2 price-in-dollars questions, treat prc as the INTENDED source and prefer it;
prc_usd gave the wrong value here. prc appears NOT to be already in dollar units — inspect real non-null rows and
apply the needed scaling (dividing by 100 reconciles prc with the dollar-valued answer) before submitting. Do NOT
assume the two columns are interchangeable or identical — they can produce different aggregates and different non-null
counts.

- STRONGEST MATCH: 'price/list price of electronics products in dollars' questions (median, average, min/max,
filtered, possibly with img_ct / catalog-image or positive-price conditions). items_g2 exposes a raw prc column plus
prc_usd. Evidence shows the graded dollar answer came from prc CONVERTED to dollars (not from prc_usd); prc_usd
yielded the wrong value and has fewer non-null rows. Therefore, for dollar-price questions on items_g2, PREFER prc,
inspect its real values, and apply the scaling that makes it dollar-valued (dividing by 100 reconciles it) rather than
trusting prc_usd.

Post-Shift Forward Read

Next Trajectory T3 with Ry Retrieved from ho3:

After the schema shift, a fresh sample exposed a third price-like column, prc_v2.

The agent nevertheless compared only prc and prc_usd, answering 1035 instead of the correct 1049.
Reward: 0.0.

Uncertainty-Calibrated Backward Revision

Revised Reflection R/, in Harness State h5:

- STRONGEST SUPPORTED CONCLUSION: prc_usd was NOT the graded dollar source here (20.92 # correct 21.99).
The intended price column/interpretation was something OTHER than prc_usd. IMPORTANT CAVEAT: which column
IS graded was never verified — sampled prc was NULL, so any claim that prc (e.g., divided by 100) yields 21.99 is an
UNVERIFIED hypothesis, not evidence. Do not treat 'prefer prc and scale /100" as a proven rule; it may be wrong, and
there may be additional price-like columns not yet inspected.

- Multiple-candidate rule: whenever a quantity could come from more than one column or interpretation, ENUMERATE
every plausible price-like column, compute each candidate (ideally in one query), inspect real NON-NULL rows to see
values/units, and select by exact question wording. Merely computing one candidate leaves no basis for selection (as it
did here). Even computing two candidates does not guarantee success if the graded column is a third one — so first
confirm you have found ALL price-like columns via a fresh full-row sample.

- STRONGEST MATCH: 'price/list price of electronics products (in dollars)' questions on items_g2 (median, average,
min/max, count above/below a threshold, filtered by positive/non-zero price). items_g2 exposes MULTIPLE price-like
columns (prc, prc_usd, and possibly others). The graded value in the source was NOT prc_usd (it produced the wrong
answer). CRITICAL: do NOT assume which column is graded — the correct source was never verified. Enumerate ALL
price-like columns via a fresh SELECT * ... LIMIT 3, compute each candidate, inspect non-null values/units, and pick
by exact wording; be aware neither prc nor prc_usd may be the graded column.

Improved Forward Read

Next Trajectory 725 with sz Retrieved from hos:

The revised reflection was retrieved at rank 3/5.

The agent explicitly evaluated all three current candidates: prc, prc_usd, and prc_v2.
It answered 100.85 correctly using only two exploratory queries.

Reward: 0.8667.

Figure 7 Full qualitative revision example for database exploration from Figure 3 (b).
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