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ABSTRACT

Large language model agents increasingly rely on compound programs for retrieval,
tool use, reasoning, and verification, yet their failures often arise from local procedural
decisions. Existing reinforcement-learning and prompt-optimization approaches typi-
cally rely on scalar rewards or repeatedly modify entire prompts, making it difficult to
capture and reuse procedural improvements while preserving a frozen agent. To address
this problem, We propose Natural-Language Policy Gradients (NLPG), an external
policy-memory method for improving a fixed agent without changing its model param-
eters or program structure. NLPG diagnoses execution traces, propagates downstream
feedback backward through the module graph, and converts recurring failures into
route-local natural-language corrections that are aggregated into bounded policy up-
dates for subsequent executions. Across six benchmarks covering memory, reasoning,
instruction following, and evidence verification, NLPG also outperforms the strongest
listed baseline for each benchmark by 8.71 percentage points on average. These results
provide evidence that evaluated procedural experience can be transformed into local
and interpretable policy updates, enabling continual improvement of frozen agents.

1 INTRODUCTION

Large language models (LLMs) increasingly solve tasks as compound agents: a fixed program coordinates
multiple model calls, retrieval operations, tools, and intermediate representations before producing an
answer |Yao et al.|(2023));|Schick et al.[(2023));|Wu et al.[(2024)); [ Khattab et al.|(2024). This decomposition
improves capability, but it also creates a credit-assignment problem. A failed final answer may result from
an earlier query, an omitted entity, an incorrect memory write, or the final synthesis step. Updating the
whole prompt after every failure therefore provides only coarse feedback and may modify parts of the
agent that were not responsible for the error.

Parameter-based reinforcement learning optimizes scalar objectives but typically requires many rollouts
and offers limited interpretability [Sutton & Barto| (2018); |Shao et al.| (2024). Non-parametric prompt
optimizers generate, refine, or evolve natural-language instructions based on task performance Zhou
et al. (2023); |[Pryzant et al.|(2023); Yang et al.| (2024); |Opsahl-Ong et al.| (2024); Fernando et al.| (2024));
Agrawal et al.| (2026). Related adaptation methods exploit user corrections, self-feedback, verbal reflec-
tion, or cross-task experience |Madaan et al.| (2022} |2023); |Shinn et al.| (2023); [Zhao et al.| (2024])), while
long-term memory systems primarily store and retrieve interaction content|Packer et al.| (2023)); [Park et al.
(2023)); \IChhikara et al.| (2025); [Fang et al.| (2026); |Yang et al.| (2026). However, these approaches gen-
erally lack explicit credit assignment from an evaluated failure to the responsible module policy and its
corresponding update in a compound agent.

We introduce Natural-Language Policy Gradients (NLPG), a parameter-free policy-evolution method
for compound language agents. Its key mechanism is graph-backward credit assignment: NLPG traces
a failed outcome through recorded execution dependencies and attributes it to the responsible module or
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task-family policy rather than to the entire agent or a global prompt. It keeps the benchmark program,
model parameters, and retrieval backend fixed, while injecting bounded procedural instructions into the
relevant invocation. After each evaluation pass, the diagnosed deviations and execution dependencies gen-
erate candidate corrections, which are aggregated across executions, filtered for safety and redundancy,
and ranked according to their evidence support (cross-execution support for a correction), failure pressure
(the normalized weight of the associated execution deviation), and critic confidence (the critic’s confi-
dence that the correction is reusable). Accepted corrections are activated only in a later round, enabling
localized and interpretable policy evolution without changing the original agent architecture.

NLPG Separates pOhCy execution from pOI_ NLPG: From Failure Feedback to Reusable Module-Level Policies
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We evaluate NLPG on six benchmarks

spanning long-horizon memory and transfer: LoCoMo, HaluMem, LongMemEval, HotpotQA, IFBench,
and HoVer. Under protocol-matched comparisons, NLPG improves the primary metric by 2.23-23.11
points over the strongest listed baseline, depending on the benchmark. In the three-task transfer suite
aligned with the GEPA evaluation setting (HotpotQA, IFBench, and HoVer) Agrawal et al.| (2026), NLPG
averages 59.00 with Qwen3-8B, compared to 51.09 for GEPA (+7.91 percentage points) and averages
63.33 with GPT-4.1 Mini, compared to 59.43 for GEPA+Merge (+3.90 percentage points). Across these
benchmarks, the improvements target procedural demands including multi-hop composition in HotpotQA,
temporal grounding in LoCoMo, evidence routing in HoVer, and explicit output constraints in IFBench.
This is a cross-benchmark pattern; the contribution of individual components is analyzed separately in the
ablation experiments. Our contributions and key findings are summarized as follows:

* We introduce a parameter-free framework that evolves compound language agents through exter-
nal natural-language policy memory while keeping the underlying program, model parameters,
and retrieval system fixed.

* We develop a natural-language gradient mechanism that attributes diagnosed execution devia-
tions along recorded dependencies and converts them into reusable, route-local policy correc-
tions.

* We conduct a protocol-matched evaluation across six benchmarks and show consistent gains in
long-horizon memory use, multi-hop reasoning, instruction following, and evidence-grounded
verification under different model settings.

2 PRELIMINARIES

This section introduces the execution process of the self-evolving agent and defines the notation used in
the remainder of the method. A discussion of related work is provided in Appendix

Self-evolving compound agent. Let Py denote a self-evolving compound agent, where 6 denotes the
underlying model parameters and the fixed program configuration. Given a task input x; from a particular
task category, the agent consults the current policy memory M; and invokes the required program modules
according to its fixed execution procedure. The agent produces a task response y; and an evaluation result
z; that records whether the execution satisfies the task requirements and, when available, the diagnosed
failure information. The observable execution trace is denoted by 7; (Sutton and Barto, 2018; Yao et al.,



2023; Liu et al., 2024). After the current evaluation round is completed, the agent extracts effective policy
instructions from the collected traces and uses them to construct the next memory version M;;;. The
model parameters and the fixed program configuration remain unchanged throughout this process.

We use the following notation:

* Program module. A program module b is a callable unit that performs one explicit operation
in the agent’s execution procedure, such as retrieval, external tool use, verification, or result
parsing. For the j-th invocation in example ¢, the module produces an explicit output o; ;.

* Policy memory. The policy memory is indexed by a task category or a program module. We
write My = { M/} 4.4, Where M}* contains short natural-language instructions describing how
the corresponding category or module should execute its operation. These instructions may spec-
ify, for example, how to construct a retrieval query, organize intermediate evidence, or formulate
the final answer. Policy memory stores procedural experience rather than task-specific reference
answers.

» Execution trace. For task ¢, the observable execution trace records the task input, the explicit
outputs produced during execution, and the final response:

T, = (I% {Oi,j};‘];p yL) ) (1)

where J; is the number of module invocations. The trace may contain generated queries, re-
trieved evidence, tool results, and intermediate module outputs, but does not include hidden
model reasoning.

* Failure. A failure is an identifiable deviation between the execution or final response and the task
requirements that can be attributed to one or more relevant modules. Examples include omitting
a key entity from a query, failing to retrieve a necessary document, or producing an answer that
is unsupported by the available evidence. A failure is represented by a failure signature s and
may be associated with a set of policy-memory indices.

* Benchmark evaluation. For benchmark B3, an evaluator uses the execution trace and the bench-
mark’s reference information, such as annotated evidence, task constraints, a gold answer, or
scoring rules, to produce z;. The reference information is used to evaluate the execution and
diagnose failures; it is not stored as policy memory.

The self-evolution problem studied in this paper keeps Py and its execution procedure fixed, while up-
dating the external policy memory. Given evaluated executions (7;, z;), the goal is to convert recurring
failures into natural-language update directions associated with the relevant memory indices and to retain
only updates supported by multiple examples. Formally, the next policy-memory version is constructed
as

My = Update(Me, {(7i, 20) }iLy) - 6)
where M, is fixed during the evaluation round and M, is loaded only in a subsequent round. The main
challenge is therefore to determine both where a failure should update the policy memory and how the
associated instruction should be changed. NLPG addresses this challenge by propagating failure infor-
mation along the observed module dependencies and aggregating the resulting natural-language update
directions across examples.

3 METHOD

As shown in Figure 2] NLPG updates the procedural policies of a fixed compound agent while keeping its
model, program, and retrieval index unchanged. Section[3.1]introduces routed policy memory, Section[3.2]
presents natural-language policy gradients, and Section [3.3] describes cross-example policy aggregation
and validation.

3.1 NLPG PoLICY MEMORY

To improve a compound agent without retraining its underlying models, NLPG treats procedural experi-
ence as an external, updateable source of improvement. Let Py denote the compound agent, where 6 in-
cludes the model parameters and program configuration that remain fixed during self-evolution. Through-
out this paper, a task instance denotes one benchmark item supplied to the agent, while an execution
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Figure 2: Overview of NLPG. (A) Inference and failure diagnosis. The compound agent retrieves
module-local policies from the current policy memory M; and injects them into the corresponding mod-
ule calls. (B) Policy-memory update. NLPG aggregates routed language gradients across evaluated
trajectories, scores and selects reusable instructions, and stores them under the corresponding program
modules and task categories to construct M ;.

denotes the complete processing of that instance, including all module invocations, the final response,
and its evaluation. At policy version ¢, the agent receives task instance x;, consults the external policy
memory M;, and executes the fixed program.

Policy routing and candidate construction. For module-routed tasks, a; ; denotes the module invoked
at step j of example ¢; for task-family-routed tasks, it denotes the example’s task family. The selected
block Mta “J contains reusable instructions for that route. When enabled, a shared block MZ*" supple-
ments it with route-independent rules on evidence sufficiency, output format, and unsupported conclu-
sions.

For the current invocation, NLPG reads the route-specific policy memory M, and, when available,
combines it with the shared policy memory M;". We set M = & when a benchmark does not define
shared policy memory. After removing instructions with identical normalized text, the candidate policy
setis

Ct,i,j = Dedup(Mtai’j U Mtgen) s (3)

where C; ; ; is the complete candidate pool for the current invocation. It contains the instructions attached
to route a; ; and, when defined, the instructions shared across routes; an instruction appearing in both
memories is retained only once after text normalization. The pool is used for selection rather than inserted
in full: candidates are ranked by their stored utility and tie-breaking scores, and only the highest-ranked
K instructions are formatted and added to the module context.

Policy selection. Each candidate m € C; ; ; contains an instruction and a historical priority score w; (m)
derived from previous evaluated executions. NLPG ranks the candidates by this score and selects at most
K instructions:

Pri,j = TopK,, (Cti,5, K) - 4)



The selected set determines which policy instructions are injected into the current module invocation.
The benchmark-specific values of K and the policy-selection configurations used for the reported runs
are provided in Appendix [A]

Policy injection and module execution. Let c?%*¢ denote the original execution context constructed by
the task program without NLPG policies. It contains the module instruction, the current task input, and
any outputs passed from preceding invocations. The selected instructions P, ; ; are retrieved from policy
memory, formatted as a bounded policy addendum, and appended to the original context:

cij(My) = % || Format(Py; ;) , (5)

where || denotes text concatenation. The module processes the resulting context and produces output o; ;,
which may subsequently be consumed by downstream modules.

After J; invocations, the agent returns the final response y;. The observable execution trace is
Ji
T = (177:, {ai,j7ci,jaoi,j}j:1ayi) ; (6)

where each invocation records its policy route, execution context, and explicit output. The trace may
contain generated queries, retrieved evidence, tool outputs, and other observable intermediate results.
The benchmark evaluator applies the evaluation to the completed execution and returns the evaluation
result z;.

3.2 NATURAL-LANGUAGE POLICY GRADIENTS

Task-level evaluation reveals whether an execution succeeds, but not which module caused a failure.
NLPG therefore combines the evaluation result with the observed module dependencies to identify re-
sponsible modules and generate route-specific corrections. We call this natural-language description of a
local error and its correction direction a natural-language policy gradient.

Failure diagnosis. We define an evaluated execution as the complete process of running one task ex-
ample, from its input and module invocations to its final output and evaluation. For benchmark 3, the
diagnosis function maps execution trace 7; and evaluation result z; to

DB(TiaZ’i) = (ai;Siae’i)ﬂ (7)

where «; is the failure weight, S; is the set of diagnosed execution-deviation types, and e; is the identifier
of the evaluated execution. This identifier is subsequently used to count how many distinct executions
provide evidence for the same candidate correction. In our experiments, a;; = 0 for correct executions
and a;; = 1 for failed executions; records without a valid evaluation are excluded from policy construction.

Backward propagation of natural-language policy gradients. Inspired by TextGrad |Yuksekgonul
et al| (2025), NLPG propagates task-level language feedback L, through the observed module-
dependency graph in reverse topological order. At a terminal module, the downstream feedback is ini-
tialized with the task-level evaluation. At an intermediate module, Fi‘};wn collects the feedback messages
returned by its immediate successor modules. The critic examines these messages together with the cur-
rent module’s input, output, and execution context, produces a localized textual correction, and forwards
feedback only to the module’s recorded predecessors. This operation propagates feedback within one exe-
cution graph; the grouping of corrections across distinct executions is performed separately in Section[3.3]
Consequently, for invocation output o; ;, the language-level gradient is defined as

atextﬁi def
C LA (0n, FE™) | 8
Tyes Lm (04, Fi5") ®)

where 9%*t denotes a language-level feedback transformation rather than a numerical derivative, and
Virm denotes the critic operation that transforms the current output and downstream feedback into a
textual description of how the response ¥; ; should be improved. When an execution graph is available,
NLPG propagates this feedback from terminal modules backward in reverse topological order. At each
module, the critic uses the module’s output and accumulated downstream feedback to formulate a lo-
cal correction and pass relevant feedback to its immediate predecessors. Propagation terminates along a
branch when no further feedback is assigned, so corrections follow dependencies observed in the execu-
tion.



Conditioned on the output-level feedback above, NLPG attributes the required change to the routed policy
that produced the module output. We use the dependency M;""? — 0;; — L; as a structural description
of this attribution. The corresponding route-level natural-language gradient is defined as

8tEXt£i def a; j
N own
= Viwm (M " € 0igy B G ), )

text

gi,j =

87‘1‘73‘

Here, r; ; denotes the policy instruction retrieved for the j-th invocation, while M,"7 denotes the route-
specific policy memory from which this instruction is selected; c; ; and o; ; denote the invocation context
and the resulting output, respectively, while Fﬁ;’wn carries task-level or downstream feedback. The op-
erator 9'*** denotes a language-level transformation rather than a numerical derivative. The critic routes
each correction along the observed dependencies, after which NLPG filters and aggregates equivalent
instructions across executions. Their priority reflects support, failure weight, and critic confidence, while
their effectiveness is assessed by subsequent validation.

3.3 CROSS-EXECUTION AGGREGATION AND POLICY UPDATE

A correction derived from a single execution may reflect an incidental property of the example or its ex-
ecution path. NLPG therefore aggregates accepted natural-language policy gradients across executions
before updating policy memory. Gradients are grouped by route a, failure type s, and normalized correc-
tion text u. For each group, let g}f}-"t denote the representative gradient, selected by descending failure
weight and then critic confidence, where ¢, j identify the execution and invocation that produced it.

Let &, 5., denote the set of distinct evaluated-execution identifiers associated with correction u, and let
&, denote the set of distinct evidence identifiers associated with all accepted corrections on route a. Let
N, be the number of valid evaluated records attributed to route a. NLPG assigns the candidate correction
the score

‘5@75,11 |

The three factors represent cross-execution support, failure weight, and critic confidence. We set a;; = 1
for failures and O otherwise, so the score ranks corrections for retention. The optimizer converts each
grouped correction and its diagnosis into a concise route-specific instruction. After safety filtering, ac-
cepted instructions are merged with the current policy memory to form the candidate successor My ;..
NLPG promotes this candidate only if paired held-out validation satisfies the gain and regression con-
straints; otherwise, it retains M;. The promoted memory provides the Top-K policies in the next round.

QG R 5. (10)

Overall, NLPG turns execution feedback into validated, route-specific policy updates while keeping the
agent’s model and program fixed. By making each correction explicit and reusable, it supports inter-
pretable improvement across successive rounds of agent execution.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Experimental Details. We follow the released protocol for each benchmark. Within every comparison,
all methods use matched examples, models, prompts, retrieval settings, and scorers; published results
are reused only when these conditions agree and are otherwise recomputed in the NLPG evaluation har-
ness. The policy version remains fixed within each evaluation pass. Full configurations are provided in

Appendix

Datasets & Baseline Methods. We evaluate memory on LoCoMo |[Maharana et al.| (2024)), HaluMem
Chen et al.| (2025), and LongMemEval [Wu et al.| (2025), against the memory-agent baselines reported
for their aligned protocols, including MemO |Chhikara et al. (2025),MemR? [Du et all (2025), Light-
Mem [Fang et al.| (2026), and ProMem |Yang et al.|(2026). Transfer is evaluated on the GEPA-aligned
HotpotQA |Yang et al.| (2018)), [FBench |Pyatkin et al.| (2025)), and HoVer Jiang et al.[(2020)) suite against
the task baseline, GRPO, MIPROvV2 (Opsahl-Ong et al.| (2024), TextGrad |Yuksekgonul et al.| (2025)),
Trace/OptoPrime (Cheng et al.| (2024)), and GEPA [Agrawal et al.| (2026). The complete baseline lists
and data construction are deferred to Appendix



Metrics. LoCoMo and LongMemEval use QA accuracy; HaluMem uses Memory Integrity, Memory
Accuracy, and QA Accuracy. HotpotQA uses normalized exact match, IFBench the official strict checker,
and HoVer its evidence-grounded verification score. All values are percentages, and transfer-suite aver-
ages are arithmetic means over the three tasks. Auxiliary metrics and exact scoring rules are reported in
Appendix |C| Complete results for HaluMem and LongMemEval are reported in Appendices and[C.3]
respectively.

4.2 LONG-HORIZON CONVERSATIONAL MEMORY

Table 1: LoCoMo results under the aligned evaluation protocol. Parenthesized values show improvements
over the strongest baseline in each column.

LLM ‘ Method ‘ 1. Multi-Hop 2. Temporal 3. Open-Domain 4. Single-Hop Overall
MemoryOS 56.50 37.18 40.28 62.43 54.70
Mem0O 58.16 55.45 40.62 66.71 61.00
MemU 62.41 33.96 46.88 7277 61.15
£ | MemOS 69.15 72.27 60.42 81.45 75.87
E HiMem 70.92 74.77 54.86 89.22 80.71
;-r Zep 71.99 74.45 66.67 88.11 81.06
% TiMem 62.20 77.63 52.08 81.43 75.30
TSM 66.67 71.03 58.33 84.30 76.69
MemR? 71.39 76.22 61.11 89.44 81.55

NLPG (ours) ‘ 7553 (+4.14)  86.92 (+10.70) 70.83 (+9.72) 92.29 (+2.85) 86.72(+5.17)

The category-level results indicate that NLPG is most useful when answering requires a sequence of
memory operations rather than a single semantic match. The gains on multi-hop and temporal questions
show that route-local policies help the agent combine evidence and preserve time-dependent distinctions
across retrieval and answer synthesis. The smaller improvement on single-hop questions is consistent
with their lower procedural complexity: these questions often require retrieving one directly relevant fact,
leaving less room for module coordination to improve the result.

4.3 TRANSFER TO REASONING, INSTRUCTION FOLLOWING, AND VERIFICATION

We next test transfer beyond conversational memory on the GEPA-aligned HotpotQA/IFBench/HoVer
suite. The comparison includes MIPROV2 |Opsahl-Ong et al.|(2024), TextGrad|Yuksekgonul et al.|(2025)),
Trace/OptoPrime |Cheng et al.| (2024)), and GEPA |Agrawal et al.|(2026). Results are reported for Qwen3-
8B and GPT-4.1 Mini.

Table 2: Cross-model generalization under the GEPA evaluation suite |Agrawal et al.| (2026). NLPG is
evaluated with Qwen3-8B |Yang et al.| (2025)) and GPT-4.1 Mini |OpenAl| (2025) on HotpotQA, IFBench,
and HoVer.

% Qwen3-8B

Method HotpotQA IFBench HoVer 3-task Avg. Improvement
Baseline 42.33 36.90 35.33 38.19 -
GRPO 43.33 35.88 38.67 39.29 +1.11
MIPROV2 55.33 36.22 47.33 46.29 +8.11
GEPA 62.33 38.61 52.33 51.09 +12.90
GEPA+Merge 64.33 28.23 51.67 48.08 +9.89
NLPG 73.67 44.00 59.33 59.00 +20.81

® GPT-4.1 Mini
Method HotpotQA IFBench HoVer 3-task Avg. Improvement
Baseline 38.00 47.79 46.33 44.04 -
Trace (OptoPrime) 60.33 51.19 46.00 52.51 +8.47
MIPROvV2-No-Demos 38.00 52.04 51.33 47.12 +3.08
MIPROV2 58.00 49.15 48.33 51.83 +7.79
TextGrad 62.33 48.64 47.67 52.88 +8.84
GEPA 69.00 52.72 51.67 57.80 +13.76
GEPA+Merge 65.67 55.95 56.67 59.43 +15.39
GEPA-Qwen-Opt 65.67 49.83 54.67 56.72 +12.68
NLPG 72.67 58.00 59.33 63.33 +19.29
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Figure 3: Cross-benchmark accuracy comparison. Panels (a) and (b) show transfer results for Qwen3-8B
and GPT-4.1 Mini, respectively, while panel (c) reports category-wise LoCoMo accuracy. Consistent with
Tables2]and[I] NLPG achieves the best performance on all transfer tasks for both backbones and improves
every LoCoMo category, with the largest gains on multi-hop, temporal, and open-domain questions. The
strongest improvements occur on procedurally compositional questions, suggesting that route-specific
policy updates improve decisions about query preservation, memory combination, and retrieval expansion
rather than simply increasing context size.

NLPG is best on all three tasks for both backbones, averaging 59.00 with Qwen3-8B and 63.33 with
GPT-4.1 Mini. Diagnostic breakdowns are provided in Appendix [C.7] The transfer results show that the
benefit is not tied to conversational-memory retrieval. NLPG improves all three tasks for both backbones,
including instruction following, multi-hop retrieval, and evidence-grounded verification. Because the
baseline and NLPG use the same backbone, examples, task procedure, retrieval settings, generation limits,
and evaluation metric in each comparison, NLPG does not receive extra model calls or a larger inference
budget. Under the matched comparison protocol, the results are consistent with a contribution from
the external policy memory and update mechanism, rather than from a different answer format or more
computation.

4.4 CROSS-BENCHMARK ANALYSIS

Across the six independently held-out evaluations, NLPG improves both long-horizon memory use and
compound-task execution. Policies are constructed and selected without access to final-test examples.

Figure [3| summarizes the results. NLPG reaches 86.72 on LoCoMo, with the largest gains on multi-hop,
temporal, and open-domain questions; the latter category is small and should be interpreted cautiously.
It also obtains 96.20 Memory Accuracy and 85.37 QA Accuracy on HaluMem, and 71.80 QA Accu-
racy on LongMemEval. The transfer gains persist across both backbones: on HotpotQA, IFBench, and
HoVer, NLPG improves over the corresponding baseline by 31.34, 6.43, 24.00 points with Qwen3-8B and
34.67,10.21, 13.00 points with GPT-4.1 Mini. Because NLPG improves tasks with different evidence-
routing and instruction-following requirements using the same failure-to-correction update procedure,
the result supports the portability of this procedure rather than the reuse of a single benchmark-specific
answer format or policy text.

4.5 ABLATION STUDY

We ablate NLPG’s core mechanisms and route-local memory capacity on the same 150-example IFBench
split, holding the model, evaluation protocol, and inference budget fixed.

Figure [ summarizes the contribution of each component. Removing textual gradients causes the largest
drop 5.3%, showing that natural-language corrections provide actionable guidance beyond failure counts.
Removing policy updates or failure signatures reduces accuracy by 4.0 percentage points, highlighting the
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Figure 4: IFBench ablations by instruction category. (a) Strict accuracy (%). (b) Difference from full
NLPG in percentage points. Hatched cells contain fewer than 10 examples.

importance of cross-example feedback accumulation and explicit failure diagnosis. Removing route credit
causes a further 3.3-point drop, providing evidence for the value of module-specific credit assignment.

4.6 ANALYSIS OF MODULE-LOCAL POLICY INTERVENTION

Why specificity policies work. We compare the same case with and without NLPG’s route-specific
specificity policy, keeping the question, backbone, retrieval setup, and QA program fixed.

Question: Trey Anastasio and Glenn Bidmead, have which mutual occupation?
Gold answer: guitarist

Without NLPG Policy With Specificity Policy

Diagnosis: answer overgeneralization Policy update: preserve the most specific
shared attribute

Hop-2 query: Hop-2 query:

What are the shared occupations of Trey What occupation do Trey Anastasio and Glenn

Anastasio and Glenn Bidmead? Bidmead share?

— Predicted answer: musician — Predicted answer: guitarist

x Broader umbrella label v’ Specific answer recovered

Supporting-document recall remains 1.0 in both runs, so the repair does not come from additional evi-
dence. Instead, the specificity policy changes the hop-2 query and replaces the broad label “musician”
with the exact occupation “guitarist”, consistent with the diagnosed overgeneralization error. As a single
case with multi-module injection, it neither isolates one module’s contribution nor provides a population-
level causal estimate.

5 CONCLUSION

We introduced Natural-Language Policy Gradients (NLPG), a lightweight framework that converts ex-
ecution failures into reusable, module-local natural-language policies for compound LLM agents. By
combining failure diagnosis, route-aware policy updates, bounded selection, and offline validation, NLPG
improves both conversational-memory and multi-hop reasoning tasks without changing model parame-
ters or retrieval backends. Our results and ablations show that textual feedback and module-specific credit
assignment are key to these gains, while a controlled intervention confirms that targeted policies can im-
prove answer specificity under fixed retrieval. Future work will explore more automatic failure routing,
larger-scale policy evolution, and extensions to multimodal and larger tool-using agents.
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A IMPLEMENTATION DETAILS

NLPG adds an external procedural policy layer to a fixed compound agent. The benchmark program
remains responsible for memory construction, retrieval, generation, and evaluation, while NLPG controls
how reusable policy instructions are selected, updated, and injected into the program. Model parameters,

14



Algorithm 1 Inference with a frozen route-indexed policy

Require: Task instance z, active policy memory M, budget K
Ensure: Response ¢ and execution record 7
: a < Route(z)
P <« TopK(Dedup(M U MF™), K)
7 < Execute(Py, x,P)
§ < Response(T)
z + Evaluate(r)
return 4, (7, 2)

A

Table 3: Conceptual data flow of the NLPG execution and update process.

Stage Input — Output Role in NLPG
Policy loading M — route-indexed policy candidates Load the active procedural policy version.
Policy selection Task input and route — top-K instructions Deduplicate, rank, and select the policy con-

text for the invocation.
Fixed execution ~ Task input and selected policy — execution Run the original benchmark program without

trace changing its structure.
Evaluation Execution trace — z; Apply the benchmark’s released checker or
judge.
Failure analysis (74, zi) — failure feedback Identify the deviation and the routes relevant to
its correction.
Policy update Failure feedback — textual corrections Generate and consolidate reusable route-

specific instructions.
Policy validation  Candidate policy — accepted or rejected ver-  Evaluate the candidate on a disjoint policy-
sion selection set.

program structure, retrieval indexes, and benchmark evaluators are kept fixed. All reported NLPG results
use the complete pipeline described below; component removals are used only in the ablation experiments.

A.1 INFERENCE WITH A FROZEN POLICY

During evaluation pass ¢, the agent processes each task instance using the frozen policy memory M;. The
memory is indexed by execution routes, which may correspond to task families, program modules, or a
shared general route. For the current route a, NLPG removes duplicate instructions, ranks the remaining
candidates, and injects at most K instructions into the corresponding program context. The fixed agent
then executes its original retrieval and generation procedure.

Here, M;®" is empty for benchmarks without a shared policy route. The selected instructions are ap-
pended to the relevant module or task context, while the ordering of the original program is unchanged.
Each execution record stores the observable inputs and outputs, route information, retrieved evidence,
policy instructions, execution dependencies, final response, and evaluation result. The active policy is not
modified while the current evaluation pass is running.

A.2 OFFLINE PoLICY CONSTRUCTION

Policy construction takes place after an evaluation pass has finished. The observed execution records
are converted into failure feedback associated with the routes that could have contributed to the devia-
tion. When an execution graph is available, feedback is propagated from terminal modules toward their
recorded predecessors in reverse topological order. The critic uses the local execution context, module
output, and downstream feedback to produce a route-specific textual correction. Corrections from differ-
ent executions are then grouped by route and normalized instruction content.

For a grouped correction u associated with route a and failure signature s, NLPG assigns the following

retention score:
w — |6(17S77J.| a K
a,s,u max(Na, |ga|7 1) a,s,ulva,s,u»

(1)
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Algorithm 2 Route-aware offline policy construction

Require: Completed records R and active policy M;
Ensure: Candidate policy My

: D <+ Diagnose(R)

G < Critic(D, M,)

G’ + Consolidate(G)

Gsate + Filter(G")

My q i\Merge(Mta gsafe)

return M

AN AN ey

where &, ; ., is the set of distinct executions supporting the correction, IV, is the number of valid evaluated
executions associated with route a, and &, is the set of executions contributing accepted corrections on
that route. The terms o ., and kg, s, denote the normalized failure weight and critic confidence. The
score is used to rank candidates for retention; it is not interpreted as a causal estimate of correction utility.

The safety stage removes empty, duplicate, overly specific, overlong, label-leaking, or unsafe instructions
and limits the number of retained candidates per route. The resulting object is a candidate successor
policy. It becomes active only after passing policy selection; otherwise, the current policy is retained for
the subsequent evaluation pass.

A.3 BENCHMARK ADAPTERS AND POLICY INJECTION

NLPG uses a common policy memory and update procedure across benchmarks. Since the evaluated pro-
grams expose different execution modules and evaluation signals, each benchmark is connected through
an adapter that translates its execution trace and evaluation result into a common NLPG representation.
This representation contains the evaluation signal, observed failure information, route metadata, and exe-
cution evidence required for policy improvement.

The adapter maps each benchmark’s execution record and evaluator output to the common NLPG repre-
sentation, including the normalized evaluation signal, failure descriptor, task family, and eligible policy
routes. It therefore performs benchmark-specific diagnosis and route assignment, but does not generate
the policy text or aggregate updates across executions. The shared NLPG critic combines these nor-
malized signals with the observable execution evidence to produce reusable route-local corrections. The
shared optimizer then groups and ranks compatible corrections across executions, while the safety stage
removes duplicated, overly specific, label-leaking, or unsafe instructions before the next policy version is
constructed.

Route names follow the vocabulary of the fixed program. Memory-oriented benchmarks generally expose
task-family routes, whereas multi-hop and instruction-following programs expose module- or constraint-
specific routes. This route conditioning allows feedback to be assigned at the level where the correspond-
ing behavior is executed, rather than pooling all corrections into a single prompt.

Table 4: Execution routes and policy injection points used by the evaluated benchmark programs.

Benchmark Route representation Policy injection point K
LoCoMo Question category Retrieval and answer guidance 4
HaluMem Inferred question family Memory retrieval and answer policy 4
LongMemEval  Question type with fallback family Retrieval and answer guidance 4
HotpotQA Module routes in the two-hop program Summarization, second-hop query, and an- 3
swer modules
IFBench Instruction identifier and instruction family Response-generation context 3
HoVer Hop-specific summary and query modules Multi-hop summary and query generation 3

Reference information is consumed by the benchmark evaluator and, where required by the benchmark
protocol, is converted into a normalized evaluation signal or failure descriptor before policy construction.
For example, supporting-document annotations are used to compute document coverage in HotpotQA
and HoVer, while the official checker identifies unsatisfied instruction constraints in IFBench. These
evaluator-derived signals may determine the failure signature and eligible policy routes. The critic does
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not receive the raw gold answer, supporting-document annotations, or reference text; it receives the ob-
servable execution record together with the normalized evaluation feedback and failure descriptors. Policy
instructions are generated as reusable behavioral corrections.

A.4 PoLICY LIFECYCLE AND HELD-OUT EVALUATION

NLPG maintains one active policy version during each evaluation pass. After the pass, the collected
records are used to construct a candidate successor policy. In the held-out evaluation protocol, policy
construction, policy selection, and final testing use disjoint data partitions. The candidate and its parent are
compared under the same model configuration, program, and evaluation criterion on the policy-selection
partition. A candidate that fails the required improvement or regression constraints is discarded; the
previous policy remains active.

After policy selection is completed, the adopted policy is evaluated once on the final held-out test partition.
Test executions do not contribute to policy construction or policy selection. Each policy file records its
version, parent, route candidates, and the identifiers of the executions used to construct and evaluate it,
allowing partition overlap to be checked directly.

A.5 BENCHMARK EXECUTION AND RETRIEVAL

Model assignments are benchmark configurations rather than components of the NLPG method. NLPG
does not introduce additional model calls during ordinary policy injection and does not alter the bench-
mark retrieval index. For HotpotQA, the fixed program performs two retrieval stages with intermediate
summarization and second-hop query generation before answer synthesis. NLPG is injected into the
language-generation modules only.

HoVer uses a fixed multi-hop retrieval program with hop-specific summaries and queries. When a local
corpus index is enabled, document retrieval is performed by the benchmark’s configured lexical index,
while language models produce summaries and queries. Supporting-document coverage and document
recall are recorded as retrieval diagnostics, and the final verification score is computed by the bench-
mark evaluator. Complete model assignments, retrieval budgets, dataset partitions, and scoring rules are
reported in Appendix [C]

A.6 COMPUTATIONAL OVERHEAD

For a route containing C,, policy candidates, candidate ranking costs O(C,, log C,) and formatting the
selected K instructions costs O(K L), where L is their mean length. This overhead is bounded by the
policy budget and adds no mandatory retrieval operation.

Offline construction is linear in the number of inspected execution records and generated corrections,
followed by route-wise candidate ranking. Critic and graph-feedback operations add language-model
calls only during policy construction. The main configuration bounds the number and length of retained
instructions and corrections, ensuring that the policy context remains bounded across evaluation passes.

B RELATED WORK

Compound agents. Compound language agents coordinate multiple language-model calls with re-
trieval, tool use, and verification. ReAct interleaves reasoning and acting (Yao et al.| 2023)), Toolformer
studies tool use by language models (Schick et al.l 2023), AutoGen supports multi-agent coordination
(Wu et al., 2024), and DSPy represents language-model applications as composable programs (Khattab
et al.| [2024). These works establish the execution structure of compound agents, but, to our knowledge,
have paid less attention to explicit post-deployment, module-level policy updates in compound agents.

External memory. Memory-augmented agents preserve information across interactions through experi-
ence records, reflection, or hierarchical storage (Park et al., 2023} [Packer et al.,|2023). Mem0, LightMem,
and ProMem further improve memory extraction, compression, retrieval, and verification (Chhikara et al.,
2025} [Fang et al.} [2026; [Yang et al [2026). These methods mainly manage historical content or factual
memories. NLPG instead stores reusable procedural instructions indexed by task family or program mod-
ule and updates them from diagnosed execution failures.
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Language-based agent optimization. Reflexion and Self-Refine use verbal feedback to improve later
attempts (Shinn et al., [2023; Madaan et al., [2023)). Prompt-optimization methods search over instructions
through textual edits, language-model optimization, or evolutionary search (Pryzant et al., |2023 [Yang
et al.l 2024} |Opsahl-Ong et al., [2024; [Fernando et al) 2024)). TextGrad formalizes language feedback
as a textual gradient, while Trace uses execution traces and rich feedback for generative optimization
(Yuksekgonul et al.| [2025). GEPA extends this direction to reflective prompt evolution for compound
systems (Agrawal et al.| 2026).

C EXPERIMENTAL DETAILS

This appendix records the experimental settings, model assignments, data flow, and evaluation protocols
for NLPG. Comparisons within one block use the same dataset version, final-test examples, task interface,
candidate corpus, retrieval budget, answer format, evaluator, normalization rule, and scoring denominator.

All NLPG results are evaluated on an independently held-out final set. Before policy construction, each
benchmark is partitioned into a construction set, a selection set, and a final test set. Evaluated trajectories
from the construction set are used to produce candidate policies, whereas the selection set is used only to
choose between candidate and parent policy versions. The selected policy is then frozen and evaluated
once on the final test set. Final- test inputs, outputs, labels, and evaluator feedback are never used to
construct, select, revise, or rescore the policy reported for that set.

C.1 DATA SEPARATION AND RESULT PROVENANCE

Table [5] summarizes the separation protocol. Splits are materialized before optimization and stored with
stable example identifiers. For benchmarks containing multiple questions about the same conversation,
user, memory record, or document history, separation is performed at that higher-level unit rather than
only at the question level. Consequently, no underlying context unit can contribute feedback to policy
construction or selection and later reappear in the final test set.

Table 5: Independent held-out evaluation protocol. Construction, selection, and final-test partitions are
mutually disjoint under the indicated grouping key.

Benchmark Policy construction Policy selection Final test Separation key
LoCoMo Non-test Disjoint 152 first-user ques- Conversation and user
conversation—user conversation—user tions from held-out ID
groups groups groups
HaluMem Non-test user records ~ Disjoint ~ validation 164 questions from User and record ID
user records held-out user records
LongMemEval Non-test history— Disjoint  validation = Held-out History and question
question groups groups LongMemEval-S ID
questions
HotpotQA 150 train examples 300 validation exam- 300 test examples Example ID
ples
IFBench Construction portion  Disjoint selection 150 held-out exam- Prompt/example ID
of calibration data portion ples
HoVer Construction portion  Disjoint selection 300 test examples Claim ID
of 150 train examples  portion

The same final-test manifest is used for every method in a comparison block. Published baseline values
are reused only when their split and evaluation protocol match that manifest; otherwise, the baseline is
rerun on the shared final set. Split manifests are fixed before any policy update, and overlap is checked
using both example identifiers and the benchmark-specific grouping keys listed in Table 5]

C.2 BENCHMARK AND MODEL ALIGNMENT
We evaluate NLPG on six benchmarks covering conversational memory, faithful memory construction,

long-term memory question answering, and general compound-agent optimization. The memory bench-
marks are LoCoMo [Maharana et al.[(2024)), HaluMem (Chen et al.| (2025), and LongMemEval |Wu et al.
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(2025). The transfer benchmarks are GEPA-aligned HotpotQA |[Yang et al.|(2018), [FBench Pyatkin et al.
(2025)), and HoVer Jiang et al.| (2020).

All results are organized into comparison blocks. A comparison block is defined by a benchmark, a fixed
dataset subset, a task interface, and a specified model assignment. Results from different blocks are not
merged when their backbone, evaluator, or runtime protocol differs.

For LoCoMo, the shared comparison uses the same held-out first-user questions and the same memory-
building, answer-generation, and judging configuration for every method in the corresponding table. No
conversation or user record from this final partition is used during policy construction or selection.

For HotpotQA, IFBench, and HoVer, each model block uses one fixed task backbone for all task mod-
ules in that block. Auxiliary models used for reflection, criticism, or policy optimization are reported
separately and are not treated as the task backbone. In particular, a model used by an auxiliary critic or
optimizer is not used to relabel the backbone of the corresponding task result.

C.3 LoCoMo

LoCoMo evaluates question answering over long conversational histories Maharana et al.[(2024). We use
the complete released LoCoMo evaluation set, including all valid questions and the corresponding con-
versation histories, user identifiers, and question categories. Every method receives the same conversation
history and question and produces an answer through the same answer interface.

The NLPG policy is constructed and selected using conversation—user groups disjoint from the final eval-
uation partition. The selected policy is frozen before evaluation on the complete held-out LoCoMo test
set. Conversation, user, and question identifiers are checked for overlap before scoring, and final-test
trajectories and judgments do not enter any subsequent policy update.

The NLPG policy is constructed and selected using conversation—user groups that are disjoint from the
final evaluation partition. The selected policy is then frozen and evaluated once on the 152 held-out first-
user questions from categories 1-4. Conversation, user, and question identifiers are checked for overlap
before scoring; trajectories and judgments from these 152 questions do not enter a subsequent update of
the reported policy.

The comparison includes MemoryOS, MemO |Chhikara et al.| (2025), MemU, MemOS, HiMem, Zep,
TiMem, TSM, MemR3, and NLPG. Baseline values are reused only when the published or released
configuration matches the comparison protocol. Otherwise, the method is evaluated in the shared harness
using the same questions, answer format, evaluator, and denominator.

The LoCoMo table uses the model assignment specified by the comparison block. Memory construction,
answer generation, and judging use the same corresponding models for all methods, and only the method-
specific memory or policy mechanism is changed.

LoCoMo accuracy is computed as the proportion of valid questions judged correct. Percentages are
reported at the precision used by the corresponding result table. When a source reports a rounded per-
centage, the value is retained as reported rather than being reverse-converted into an integer count.

C.3.1 PAIRED ABLATION ANALYSIS ON LoCoMo

We further conduct paired ablations on the same 152 held-out LoCoMo questions under fixed cached re-
trieval. As shown in Figure[5] removing the policy causes a significant accuracy drop of 11.84 percentage
points, while replacing the optimized answer stage with plain answering reduces accuracy by 9.21 points.
In contrast, removing raw context or answer optimization alone does not yield a statistically significant
difference. These results highlight the importance of policy and the complete answer-generation design.

C.3.2 CATEGORY-LEVEL ANALYSIS OF ANSWER-STAGE ABLATIONS ON LOCOMO

To examine whether answer-stage components affect different question types differently, we report
category-level accuracy changes relative to the full configuration under fixed cached retrieval. As shown
in Figure [6] removing the raw conversational context causes the most consistent degradation across all
categories, with drops ranging from 7.69 to 16.22 percentage points. Removing answer optimization
produces comparatively small changes, while the effects of removing policy prompts are mixed across
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@ Point estimate |—| Paired bootstrap 95% CI | No-effect line

Full model performs better Ablation performs better

Ablation Effect [95% CI] P

No Policy I O | -11.84 [-17.76, -6.58] <.001

No Raw Context Q@ -1.32 [-3.95, +1.32] 0.625

No Answer Optimization Q +0.00 [-4.61, +4.61] 1.000

Plain Answer I O | -9.21 [-15.79, -2.63] 0.013
20 -15 -10 5 0 +5

Accuracy change relative to Full (percentage points)
LoCoMo Paired Ablation Effects

Figure 5: Paired answer-stage ablations on LoCoMo (n = 152). Points denote accuracy changes relative
to the full model, and horizontal bars show paired-bootstrap 95% confidence intervals. Negative values
favor the full model, while the vertical line denotes no effect. Reported p-values are from two-sided exact
McNemar tests. Retrieval results are fixed and cached across all variants.

Single Hop Temporal Open Domain Multi Hop
(n=32) (n=37) (n=13) (n=70)

No Policy -3.12 +2.70 -15.38 0.00

No Raw Context -12.50 -16.22 -7.69 m

No Answer Optimization -6.25 0.00 0.00 +2.86
Plain Answer -15.62 -16.22 +7.69 -5.71
[ . - .
-16 -8 0 +8 +16

Accuracy change relative to Full (percentage points)

Figure 6: Category-level changes in accuracy, measured in percentage points relative to the full config-
uration, for answer-stage ablations on the held-out LoCoMo set with fixed cached retrieval. Negative
values indicate that the ablated configuration performs worse than the full configuration. The numbers in
parentheses denote the number of questions in each category. The Open Domain column is interpreted
cautiously because this category contains only 13 questions.

categories. The Open Domain results should be interpreted cautiously because this category contains
only 13 questions.
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C.4 FAITHFUL MEMORY CONSTRUCTION

HaluMem jointly evaluates the integrity and factual accuracy of constructed memories and their down-
stream usefulness for question answering (Chen et al.| (2025)). We use the released examples, memory
targets, and downstream questions. All methods in the comparison use the same examples, memory
targets, questions, answer interface, evaluator, and scoring denominator.

HaluMem is partitioned by user record before policy learning. Policy construction and selection use
disjoint non-test users, and the selected policy is evaluated on 164 questions associated only with held-
out users. This user-level partition prevents the same profile, conversation history, memory target, or
downstream question from appearing in more than one data role.

The three reported metrics are Memory Integrity, Memory Accuracy, and downstream QA Accuracy.
Memory Integrity measures whether the constructed memory preserves the required information without
introducing invalid content. Memory Accuracy evaluates the correctness of the stored memory relative
to the benchmark target. QA Accuracy measures whether the system answers downstream questions
correctly using the constructed memory.

Table 6: Results on HaluMem under the aligned benchmark evaluation protocol. The three metrics are
reported separately because they measure different properties of memory construction and downstream
use.

Method Memory Integrity Memory Accuracy QA Accuracy
MemoBase 14.55 92.24 35.53
Supermemory 41.53 90.32 54.07
Mem0O 4291 86.26 53.02
ProMem 73.80 89.47 62.26
NLPG 70.25 96.20 85.37

On the independent held-out set, NLPG obtains the highest Memory Accuracy and QA Accuracy among
the listed values, while ProMem obtains the highest Memory Integrity.

C.5 LONG-TERM MEMORY QUESTION ANSWERING

LongMemEval evaluates question answering over extended interaction histories in which relevant evi-
dence may be distributed across multiple sessions [Wu et al.[(2025). We use the same histories, questions,
valid-question denominator, answer interface, evaluator, and accuracy definition for all methods in the
aligned comparison. The comparison follows the protocol used for NativeRAG, Mem0, LightMem, and
ProMem.

LongMemEval is partitioned before policy learning using both question and history identifiers. Construc-
tion and selection operate on mutually disjoint non-test groups, and the frozen selected policy is evaluated
only on the held-out LongMemEval-S groups. All baselines are scored on the same final-test manifest
and denominator.

Table 7: Results on LongMemEval under the aligned question-answering protocol.

Method QA Accuracy
NativeRAG 65.09
Mem0O 43.31
LightMem 68.64
ProMem 69.57
NLPG 71.80

NLPG is 2.23 points above ProMem and 3.16 points above LightMem on the shared held-out evaluation
set.
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C.6 GEPA-ALIGNED HOTPOTQA

Dataset construction. To match the referenced GEPA task setting, we load the train split of the Hug-
gingFace HotpotQA fullwiki collection as the base pool. Following the shared splitter, the first 40% is
used as test, the next 40% as validation, and the final 20% as train. A random seed of 1 is then used to
retain 300 test examples, 300 validation examples, and 150 train examples.

This construction aligns the data partition and example counts with the referenced GEPA setting. Each
method is evaluated with the same per-example corpus and two-hop program interface within the corre-
sponding comparison block.

The 150-example train split is used exclusively for policy construction, the 300-example validation split is
used for policy selection, and the selected policy is frozen before a single pass over the 300-example test
split. No test trajectory, gold answer, supporting-document annotation, or evaluator outcome is available
to the critic or optimizer before the final score is recorded.

Runtime configuration. The reported main run evaluates 300 test examples. Retrieval uses top-k = 5
for both hop 1 and hop 2. The summary, retrieval, and answer modules use the backbone specified by
the relevant model block. Time filtering and explicit thinking are disabled. NLPG selects at most K = 3
policy instructions per module, subject to a maximum policy-context length of 1,000 characters.

Table 8: Main configuration of the 300-example HotpotQA evaluation.

Setting Value

Dataset HotpotQA fullwiki, GEPA-aligned split policy

Evaluation split Test; 300 examples; subset seed 1

Data partition 40% test, 40% validation, 20% train

Retrieval Two-hop retrieval; top-k = 5 for each hop

NLPG policy context At most 3 instructions per module; maximum 1,000 characters

Time filtering Disabled

Explicit thinking Disabled

Primary metric Exact match after lowercasing, punctuation normalization, and article removal

Auxiliary diagnostics ~ Answer containment, full supporting-document coverage, and mean document recall

Metrics and diagnostics. For an answer to be counted as correct, the normalized prediction must ex-
actly match the normalized gold answer. Document recall is computed over the unique gold supporting
titles. Full supporting-document coverage requires every gold supporting title to appear in the dedupli-
cated two-hop retrieval result.

On the 300-example held-out test set, the frozen selected policy obtains 221 exact matches, corresponding
to 73.67% accuracy. The same run obtains 89.67% full-document coverage and 94.33% mean document
recall.

The offline two-hop analysis further separates retrieval failures from answer synthesis failures. Among
82 examples requiring a second-hop target, 31 examples miss the second-hop page, while 51 recover all
missing targets. Separately, 59 examples are incorrect despite complete supporting-document coverage,
indicating an answer-synthesis error rather than a retrieval miss.

C.7 IFBENCH AND HOVER

IFBench evaluates instruction-following behavior using its official task construction and strict checker
Pyatkin et al.[(2025). We use the released examples and evaluate all methods with the same instruction
format, output interface, checker, and scoring denominator. A prediction is counted as correct only when
it satisfies the constraints required by the official checker.

For NLPG, the calibration data are partitioned into disjoint construction and selection subsets before
optimization. A separate 150-example held-out split is used only for final evaluation. The three partitions
contain no shared prompt or example identifiers, and feedback from the held-out pass is not used to revise
or rescore the reported policy.
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HoVer evaluates evidence-grounded multi-hop verification Jiang et al.|(2020). We use the released claims,
evidence requirements, and verification protocol. The evidence retrieval, summary, and verification inter-
faces are fixed within each model block. If an auxiliary model is used for policy diagnosis or optimization,
it is recorded separately from the task-model assignment.

The 150-example training subset is divided into mutually disjoint construction and selection portions. The
selected NLPG policy is then frozen for a 300-example test subset. Claim identifiers have zero overlap
across the three partitions, and no failure labels or trajectories from the test subset are used to select,
rewrite, or rescore the reported policy.

For both benchmarks, the comparison includes the task baseline, GRPO, MIPROV2 |Opsahl-Ong et al.
(2024), TextGrad |Yuksekgonul et al.| (2025)), Trace/OptoPrime (Cheng et al.|(2024), GEPA |Agrawal et al.
(2026), and the corresponding reported variants where applicable. All methods within a model block use
the same task backbone and task interface.

C.7.1 FEEDBACK QUALITY AND REPAIR ANALYSIS ON I[FBENCH

We evaluate whether NLPG feedback correctly identifies failed constraints and whether the resulting
instructions can repair an unsuccessful response. We use the calibration split of IFBench, which con-
tains 150 examples, and evaluate all responses using the official strict and loose IFBench checkers. The
response model is Qwen3-8B, with temperature set to 0 and a maximum generation length of 512 to-
kens. Diagnoses are produced by the complete Agentic-NLPG pipeline, including graph-based backward
attribution, structured failure diagnosis, evidence grounding, route-level credit assignment, and policy
optimization.

Diagnosis Quality The diagnosis audit contains 98 matched records. We evaluate a diagnosis against
the constraints that the official strict checker identifies as failed. The exact-signature Macro F1 is 73.81%,
while the hierarchical-signature Macro F1 is 75.85%. Hierarchical matching treats a specific diagnosis as
a valid refinement of its official parent constraint. For example, count:punctuation:missing_interrobang
is treated as a refinement of count:punctuation. The hierarchical-signature Micro F1 is 74.14%, and the
route-family Macro F1 is 82.14%.

Beyond signature matching, 77.55% of the audited diagnoses are grounded in an observed failed con-
straint. The optimizer retains 43 distinct diagnostic signatures, of which 88.37% are grounded in the
corresponding execution evidence. These results indicate that NLPG generally attributes a failure to the
correct constraint family, even when the generated signature is more specific than the identifier used by
the official checker.

Official Paired Repair Evaluation To measure whether the generated feedback is actionable, we pro-
vide the NLPG-generated diagnosis instructions, the original request, and the original response to the
same Qwen3-8B response model. The model is asked to produce a revised response, which is then evalu-
ated using the official IFBench checkers. No approximate or model-based verifier is used for the reported
repair results.

We distinguish between a failure-only analysis and a mixed paired analysis. The failure-only subset
contains 91 examples for which NLPG produces a usable diagnosis. All 91 examples fail the strict checker
before repair, while five already pass the loose checker. Therefore, the failure-only strict regression rate
is undefined rather than zero.

For the regression-aware paired evaluation, we combine the 91 diagnosis-driven failures with 52 responses
that pass the strict checker before repair. For the latter responses, the repair prompt contains only a preser-
vation instruction that asks the model to retain all already satisfied constraints. Seven additional failed
examples have no usable diagnosis and are therefore excluded from the repair analysis. The resulting
mixed paired set contains 143 examples.

As shown in Table 0] the strict pass rate increases from 36.36% to 41.26%, while the loose pass rate
increases from 39.86% to 44.76%. Under the strict checker, NLPG repairs 8 of the 91 initially failed
responses and causes one of the 52 initially successful responses to fail. This produces a net gain of
seven successful responses. The loose checker yields the same net gain, with eight successful repairs
and one regression. The number of failed individual constraints also decreases from 97 to 89 under strict
evaluation and from 91 to 84 under loose evaluation.
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Table 9: Official paired repair evaluation on the mixed IFBench calibration subset. Repair success is
computed over responses that fail the corresponding checker before repair. Regression is computed over
responses that pass the corresponding checker before repair.

Metric Strict Loose
Paired records 143 143
Pass before repair 52/143 (36.36%) 57/143 (39.86%)
Pass after repair 59/143 (41.26%) 64/143 (44.76%)
Repair success 8/91 (8.79%) 8/86 (9.30%)
Regression 1/52 (1.92%) 1/57 (1.75%)
Net gain +7 +7
Failed constraints before — after 97 — 89 91 — &84

(c) Strict repair success
(a) Paired official evaluation (b) Gain and regression by instruction family
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Figure 7: Feedback quality and repair evaluation on IFBench. (a) Paired official evaluation, showing pass
rates before and after repair under strict and loose checkers. (b) Gain and regression, showing repair-
success and regression rates. (c) Strict repair success by official instruction family.

These results show that NLPG feedback yields a positive paired improvement, although the end-to-end
repair rate remains modest. The low regression rate indicates that the preservation instruction usually
retains already satisfied constraints, but the single observed regression also shows that repair is not risk-
free. We therefore report repair gain and regression separately rather than presenting only the post-repair
accuracy.

Constraint-Family Analysis Figure [7] groups the diagnosis-driven failures by the prefix of the official
IFBench instruction identifier. An example can contribute to multiple families when multiple constraints
fail simultaneously. For each family, the denominator is restricted to examples containing that family that
fail the strict checker before repair.

The highest observed repair success is obtained for the custom family, with 1 of 7 examples repaired
(14.29%). The ratio family achieves 2 of 15 repairs (13.33%), the format family achieves 3 of 23 repairs
(13.04%), and the count family achieves 2 of 19 repairs (10.53%). No complete failure-to-pass repair is
observed for the evaluated repeat, sentence, or words examples.

The family-level results highlight a distinction between diagnosis quality and response-level repair suc-
cess. NLPG can identify and ground a failed constraint even when the response model cannot execute the
corresponding correction reliably. This distinction is particularly important for word-level and sentence-
level constraints, which often require a complete response to satisfy a global lexical or structural property.
Consequently, diagnosis F1 and end-to-end repair success measure complementary aspects of feedback
quality.

Repair-Prompt Control We additionally compare two repair-prompt variants. The basic variant con-
tains the original request, the unsuccessful response, and the NLPG-generated diagnosis instructions.
The checklist variant also exposes the official failed instruction identifiers and explicitly asks the model
to verify every failed constraint while preserving constraints that the original response already satisfies.
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On the failure-only subset, the basic prompt repairs 8 of 91 responses under strict evaluation, correspond-
ing to 8.79%. The checklist prompt repairs 7 of 91 responses, corresponding to 7.69%. Under loose
evaluation, the basic and checklist variants produce 13 and 12 passing responses after repair, respectively.

The checklist prompt therefore does not improve over the basic diagnosis prompt in this run. This result
suggests that the main bottleneck is not merely the absence of an explicit instruction identifier. Instead, the
remaining difficulty lies in executing multiple simultaneous output constraints with the response model.
For this reason, we use diagnosis matching, evidence grounding, repair success, and regression as separate
measurements of NLPG feedback quality.

C.8 EVALUATION METRICS

LoCoMo and LongMemEval are evaluated using benchmark question-answering accuracy. HaluMem
reports Memory Integrity, Memory Accuracy, and downstream QA Accuracy under the definitions pro-
vided by the benchmark. HotpotQA uses lowercased, punctuation-normalized exact match with articles
removed. IFBench uses the official strict instruction-following checker. HoVer uses its evidence-grounded
verification score.

All percentages are reported in percentage points. When an auxiliary metric is computed, its denominator
is fixed to the valid examples of the corresponding benchmark split. For the three-task transfer average,
we compute the arithmetic mean of the HotpotQA, IFBench, and HoVer scores within the same model
block.

C.9 POLICY-MEMORY RUNTIME

NLPG keeps the compound-agent program and underlying model parameters fixed while updating an
external policy memory. A policy entry contains a short natural-language instruction, a utility score, and
the identifiers of the examples that support the instruction. During execution, the relevant module-local
policy entries are ranked by utility, deduplicated, and truncated to the configured top-K budget before
being inserted into the module context.

The policy version used for an evaluation pass is frozen throughout that pass. After evaluation, failure
traces are grouped by failure signature and routed to the relevant task category or program module. The
resulting update directions are aggregated across examples, and only updates satisfying the configured
support and utility criteria are retained for the next policy version.

This separation ensures that reported task performance is measured with a fixed active policy and that
policy construction does not alter the model weights, retrieval corpus, or program execution order during
the same evaluation pass.

C.10 CONTROLLED POLICY INTERVENTION

We additionally conduct a paired intervention on one successful repair case. The question, backbone
models, corpus, two-hop program, retrieval budget, and evaluation procedure are held fixed. Only a
module-local specificity policy is added in the second run.

The failed trace has complete supporting-document recall but predicts the broader occupation “musician”
instead of the gold answer “guitarist”. We therefore diagnose an answer-overgeneralization error and
construct a targeted instruction requiring the intersection of the two persons’ explicitly stated occupations.
The instruction is routed to the summary, second-hop query, and answer modules before rerunning the
same example.

The injected answer-module instruction is:

Intersect the occupation attributes stated for both people and return the most specific
shared answer span, rather than a broader umbrella term.

This intervention is a selected case study rather than an estimate of aggregate accuracy improvement.

It provides controlled evidence that a module-local policy can repair answer specificity while leaving
retrieval coverage unchanged.
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Table 10: Successful controlled policy intervention. Retrieval coverage is unchanged; only the module-
local policy differs between the paired runs.

Observable Without policy With policy

Question Trey Anastasio and Glenn Bidmead have which mutual occupation?

Supporting-document recall 1.0 1.0

Hop-2 query What are the shared occupations of Trey =~ What occupation do Trey Anastasio and
Anastasio and Glenn Bidmead? Glenn Bidmead share?

Predicted answer musician guitarist

Exact-match correctness false true

D PROMPT TEMPLATES

This appendix describes the prompts used by NLPG. The fixed application prompts define the input and
output interfaces of the program modules. The policy-update prompts operate on evaluated execution
traces and generate module-local procedural corrections. The model parameters, program structure, re-
trieval interface, and evaluation procedure remain fixed during policy evolution.

D.1 APPLICATION-LEVEL PROMPTS

The application prompts specify the information consumed and produced by each module. They provide
the execution interface without prescribing benchmark-specific failure corrections.

Evidence Summarization

You are the evidence summarization module.

Summarize the retrieved passages with respect to the current question and retain information that
may be required by subsequent modules.

Return a structured response containing a concise summary and the salient entities, relations, or
constraints found in the evidence.

Question: {question}

Retrieved passages:

[1] {title_1}

{text_1}

[2] {title 2}

{text_2}

\

Query Generation

You are the query-generation module.

Generate the next retrieval query from the task input and the preceding module output.
Return the query together with a concise rationale.

Question: {question}

Previous module output: {previous_output}

.

_

.




Answer Synthesis

You are the answer-synthesis module.

Use the retrieved evidence and intermediate outputs to produce the final answer. Return the answer
and the evidence identifiers used by the program.

Question: {question}

Retrieved evidence:

[1] {title_1}

{text_1}

[2] {title_2}

{text_2}

. J

The application prompts are unchanged across policy versions. NLPG modifies only the policy addendum
appended to the corresponding module context.

D.2 MODULE-LOCAL POLICY INJECTION

For module invocation (, j), NLPG retrieves a bounded set of instructions from the current policy version
and appends them to the original module context. Let c?j-se be the original context and let P; ; ; be the
selected policy instructions. The resulting context is

¢ij = ;%% || Format (Py; ;) , (12)

where || denotes text concatenation.

Module-Local NLPG Guidance

NLPG procedural guidance for the {module_name} module:

Use the following instructions to improve the current module operation while preserving the fixed
input and output interface.

1. {instruction_1}

2. {instruction 2}

\ J

The instructions are ranked by their accumulated cross-execution support and retained within the config-
ured policy budget. Route-specific instructions are associated with the module that produced the relevant
execution evidence. Shared instructions may be included when the execution record supports a correction
that applies across modules.

D.3 LLM-BASED POLICY REFLECTION

After an execution is evaluated, the critic LLM analyzes its observable execution record. The record
contains the task input, module dependencies, module inputs and outputs, retrieved evidence, generated
queries, final response, and task-level evaluation feedback. The critic identifies an observable deviation,
attributes it to a module present in the execution, and proposes a reusable behavioral correction.
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Natural-Language Policy Reflection

Analyze the evaluated execution and its recorded module dependencies.

Identify the observable decision that contributed to the failure. Select the responsible module from
the modules present in the execution graph. Explain the local problem and propose one concise
procedural instruction that could help this module avoid the same failure on future task instances.
The instruction must describe reusable behavior. Do not copy task-specific answers, names, dates,
labels, or reference information into the instruction.

Return a structured object containing:

* an execution-deviation descriptor;

¢ the responsible module;

* aconcise critique;

 one reusable policy instruction;

¢ a confidence score; and

« references to the execution fields supporting the diagnosis.

Task-level feedback: {evaluation_feedback}
Execution graph: {execution_graph}
Module records: {module_records}

\ J

For invocation (i, j), the resulting textual policy gradient is represented as

9ij = (@i g, Sijs Uijs Kiyg) s (13)

where a; ; is the receiving module selected from the observed execution graph, s; ; is the deviation de-
scriptor generated by the critic, u; ; is the proposed natural-language correction, and «; ; is the critic
confidence. The descriptor and correction are generated from the execution evidence; they are not re-
trieved from a benchmark-specific correction table.

D.4 EXECUTION-GRAPH DIAGNOSIS AND ROUTE ATTRIBUTION

NLPG performs attribution over the module-dependency graph recorded during each evaluated execution.
The evaluator provides task-level feedback, while the execution record provides the observable structure
needed to determine where that feedback should be propagated.

The backward pass starts at the terminal module whose output contributes directly to the evaluated re-
sponse. For an intermediate module, the critic collects the feedback messages returned by its immediate
successors and examines them together with the module’s input, output, and execution context. The critic
may generate a local correction, forward a more specific feedback message to a recorded predecessor, or
stop propagation when the available evidence does not justify further attribution.

This operation determines the receiving route from the observed execution graph rather than from a fixed
list of benchmark-specific routes. The graph constrains where feedback may travel, while the critic de-
termines which observable behavior should change and how the correction should be expressed. The
resulting local corrections are subsequently grouped across task instances by the policy optimizer.
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Execution-Graph Backward Reflection

Review the current module and the feedback received from its immediate successors.

Use the module input, output, and execution context to determine whether the current module con-
tributed to the downstream error.

Return a local correction only when the execution evidence supports one. Forward feedback only

to modules listed as immediate predecessors in the execution graph. Do not attribute an error to an
unobserved module.

Current module: {module_record}

Downstream feedback: {downstream_feedback}

Immediate predecessors: {predecessors}

\ J

The backward pass is local to one execution. It should not be confused with the cross-execution aggrega-
tion described in Section [3.3] which combines corrections produced from different task instances.

D.5 PoOLICY INITIALIZATION AND UPDATE

To separate learned corrections from benchmark-specific behavioral knowledge, the main NLPG config-
uration initializes the route-local policy memory without failure-specific instructions:

M§ =9, ae A (14

The fixed application prompts provide only the input and output contracts required by the program. They
do not specify a particular bridge strategy, query-rewriting rule, retrieval correction, answer-selection
heuristic, or failure-to-policy mapping.

After a group of task instances has been evaluated, the critic generates textual corrections from the corre-
sponding execution records. The optimizer then groups compatible corrections, removes instance-specific
content, applies the policy-safety checks, and ranks the remaining candidates by cross-execution support.
The next policy version is

M, 1 = Update (Mn {gu}f\il) ’ 4>

where only corrections supported by the construction data and accepted by the policy-selection procedure
are retained.

A policy instruction therefore enters the memory through the following sequence:

evaluated execution — LLM diagnosis — module-local correction — cross-execution consolidation — policy validation.
(16)

The final policy version is frozen before evaluation on the held-out test partition.

D.6 STRUCTURED MODULE OUTPUTS

The application modules return explicit intermediate fields so that later modules can consume observable
outputs and so that NLPG can analyze the execution trace.

Module Output Contracts

Evidence summarization: summary and salient entities or relations.
Query generation: retrieval query and query rationale.

Answer synthesis: final answer and evidence identifiers.
Execution record: module inputs, module outputs, route identifiers, dependencies, and evaluation
metadata.
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These fields expose the program-level execution record without requiring access to hidden model reason-
ing. The policy-update process operates on these observable fields and does not modify the evaluator,
scoring function, or program control flow.

D.7 PROMPT AND POLICY BUDGET

For each module invocation, NLPG retains at most K policy instructions and limits the rendered policy
addendum to the configured character budget. The same policy budget is used when evaluating a policy
version and when constructing its successor.

The active policy version remains fixed throughout one evaluation pass. After the pass is complete, the
critic analyzes the recorded executions and the optimizer constructs a candidate successor policy. The
candidate is evaluated on the policy-selection partition before it can be promoted. The promoted policy is
then frozen for the held-out test evaluation.

This separation ensures that a correction generated from one task instance cannot change the execution
of another task instance in the same evaluation pass, and that final-test executions do not participate in
policy construction or policy selection.
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