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Abstract

Recently, Large Language Models (LLMs)
have gained significant attention due to their
strong language understanding and generation
capabilities, demonstrating impressive reason-
ing abilities as well as effective utilization
of external knowledge. Many studies have
proposed methods that specialize in improv-
ing performance for individual tasks. How-
ever, ironically, only a limited number of at-
tempts have explored general-purpose, task-
agnostic methods. In this work, we present
a unified framework integrating reasoning and
Retrieval-Augmented Generation (RAG) tasks.
We further propose Controllable White-Box
Meta-Prompting (CWM), a low-cost white-
box method for adaptive RAG tasks previ-
ously dominated by black-box approaches,
without requiring external decision modules
or multi-sampling. CWM achieves state-of-the-
art performance on three adaptive RAG bench-
marks across recent LLMs, including GPT-oss-
20b, Qwen3-14b, and Llama3.1-8b, while also
demonstrating strong generality by extending
to reasoning tasks. In addition, CWM provides
controllability by enabling retrieval decisions
to be regulated through the manipulation of in-
ternal model signals. Our code is available at
https://github.com/JeongEunhye0@/CWM.

1 Introduction

Since the emergence of Large Language Models
(LLMs), research has largely focused on improving
their performance and expanding their applicabil-
ity along two major directions. The first direction
emphasizes reasoning-intensive capabilities (Wei
et al., 2022; Wang et al., 2022; Yao et al., 2023;
Guo et al., 2025; Wen et al., 2026), exemplified by
tasks such as mathematical problem solving and
code generation. The second focuses on knowl-
edge augmentation (Lewis et al., 2020; Izacard and
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Grave, 2021; Izacard et al., 2023; Yao et al., 2023;
Jiang et al., 2023; Liu et al., 2024), most notably
through Retrieval-Augmented Generation (RAG).
LLMs have demonstrated substantial performance
gains in both domains, and as models optimized
for each domain have been released, they have
achieved accuracy levels sufficient for deployment
in real-world applications. For instance, several
models released in 2025—including GPT-5.2 (Ope-
nAl, 2025), Gemini 3 (Google DeepMind, 2025),
GLM-4.7 (Glm et al., 2024), Grok 4.1 (xAl, 2025),
and Qwen3 (Xu et al., 2025)—surpass 90% accu-
racy on the AIME benchmark, a task that remains
highly challenging even for human experts.

Despite these advances in task-specific model
performance, determining how to optimally pro-
cess input prompts remains a largely unresolved
problem. For example, GPT-5 introduced a routing
mechanism that automatically selects an appropri-
ate model based on the input prompt. However,
this approach led to degraded generation quality,
prompting a subsequent policy change that rein-
troduced user-controlled model selection (OpenAl,
2025; Zhang et al., 2025). Such cases highlight
the continued need for research on determining op-
timal processing strategies conditioned on input
characteristics.

A representative line of work addressing input-
dependent processing is adaptive RAG, which
aims to determine whether retrieval should be em-
ployed for a given input (Asai et al., 2024; Jeong
et al., 2024; Yan et al., 2024). While recent stud-
ies have actively explored this direction, existing
approaches suffer from three major limitations.
First, most adaptive RAG methods rely on pre-
trained classifiers or external databases, making
them highly dependent on specific tasks or datasets.
Second, they often require multiple inference calls
to exploit model responses, resulting in increased
computational cost. Third, performance evalua-
tions are typically limited to tasks requiring ex-
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ternal knowledge, leaving the impact of adaptive
RAG on non-knowledge-intensive tasks underex-
plored. Consequently, the overall effect of adaptive
RAG on general prompt processing remains insuf-
ficiently analyzed. Addressing these limitations
constitutes the primary motivation of our work.

We attribute these issues primarily to an over-
reliance on black-box approaches. As black-box
methods do not exploit a model’s internal states,
they often rely on external classifiers or repeated
inference to guide decision-making, resulting in
substantial computational cost. Meanwhile, recent
studies have shown that LLMs can exhibit overcon-
fidence or bias in their own generations (Kadavath
et al., 2022; Madaan et al., 2023; Geng et al., 2024;
Leng et al., 2025; Sun et al., 2025). Motivated by
these observations, we propose existing black-box
adaptive RAG approaches with a white-box per-
spective that leverages internal model signals to
improve decision-making.

To this end, we build upon Self-Discover, an ex-
isting meta-prompting framework in which LLMs
compose reasoning structures by selecting from
atomic reasoning modules, and extend it with
a white-box control mechanism based on the
model’s internal signals. Specifically, we introduce
an atomic module for deciding whether external
knowledge is required and use the model’s Self-
Perplexity on the input query as a pre-generation
decision signal to guide its selection. This enables
retrieval decisions to be made within the meta-
prompting process itself, without relying on exter-
nal modules or repeated inference. Our approach
(1) does not require external decision modules, (2)
relies on single-sample inference, and (3) applies
to both RAG and reasoning tasks.

We propose Controllable White-Box Meta-
Prompting (CWM), which achieves state-of-the-
art performance on adaptive RAG benchmarks
(Yang et al., 2018; Geva et al., 2021; Trivedi et al.,
2022) and consistently outperforms Self-Discover
(Zhou et al., 2024)—a previously state-of-the-art
method for reasoning tasks—on reasoning bench-
marks (Hendrycks et al., 2021; Suzgun et al., 2023;
Zhou et al., 2023) as well. Moreover, by leveraging
a white-box approach, CWM enables fine-grained
control over the degree of retrieval via hyperpa-
rameter setting, allowing adaptation to different
models and tasks. Overall, CWM is a control-
lable and dynamic prompting method that not only
achieves state-of-the-art performance on existing
benchmarks but also generalizes across both adap-
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Figure 1: Overview of adaptive RAG methods and
reasoning-task approaches. No External Decision Mod-
ule indicates that the method does not rely on classifiers,
databases, or external models. No Multi-Sampling de-
notes that the method does not generate multiple outputs
for a single input instance. Model-Intrinsic Decision
Signal refers to a white-box approach that leverages
internal signals of the model.

tive RAG and reasoning tasks. Our main contribu-
tions are as follows:

* We propose a low-cost meta-prompting ap-
proach for adaptive RAG that requires neither
external decision modules nor multi-sampling
inference.

* We introduce a controllable meta-prompting
framework that integrates white-box signals,
enabling task- and model-specific control over
prompt processing.

* We present a unified evaluation framework
that jointly assesses adaptive RAG and reason-
ing tasks, enabling a more general analysis of
prompt processing strategies.

2 Related Work

Adaptive RAG Adaptive Retrieval-Augmented
Generation (Adaptive RAQG) is a task that deter-
mines whether document retrieval should be per-
formed based on the complexity of a given query,
and thus plays a crucial role in deciding whether
a model should rely on external knowledge. Prior
work has explored this problem from several per-
spectives. Previous study (Mallen et al., 2023)
proposed a method that decides whether to ap-
ply RAG based on query complexity. Adaptive-
RAG (Jeong et al., 2024) introduced an approach
that pre-trains a classifier to categorize queries into
straightforward, simple, and complex types, and
applies retrieval selectively based on this classi-
fication. Rowen (Ding et al., 2025) proposed a
consistency-based detection module that constructs
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Figure 2: Overview of CWM. Stage 1 computes the model’s self-perplexity (self-ppl) for the input query. Stage 2
reflects self-ppl in the M1 atomic reasoning module to decide whether external retrieval is needed, constructing a
meta-prompt. Stage 3 generates the final response conditioned on the meta-prompt and the context knowledge.

cross-lingual, perturbed, and cross-model ques-
tions, and determines the necessity of retrieval by
analyzing multiple generated responses. Finally,
SEAKR (Yao et al., 2025) generated a brief ratio-
nale for each query and used the uncertainty of
the generated rationale to decide whether external
knowledge retrieval is required.

Prompting for Reasoning Task Prompting
strategies for reasoning tasks have been extensively
studied, largely motivated by the remarkable suc-
cess of Chain-of-Thought prompting (Wei et al.,
2022). In particular, a growing body of work
has focused on designing meta-prompts that aim
to maximize the reasoning capabilities of LLMs
(Gao et al., 2021; Zhang et al., 2023; Liu et al.,
2023; Suzgun and Kalai, 2024). Among these ap-
proaches, Plan-and-Solve Prompting (Wang et al.,
2023) demonstrated that explicitly constructing a
plan for step-by-step processing within the prompt
leads to improved reasoning performance. Subse-
quently, Self-Discover (Zhou et al., 2024) proposed
a black-box meta-prompting approach in which
LLMs autonomously compose task-specific meta-
prompts by selecting from a set of atomic reasoning
modules. By dynamically constructing different
reasoning structures for different tasks, this method
achieved substantial performance improvements.
However, these meta-prompting techniques have
been primarily limited to reasoning tasks. Whether
LLM-based meta-prompting is effective for adap-

tive RAG tasks has not yet been systematically
explored.

3 Method

We extend the atomic reasoning prompt modules
of Self-Discover by introducing a Retrieval deci-
sion prompt, enabling its application to adaptive
RAG. To this end, we compute the Self-Perplexity
(Self-PPL) of the input query and incorporate it
into the Retrieval prompt during meta-prompt gen-
eration. Self-PPL serves as a pre-generation con-
trol signal for retrieval decisions and is injected
into the embedding of the Retrieval prompt, where
higher values encourage retrieval and lower values
suppress it. Unlike prior approaches that estimate
uncertainty from hidden states or logits during gen-
eration, which often require multi-sampling or iter-
ative refinement, our method leverages input-level
uncertainty to determine retrieval necessity before
generation. This enables efficient retrieval routing
with a single forward pass and significantly reduces
inference cost.

3.1 Stage 1: Compute Self-Perplexity of the
Input Query

Self-Perplexity Estimation Given an input query
represented as a token sequence

x = (r1,22,...,27),



we estimate its difficulty using sequence-level
self-perplexity computed by a pretrained language

model FPy. We first compute the negative log-
likelihood:
=
NLL(z) = ~— ; log Py(z141 | 2<t),

and define Self-Perplexity as
PPL(z) = exp (NLL(z)).

Lower perplexity indicates that the model is con-
fident about the input, while higher perplexity re-
flects increased uncertainty and problem difficulty.

Perplexity-Guided Control Signal To adap-
tively control the influence of retrieval-related rea-
soning modules, we map the Self-Perplexity value
to a signed control variable a. We define three
perplexity thresholds:

Tneg < Toff < Ton,

which correspond to easy, neutral, and difficult
problem regimes, respectively.

To compute an intermediate variable ¢t € [—1, 1],
we use a smoothstep schedule. For PPL values sat-
isfying Theg < PPL < 74y, we define a normalized
value z:

In(PPL) — In(Ticg)
2(PPL) = In(Tofr) — In(Tneg)
= ln(PPL) - ln(Toﬁ)

In(7on) — In(7os)

;  Tneg < PPL < Toff

, Tof < PPL < 76p.

Using the corresponding normalized value
within each interval, we define ¢(PPL) as follows,
with ¢ clamped to —1 for PPL < ¢, and to 1 for
PPL > 7on:

-1, PPL < Tyeg,

“14 S(2(PPL)), Tneg < PPL < 7of,
#(PPL) =

S(z(PPL)), Tof < PPL < Ton,

1, PPL > 7on.

The final control coefficient «v is computed with
asymmetric caps:

Odp -, >0,
o =
Qeap -t £ <0,

where of,, and o, denote the maximum positive
and negative magnitudes, respectively. This de-
sign allows the method to suppress retrieval prompt
modules for easy problems (o < 0) and emphasize

them for difficult problems (a > 0).

3.2 Stage 2: Meta-Prompt Generation

Unlike prompt-tuning approaches that introduce
learnable prompt vectors into the input representa-
tion (Liu et al., 2025), CWM performs a training-
free, in-place transformation of the embeddings
corresponding to an existing retrieval-related span
in the input prompt, as shown in Figure 2. This pre-
serves the original sequence length while enabling
the Self-PPL-derived signal to directly influence
whether the retrieval module is selected.

Retrieval Keyword Span Identification Let the
prompt contain a predefined keyword string that
describes a Retrieval prompt. During tokenization,
each token is associated with a character-level off-
set (s;, e;). Given the character span (Cstart, Cend)
of the keyword string, we define the set of keyword
tokens as

K= {Z ‘ _‘(ei < Cstart V S; = Cend) }

Perplexity-Adaptive Embedding Bias Injection
Let h; € R? denote the input embedding of to-
ken i € K. We modify the embeddings using two
complementary mechanisms. We first apply a mul-
tiplicative scaling:

h(l) = (1 + gscale) hiv

(2

where

_ -t
Gscale = clamp (a * Cscaley ~Ygcales gscale) .

To prevent the effect from being canceled by
layer normalization, we further inject a directional
perturbation. We compute the mean embedding of
the keyword span:

1
Vikw = 7357 Z €5,
K] 4
JjEK
where e; denotes the token embedding of the key-
word string. We then extract the component orthog-
onal to h;:
-
kahi r;
i =Viyg — ———=h;, u=_—.
O R il e

The final embedding is given by
b = h{" + ggerra - wi,

Gdelta = Clamp (Oé * Cdelta, _g;elta’ g:{e]ta) .
The resulting coefficient gqes, is directly applied
during decoding as an additive bias to the embed-
dings of retrieval-related keyword tokens, thereby
modulating the influence of the corresponding rea-
soning module 6. For further details, please refer
to the Appendix A.2.



Metric Baselines CWM (Ours)
Model Dataset 7%

(%) wiGC wio GC Adaptive-RAG Rowen-CL. SEAKR Self-Discover Best AVG

RAG O 100.00 0.00 84.00 69.00 72.00 73.00 74.00 71.00

HotpotQA EM 72.00 31.00 69.00 61.00 64.00 52.00 71.00 67.83

F1 84.53 38.26 82.88 75.71 81.28 59.81 79.36 76.41

GPT RAG O 100.00 0.00 81.00 73.00 68.00 76.00 91.00 90.00
08§ MuSiQue EM 58.00 20.00 51.00 46.00 43.00 48.00 56.00 53.33
20b Fl 6751 2555 56.68 5269 50.12 53.24 63.76  60.16
StrategyQA RAG O 100.00 0.00 64.00 59.00 52.00 52.00 54.00 52.00

ey Acc 97.00 82.00 81.00 83.00 77.00 65.00 85.00 81.75
RAG O 100.00 0.00 92.00 60.00 64.00 100.00 100.00 100.00

HotpotQA EM 70.00 32.00 68.00 57.00 59.00 77.00 78.00 77.17

F1 8195 40.73 79.55 68.05 70.15 83.83 84.96 84.26
Qwen3 RAG O 100.00 0.00 91.00 74.00 71.00 100.00 100.00 100.00
14b MuSiQue EM 59.00 20.00 44.00 38.00 40.00 52.00 52.00 51.67
F1 65.80 29.72 56.66 44.82 45.76 59.64 60.55 59.91
StrategyQA RAG O 100.00 0.00 84.00 26.00 24.00 100.00 100.00 100.00

gy Acc 95.00 78.00 85.00 70.00 72.00 91.00 92.00 91.50

RAG O 100.00 0.00 94.00 97.00 99.00 65.00 84.00 84.00

HotpotQA EM 71.00 36.00 61.00 65.00 67.00 55.00 68.00 64.17

F1 80.82 43.24 75.56 76.28 78.28 64.45 76.85 74.13

Llama RAG O 100.00 0.00 68.00 98.00 94.00 56.00 91.00 85.00
3.1 MuSiQue EM 53.00 24.00 33.00 42.00 35.00 37.00 53.00 51.42
8b F1 60.79 31.51 44.76 49.42 41.87 45.27 62.33 59.25
StrategyQA RAG O 100.00 0.00 44.00 14.00 22.00 51.00 73.00 67.00

gy Acc 93.00 75.00 67.00 76.00 78.00 70.00 82.00 79.42

Table 1: Results of adaptive RAG tasks. RAG O denotes the percentage of instances for which each method
determines that retrieval is required. The Best and AVG values of CWM summarize performance across experiments
with different hyperparameter settings. Performance under each hyperparameter setting is reported in Appendix
Tables 15-17. Best denotes the highest performance observed, while AVG denotes the mean performance across all
settings. The highest and second-highest results, excluding gold-context (GC) baselines, are highlighted in bold and

underlined, respectively.

4 Experiments

4.1 Benchmarks & Models

We evaluate adaptive RAG performance on Hot-
potQA (Yang et al., 2018), MuSiQue (Trivedi et al.,
2022), and StrategyQA (Geva et al., 2021), which
align with the primary objective of this work. For
reasoning tasks, we benchmark against the Self-
Discover (Zhou et al., 2024) framework using se-
lected BBH subtasks (Penguins in a Table, Formal
Fallacies, and Web of Lies) (Suzgun et al., 2023),
as well as T4D (Zhou et al., 2023) and MATHS500
(Hendrycks et al., 2021). Using 100 randomly
sampled instances per dataset, we conduct all ex-
periments on GPT-0ss-20b (Agarwal et al., 2025),
Qwen3-14b (Yang et al., 2025), and Llama3.1-8b
(Grattafiori et al., 2024), which collectively repre-
sent diverse LLLM architectures and model scales
suitable for white-box analysis.

4.2 Baselines

To assess adaptive RAG task capabilities, we bench-
mark against representative adaptive RAG meth-
ods, namely Adaptive-RAG (Jeong et al., 2024),
Rowen-CL (Ding et al., 2025), and SEAKR (Yao
et al., 2025). We additionally construct a Self-
Discover (Zhou et al., 2024)-based baseline by
extending its reasoning prompt modules with an
explicit retrieval-decision component. To contextu-
alize performance, we include oracle baselines with
Gold Context (w/ GC) and without Gold Context
(w/o GC), which provide empirical upper and lower
bounds. Finally, we evaluate all methods on the
three reasoning benchmarks used in Self-Discover
to isolate the impact of incorporating white-box
signals beyond black-box prompting.

4.3 Implementation Details

All outputs were generated using greedy decod-
ing with a maximum output length of 1024 tokens
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Figure 3: Evaluation of retrieval decision capability using Self-perplexity (Self-PPL). The Self-PPL values of
GPT-0ss-20b, Qwen3-14b, and Llama-3.1-8b were measured across three RAG benchmarks (HotpotQA, MuSiQue,
StrategyQA) and three reasoning benchmarks (BBH, T4D, and MATHS500).

(temperature = 0). For GPT-o0ss-20b, we set
the reasoning_level to low, while for Qwen3-
14b, we disabled the thinking mode by setting
enable_thinking=False. In the adaptive RAG
task setting, when retrieval was required, both the
baselines and CWM were provided with the same
gold context for answer generation. All experi-
ments were conducted using four NVIDIA RTX
A5000 GPUs.

5 Results & Analysis

5.1 Results for Adaptive RAG task

We present the experimental results on adaptive
RAG tasks in Table 1. Across all experiments,
CWM consistently achieves the best performance.
Compared to Adaptive-RAG, which pre-trains a
classifier on a subset of the dataset, and Rowen-CL
and SEAKR, which rely on multi-sampling per in-
stance to determine whether retrieval is required,
CWM achieves strong performance with signifi-
cantly lower computational cost. Moreover, when
compared to the primary baseline, Self-Discover,
the benefits of leveraging internal model signals be-
come evident. While Self-Discover relies solely on
meta-prompting, CWM uses the same framework
but augments it with internal model signals, and
consistently outperforms it across all settings.
When analyzing method-specific behaviors,
Rowen-CL and SEAKR, which determine retrieval
necessity through partial rationale generation or
multi-sampling, exhibit relatively low RAG O ra-

tios on StrategyQA, a comparatively easier bench-
mark. This suggests that these methods may attain
high confidence from self-generated responses. In
contrast, methods that rely on a single query, includ-
ing Self-Discover and CWM, as well as Adaptive-
RAG, show substantially higher RAG O ratios. No-
tably, Rowen-CL and SEAKR occasionally per-
form worse than the lower bound (w/o GC) on
StrategyQA, indicating that multi-sampling can in-
duce overconfidence and fail to identify queries
that truly require retrieval.

In contrast, CWM effectively leverages atomic
reasoning modules and consistently achieves per-
formance above the lower bound across all cases.
Moreover, in certain model and benchmark com-
binations, specifically HotpotQA with Qwen3-14b
and MuSiQue with Llama-3.1-8b, CWM even sur-
passes the gold-context baseline (w/ GC). CWM
also exhibits the highest RAG O ratios across all
models on MuSiQue, which is the most challenging
benchmark among the three. Given that all models
show very low performance under the w/o GC set-
ting on MuSiQue, this behavior can be considered
both desirable and meaningful.

5.2 Empirical Validation of Self-PPL

We demonstrate that Self-PPL serves as an effective
signal for query-level decision-making in CWM
and enables controllable retrieval behavior. Fig-
ure 3 shows Self-PPL values across benchmarks.
Following prior adaptive RAG setups, we examine
whether Self-PPL distinguishes between RAG and
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Figure 4: Comparison of retrieval usage ratios across different delta values. Experiments were conducted on GPT-
0ss-20b, Qwen3-14b, and Llama-3.1-8b by varying the delta parameter on HotpotQA, MuSiQue, and StrategyQA.

non-RAG tasks. Across three RAG benchmarks
(HotpotQA, MuSiQue, StrategyQA) and three rea-
soning benchmarks (BBH, T4D, MATH500), RAG
benchmarks consistently exhibit higher Self-PPL.
This suggests that Self-PPL effectively captures
when retrieval is beneficial, making it a suitable
signal for adaptive RAG.

Next, Figure 4 examines the controllability of
retrieval usage by varying the delta parameter. Ex-
cept for Qwen3-14b, which consistently employs
retrieval across all cases, both GPT-0ss-20b and
Llama3.1-8b exhibit increasing retrieval usage as
the delta value increases. These results confirm that
CWM allows users to regulate retrieval usage by
adjusting delta, while accounting for both model
and benchmark characteristics.

We further examine how Self-PPL varies with
question characteristics using annotations in Hot-
potQA and MuSiQue as proxies. As shown in
Table 2, samples are divided into high and low
Self-PPL groups based on the median within each
dataset. In HotpotQA, where all questions have the
same difficulty level, multi-step linking (Bridge)
and Comparison questions show no consistent asso-
ciation with high or low Self-PPL across the three
models. These results suggest that Self-PPL does
not exhibit a consistent association with a particular
question type. In contrast, in MuSiQue, high-hop
questions consistently exhibit a higher proportion
of high Self-PPL than low-hop questions across all
models. Notably, a substantial proportion of low-
hop questions are also classified as having high
Self-PPL, suggesting that reasoning complexity

alone does not fully explain Self-PPL. This remain-
ing variation may be associated with the sufficiency
of the model’s internal knowledge for answering
the query.

Additionally, Table 3 reports the performance on
the subset of samples for which each method de-
cides not to perform retrieval. CWM achieves the
best performance across all methods in this setting,
suggesting that it more effectively identifies queries
that can be handled without external knowledge.
Overall, these findings provide additional support
for the use of Self-PPL as a query-level control
signal for retrieval decisions in CWM. Further vali-
dation of Self-PPL is provided in Appendix B.

5.3 Results for Reasoning task

In Table 4, we compare the performance of CWM
with Self-Discover, a method originally designed
for reasoning tasks, to examine the extensibility
of CWM to reasoning tasks. The results show
that CWM consistently outperforms Self-Discover
across all models and benchmarks. This indicates
that injecting bias into the retrieval prompt can pos-
itively influence the selection of other atomic rea-
soning modules as well. In this study, we focus on
the presence or absence of retrieval and therefore
inject bias only into the retrieval prompt.

5.4 Analysis for Efficiency

We report the inference time and the number of
inference calls for each method and model on Hot-
potQA in Table 5. As several methods involve
multiple processing steps depending on query com-



Self- HotpotQA MuSiQue
Model
PPL Bridge Comparison H-hop L-hop
GPT-oss High 0.48 0.58 0.62 043
20b Low 0.52 0.42 0.38  0.57
Qwen3 High 0.52 0.42 0.67  0.38
14b Low 048 0.58 033  0.62
Llama3.1 High 0.51 0.47 0.60 047
8b Low 049 0.53 040 0.3

Table 2: Distribution of high and low Self-PPL across
question groups in HotpotQA and MuSiQue. Self-PPL
is dichotomized based on the median within each dataset.
Bridge and Comparison denote multi-step linking and
entity comparison questions, respectively; H-hop and
L-hop denote questions with > 3 and < 2 reasoning
steps, respectively.

Model Method HotpotQA MuSiQue StrategyQA

Adaptive-RAG 50.7 25.1 82.6

GPT Rowen-CL 52.4 26.8 83.9
oss SEAKR 45.3 19.8 78.1
20b  Self-Discover 48.9 22.6 80.4
CWM 54.3 29.4 85.2
Adaptive-RAG 55.1 27.9 85.2

Qwen3 Rowen-CL 56.8 29.5 86.6
14b SEAKR 49.1 21.7 81.2
Self-Discover 52.8 24.3 83.5

CWM 57.6 31.7 87.4
Adaptive-RAG 44.5 21.4 74.2

Llama Rowen-CL 46.1 23.0 75.6
3.1 SEAKR 38.5 16.9 69.8
8b  Self-Discover 41.2 18.7 71.6
CWM 50.0 26.0 76.8

Table 3: Performance on the subset of samples where
retrieval is not triggered within each benchmark.

plexity, we adopt HotpotQA as the benchmark due
to its multi-hop reasoning requirements. For a fair
comparison, we disable vVLLM and FlashAttention
for all methods. All reported times and inference
call counts include one inference call and its corre-
sponding time for generating the final answer.

We first discuss Adaptive-RAG. This method
trains a classifier on a subset of the dataset using
silver, binary labels, which requires a large num-
ber of additional model inference calls. We denote
these additional costs as 4« including both infer-
ence calls and classifier training time. Accordingly,
the reported inference time and call counts exclud-
ing 4+« reflect only the test-time cost after labeling
and training. Adaptive-RAG classifies each query
as "Straightforward", "Simple", or "Complex" and
processes them accordingly. As a result, when a
query is classified as Straightforward, it achieves

Baselines CWM

Model Dataset Metric Self-
Base .. Best AVG

Discover
spy  MAVG - 459 509 5.16
ACC 7233 6567 78.67 76.19
GPT mup  MAVG - 509 557 565
;3; ACC 3600 5200 55.00 47.83
M_AVG - 457 432 441
MATHS00 "Acc ™ 99.00 87.00 96.00 9225
spy  MAVG - 290 291 2.89
ACC  67.33 91.00 92.00 91.50
Qwen3 p,p MAVG - 303 297 298
14b ACC 5100 4200 43.00 42.33
M_AVG - 313 3.5 3.15
MATH300 “Acc 9100 93.00 94.00 92.92
sy MAVG - 1032 1019 10.17
ACC 5033 6833 68.67 6631
Llama ap MAVG - 541 529 533
38-5 ACC 3400 2500 26.00 24.25
M_AVG - 765 700 7.49
MATH300 "Acc ™ 21.00 5600 64.00 58.92

Table 4: Results of reasoning tasks. M_AVG represents
the average number of selected atomic prompt modules.
For the direct method, GPT-0ss-20b was evaluated us-
ing the reasoning:low setting, while Qwen3-14b was
evaluated in non-thinking mode.

the lowest inference time and the fewest inference
calls among all methods.

SEAKR dynamically determines whether re-
trieval is required and how many iterations to per-
form using self-aware uncertainty estimation. How-
ever, as shown in Table 5, this design leads to sub-
stantially higher inference latency in practice, de-
spite using a relatively small number of inference
calls. This overhead does not arise from repeated
external invocations, but rather from the computa-
tionally expensive k-sample-based uncertainty ex-
traction and Gram-based computations performed
within a single inference. As a result, SEAKR in-
curs significant wall-clock latency even with a lim-
ited number of inference calls, reflecting a design
choice that prioritizes uncertainty-aware decision-
making over computational efficiency.

Rowen-CL is built on chain-of-thought-based
iterative reasoning and inherently relies on repeat-
edly invoking the model to improve answer reliabil-
ity. As shown in Table 5, this repeated-invocation
strategy results in a large number of inference calls
and correspondingly high inference latency. Im-
portantly, the increased cost stems from the accu-
mulation of many reasoning steps rather than the
complexity of individual inference calls. While



Model Method Time (s) Inference Calls
Adaptive-RAG  82-208 +« 2-5 +a
GPT SEAKR 753.88 2-5
0ss Self-Discover 120.15 3
20b Rowen-CL 833.58 39.69
CWM 121.79 3
Adaptive-RAG  25-65 4« 2-5 +a
SEAKR 269.22 2-5
Q;Nfl? 3 Self-Discover 37.34 3
Rowen-CL 554.68 39.60
CWM 36.23 3
Adaptive-RAG  45-115 4« 2-5 +a
Llama SEAKR 453.56 2-5
3.1 Self-Discover 66.89 3
8b Rowen-CL 312.26 39.97
CWM 65.59 3

Table 5: Average inference time and number of infer-
ence calls per data instance on HotpotQA.

effective at enhancing reasoning quality, this de-
sign makes Rowen-CL less suitable for real-time
or cost-sensitive deployment scenarios.

For comparison with Self-Discover, it is worth
noting that Self-Discover and CWM share the same
structural framework. Given an input query, the
model performs one inference call to select prompts
from atomic reasoning modules, one inference call
to generate a meta-prompt, and one inference call
to produce the final answer, resulting in a total
of three inference calls (additional inference calls
may be introduced to further improve the quality of
the generated meta-prompt). The overall inference
time may vary depending on the number of atomic
reasoning modules selected for a given instance.

As both CWM and SEAKR are white-box meth-
ods, we compare them directly. CWM computes
only the perplexity of the input query, incurring
minimal overhead, whereas SEAKR performs K-
step sampling over hidden states, resulting in sub-
stantially higher inference time. Although SEAKR
can mitigate this overhead through parallelized ex-
ecution with vLLM, such optimizations are not
considered in our setup. Overall, CWM achieves
efficient performance without increasing cost com-
pared to black-box methods such as Self-Discover.

6 Conclusion

Our study aims to develop a unified approach for
both reasoning and adaptive RAG tasks using re-
cent open-source LLMs. CWM performs strongly
across both settings while reducing computational
cost compared to prior methods that rely on ex-

ternal classifiers, auxiliary databases, additional
models, or multi-sampling. Moreover, we show
that retrieval decisions can be controlled using in-
ternal model signals derived from the input query
itself, rather than from signals obtained during gen-
eration. Beyond retrieval, the atomic reasoning
prompts also enable more general prompt selection.
These findings open up promising directions for
future research, particularly in light of the growing
availability of high-performing open-source lan-
guage models.

Limitations

One limitation of this work concerns the scope
of the atomic reasoning module library. We con-
duct our experiments by adding a single Retrieval
prompt to the existing library of 39 atomic reason-
ing modules. The original atomic reasoning mod-
ules are adopted directly from prior work without
modification, as their design reflects accumulated
insights from multiple research communities. Mod-
ifying these modules would require broader con-
sensus across different domains, which is beyond
the scope of this study. In this work, we do not in-
vestigate whether Self-Perplexity can be effectively
used to modulate the other 39 atomic reasoning
prompts. Exploring new atomic reasoning module
libraries tailored for LLMs and controlling individ-
ual modules using internal model signals would be
an interesting direction for future work.

Another limitation concerns the applicability of
CWM to closed-source LLMs. As a white-box ap-
proach, CWM requires access to token-level likeli-
hoods and embedding-level representations, limit-
ing its direct applicability to API-only models and
making equivalent method-level comparisons chal-
lenging. Nevertheless, CWM remains applicable
to self-hosted open-weight LLLMs where internal
signals are accessible, particularly in enterprise or
security-sensitive settings. Extending white-box
control methods to broader model settings remains
an important direction for future work.

Finally, Self-PPL may not always accurately re-
flect retrieval necessity. Queries involving recent
information beyond the model’s training data may
exhibit low Self-PPL despite requiring retrieval,
while ambiguous or unusual phrasing may yield
high Self-PPL even when retrieval is unnecessary.
Incorporating complementary signals, such as tem-
poral recency or lexical characteristics, could fur-
ther improve retrieval decisions in future work.
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Query Gold Answer

When does the sport which has Jim Wilson's Cleveland team as a member start the regular season? March 29,2018
Method Selected Modules And Meta-Prompt Pred Answer
6,17, 18,21, 26, 30
{
"Assumptions identified": {},
. "Sport and Cleveland team identified": {}, Late October
Self-Discover "Ambiguity clarified": {},
"Data sources identified": {}, x

"Regular season start date extracted": {},
"Final answer": {}

}
1,5,6,10,17, 18,21, 24
{
"Determine whether external data is required": {},
"Identify ways to simplify the question": {},
"I}glst key assumptions": {}}, . March 29,2018
CWM reak down the problem into smaller steps": {},
"Clarify the core issue": {}, v
"Explore underlying causes or factors": {},
"Identify relevant data sources": {},
"Define metrics for success": {},
"Final answer": {}
}
Query Gold Answer
How many refugees emigrated to the participant of Battle of Kentish Knock? 75,000 to 100,000
Method Selected Modules And Meta-Prompt Pred Answer
1,6,17,21
{

"Determine whether external historical records or databases are required to find the number of refugees who
emigrated to the participant of the Battle of Kentish Knock. Identify specific archives, naval logs, or immigration
records that might contain relevant data.": {},

"Identify the key assumptions needed to interpret the question: that 'participant' refers to a specific individual or
group involved in the Battle of Kentish Knock, that 'refugees emigrated to' implies a migration event recorded in
historical documents, and that the number of refugees is documented or estimable from available sources.": {}, x

"Clarify the core issue: establishing the exact count of refugees who emigrated to the identified participant of the
Battle of Kentish Knock, which requires linking historical battle participants to subsequent migration records.": {},

"List potential data sources that could provide insights: naval archives, immigration registers, census data,
contemporary newspapers, and scholarly works on the Battle of Kentish Knock. Outline methods for extracting and
cross-referencing data from these sources to estimate the refugee count.": {}

}
1,6,10,17,18,21,23,24

Self-Discover

"Determine whether external historical records or databases are required to find the number of refugees who
emigrated to the participant of the Battle of Kentish Knock.": {},

"Identify the assumptions about the identity of the participant, the definition of \u201crefugees,\u201d and the time
frame for emigration.": {},

"Assess the risks of misidentifying the participant, inaccuracies in historical emigration data, and potential gaps in
records.": {},

"Divide the task into: (a) identifying the participant, (b) defining refugee criteria, (c) locating emigration records,

. " 75,000 to 100,000

CWM and (d) aggregating counts.": {},

"Determine the exact number of refugees who emigrated to the specific individual involved in the Battle of Kentish v
Knock.": {},

"Consider factors including limited archival data, ambiguous participant identity, and varying definitions of refugee
status.": {},

"Identify relevant data sources such as naval logs, immigration registers, census records, and contemporary
accounts; plan cross-referencing.": {},

"List resources needed: access to historical archives, research assistants, database software, and possibly funding
for archival fees.": {},

"Define success criteria: obtaining a credible, cited count of refugees and verifying it against multiple sources.": {}

}

Figure 5: Comparison of selected modules and predicted answers between Self-Discover and our proposed CWM
on the MuSiQue dataset using the GPT-0ss-20b model.



Atomic Reasoning Modules

Check if retrieval from external sources is needed to answer the question.

How could I devise an experiment to help solve that problem?

Make a list of ideas for solving this problem, and apply them one by one to the problem to see if any progress can be made.
How could I measure progress on this problem?

How can I simplify the problem so that it is easier to solve?

What are the key assumptions underlying this problem?

What are the potential risks and drawbacks of each solution?

What are the alternative perspectives or viewpoints on this problem?

O 0 1 O Lt AW N =

What are the long-term implications of this problem and its solutions?

How can I break down this problem into smaller, more manageable parts?

Critical Thinking: This style involves analyzing the problem from different perspectives, questioning assumptions, and
evaluating the evidence or information available. It focuses on logical reasoning, evidence-based decision-making, and
identifying potential biases or flaws in thinking.

12 Try creative thinking, generate innovative and out-of-the-box ideas to solve the problem. Explore unconventional solutions,
thinking beyond traditional boundaries, and encouraging imagination and originality.

—_
—_ O

13 Seek input and collaboration from others to solve the problem. Emphasize teamwork, open communication, and leveraging
the diverse perspectives and expertise of a group to come up with effective solutions.

14 Use systems thinking: Consider the problem as part of a larger system and understanding the interconnectedness of various
elements. Focuses on identifying the underlying causes, feedback loops, and interdependencies that influence the problem,
and developing holistic solutions that address the system as a whole.

15 Use Risk Analysis: Evaluate potential risks, uncertainties, and tradeoffs associated with different solutions or approaches
to a problem. Emphasize assessing the potential consequences and likelihood of success or failure, and making informed
decisions based on a balanced analysis of risks and benefits.

16 Use Reflective Thinking: Step back from the problem, take the time for introspection and self-reflection. Examine
personal biases, assumptions, and mental models that may influence problem-solving, and being open to learning from
past experiences to improve future approaches.

17 What is the core issue or problem that needs to be addressed?
18 What are the underlying causes or factors contributing to the problem?

19 Are there any potential solutions or strategies that have been tried before? If yes, what were the outcomes and lessons
learned?

20 What are the potential obstacles or challenges that might arise in solving this problem?

21 Are there any relevant data or information that can provide insights into the problem? If yes, what data sources are
available, and how can they be analyzed?

22 Are there any stakeholders or individuals who are directly affected by the problem? What are their perspectives and needs?
23  What resources (financial, human, technological, etc.) are needed to tackle the problem effectively?

24 How can progress or success in solving the problem be measured or evaluated?

25 What indicators or metrics can be used?

26 Is the problem a technical or practical one that requires a specific expertise or skill set? Or is it more of a conceptual or
theoretical problem?

27 Does the problem involve a physical constraint, such as limited resources, infrastructure, or space?

28 Is the problem related to human behavior, such as a social, cultural, or psychological issue?

29 Does the problem involve decision-making or planning, where choices need to be made under uncertainty or with
competing objectives?

30 Is the problem an analytical one that requires data analysis, modeling, or optimization techniques?

31 Is the problem a design challenge that requires creative solutions and innovation?

32 Does the problem require addressing systemic or structural issues rather than just individual instances?

33 Is the problem time-sensitive or urgent, requiring immediate attention and action?

34  What kinds of solution typically are produced for this kind of problem specification?

35 Given the problem specification and the current best solution, have a guess about other possible solutions.

36 Let’s imagine the current best solution is totally wrong, what other ways are there to think about the problem specification?

37 What is the best way to modify this current best solution, given what you know about these kinds of problem specification?

38 Ignoring the current best solution, create an entirely new solution to the problem.

39 Let’s think step by step.

40 Let’s make a step by step plan and implement it with good notion and explanation.

Table 6: Atomic reasoning modules composed of 40 high-level cognitive heuristics, including a retrieval module.
Except for the retrieval module (Module 1), atomic modules 2—40 are adapted from Fernando et al. (2024).



A Experimental Details

A.1 Meta-Prompting Details

Table 6 presents the atomic reasoning modules li-
brary used in our experiments. Following prior
work (Fernando et al., 2024; Zhou et al., 2024), we
construct a library of 40 atomic prompt modules
by adding the prompt “Check if retrieval from ex-
ternal sources is needed to answer the question.”
to the original set of 39 atomic reasoning modules.
Since the original 39 modules were derived through
consensus among multiple researchers, we do not
modify them beyond the addition of the Retrieval
prompt.

Figure 5 illustrates example meta-prompts gen-
erated by Self-Discover and CWM (Ours). Both
Self-Discover and CWM select a subset of mod-
ules from the atomic reasoning modules library and
then construct a meta-prompt based on the selected
modules. The final answer is generated using the
constructed meta-prompt. This process is imple-
mented by re-constructing the procedure described
in the Self-Discover (Zhou et al., 2024), along with
corresponding coding efforts.

A.2 Method Details

Overview. Stage 2 of CWM injects a perplexity-
derived control signal into the embeddings of
retrieval-related keyword tokens. For the keyword-
token set /C, the input embedding h; of each token
i € K is modified as

h(l) (1 + gscale) h (1)
b} = h'" 4 ghara w, )

where gscale and ggelta are clamped linear functions
of the control coefficient o (Stage 1), and u; is a
unit vector that induces a directional change in h;.
Although Eq. (2) is model-agnostic, its effective
influence depends on the normalization layer used
by the backbone LLM.

A.2.1 Normalization Layers and Embedding
Scaling

LayerNorm (GPT-0ss-20b).
ploys LayerNorm, defined as

GPT-0ss-20b em-

——— *85 3)

where (x) and o(x) denote the feature-wise mean
and standard deviation. For a positive scalar ¢ > 0

and x' = cx, we have

cx — cp(x)
co(x)

X = u(x)
o(x’)

_ x—p(x)
o(x)

“)

While the normalized term is invariant, the pres-
ence of residual connections and affine parameters
implies that scaling the pre-norm embedding can
still affect downstream activations in practice.

RMSNorm (Qwen3-14b and Llama3.1-8b).
Qwen3-14b and Llama3.1-8b rely on RMSNorm,
given by

RMSN(x) =~y ® (5)
RMS(x) = (6)
For x’ = e¢x with ¢ > 0,
N cx _
RMSN(x') =7 ® i = RMSN(),
@)

which shows that scalar embedding scaling is ex-
actly canceled by RMSNorm.

A.2.2 Orthogonal Delta Injection

To ensure controllability under RMSNorm, CWM
introduces a directional perturbation orthogonal to
the original embedding. Let the mean embedding
of the retrieval keyword span be

View = Ze], ®)
K| prrd
where e; denotes the token embedding of the key-
word string. The orthogonal component is com-
puted as

]
Vk hz

Lhi;

Thl? ®

ry = Vkw —
r;

- 10
ET (10)

u; =

By construction, u; is (approximately) orthogonal
to h;. The final perturbed embedding is

(1)

Since RMSNorm normalizes magnitude but pre-
serves direction, the directional change introduced
by gdelta survives normalization:

h/
© RMS(W)

hg = (1 + gscale) h; + gdelta W;.

RMSN(h)) = #70 By (h 7

(12)



A.2.3 GPT-o0ss-20b: Inference and Decoding
Constraints

Stable attention implementation. CWM di-
rectly intervenes on input embeddings, which can
interact unpredictably with highly optimized at-
tention kernels. For GPT-o0ss-20b, we therefore
employ a standard (eager/math) attention imple-
mentation and disable flash-style SDP backends,
prioritizing numerical stability over throughput.

Reasoning verbosity control. GPT-oss provides
a system-level control over reasoning verbosity. We
fix this setting to a low level (e.g., Reasoning:
low) to encourage concise outputs and to ensure
that changes in the meta-prompt are primarily
driven by the CWM control signal rather than stylis-
tic variability.

Protocol-aware termination and decoding.
GPT-oss follows a structured output protocol in
which the assistant’s final response is emitted
within a dedicated final channel. Accordingly, gen-
eration uses a protocol-specific set of stop tokens,
and decoded text is post-processed to extract only
the final-channel content, ensuring consistent eval-
uation.

A.2.4 Backbone-Specific Summary

GPT-o0ss-20b. With LayerNorm, pre-norm em-
bedding interventions are not strictly eliminated
in practice, allowing both scalar scaling (gscale)
and directional perturbation (ggelta) to influence
retrieval-module selection. In all experiments, the

control coefficient was capped with aﬁap = 5.0 and
Qcap = 9.0. Additional protocol-aware inference

settings were required for stable decoding.

Qwen3-14b and Llama3.1-8b. With RMSNorm,
scalar scaling is exactly canceled after normal-
ization (Eq. (7)), making the orthogonal direc-
tional term (Egs. (10)—(12)) the primary mecha-
nism for controlling retrieval-module activation.
Accordingly, we fixed the control coefficient cap
to oz;;p = 5.0 and a,,, = 5.0, and varied the neg-
ative cap of the directional coefficient as g4 ., €
{0.5, 1.0, 1.5} to study the sensitivity of retrieval
suppression under RMSNorm-based backbones.

A.3 Dbaseline Details

Adaptive-RAG Adaptive-RAG employs a
classifier-based routing mechanism to determine
the complexity of an input query and select an
appropriate retrieval strategy. Following the

original Adaptive-RAG design, a T5-Large model
is used as the query complexity classifier. The
classifier is trained on a subset of the training data
with automatically generated silver and binary
labels, where queries are categorized into three
classes: Straightforward, Simple, and Complex.
These labels are obtained by observing model
behaviors under different retrieval settings rather
than through manual annotation. The classifier is
trained once prior to evaluation and remains fixed
during inference. At test time, Straightforward
queries are answered without retrieval, Simple
queries trigger a single retrieval-generation step,
and Complex queries allow multiple retrieval-
generation iterations. All classifier-related
hyperparameters, including training procedure
and routing thresholds, follow the default settings
described in the original Adaptive-RAG paper.
The retriever used in Adaptive-RAG is a sparse
BM25-based retriever over a Wikipedia corpus.

SEAKR SEAKR is a white-box adaptive re-
trieval method that controls retrieval and reasoning
based on self-aware uncertainty estimation derived
from internal model representations. The primary
hyperparameter in SEAKR is the number of sam-
ples K used for uncertainty estimation. Following
the original implementation, we set K = 20 for
all experiments. For each input query, SEAKR
performs K internal sampling passes to extract
hidden representations from the language model,
which are then aggregated using Gram-determinant-
based uncertainty measures. Retrieval is triggered
when the estimated uncertainty exceeds a prede-
fined threshold, and retrieved passages are further
re-ranked based on their ability to reduce uncer-
tainty. All uncertainty thresholds and re-ranking
strategies follow the default configurations reported
in the SEAKR paper. SEAKR requires access to
internal model states and is therefore applicable
only to open-source language models.

Rowen-CL In Rowen-CL, cross-language con-
sistency is evaluated to capture language-level un-
certainty by generating semantically equivalent
paraphrases of the input question across different
languages. Specifically, given an English source
query, the model generates multiple semantically
equivalent question variants, which are then trans-
lated between English and Chinese to form cross-
language counterparts. In our setting, we gener-
ate k = 6 cross-language question variants per
query. For each translated question, the model



produces an answer in the corresponding target
language, and semantic consistency between the
original and translated question—answer pairs is
measured to detect potential hallucination or uncer-
tainty. Question perturbations are generated using
a decoding temperature of 0.5, while answer gener-
ation is performed with greedy decoding to ensure
stable semantic comparison. The resulting cross-
language consistency scores are aggregated across
the & translated QA pairs and used to guide retrieval
decisions.

B Further Validation of Self-PPL

We provide additional analyses to validate Self-PPL
as a signal for retrieval decision-making.

B.1 Dataset-level Separation

Model RAG Benchmarks Reasoning Benchmarks — Gap
GPT-0ss-20b 39 1.8 +2.1
Qwen3-14b 3.1 1.5 +1.6
Llama3.1-8b 4.4 2.0 +2.4

Table 7: Mean Self-PPL across RAG and reasoning
benchmarks.

As shown in Table 7, Self-PPL is consistently
higher on knowledge-intensive RAG benchmarks
than on reasoning benchmarks across all models.
This indicates that Self-PPL reflects knowledge
insufficiency rather than reasoning complexity.

B.2 Correlation with Retrieval Gain

For each query z, retrieval gain is defined as the
performance difference between generation with
and without external context:

Gain(x) = Flcontext(x) - Flno—context($) (13)

for HotpotQA and MuSiQue, and

Gain(l‘) = Acccontext(x) - Accno—context(«r) (14)

for StrategyQA.

We compute the Spearman rank correlation be-
tween Self-PPL and retrieval gain across all evalu-
ation queries for each dataset. Table 8 shows con-
sistent positive correlations across all models and
datasets, indicating that higher Self-PPL is associ-
ated with larger empirical gains from retrieval. The
Avg column reports the mean correlation across the
three datasets.

Model HotpotQA  MuSiQue StrategyQA  Avg
GPT-0ss-20b 0.39 0.44 0.40 0.41
Qwen3-14b 0.32 0.36 0.34 0.34
Llama3.1-8b 0.43 0.49 0.46 0.46

Table 8: Spearman rank correlation between Self-PPL
and retrieval gain, computed over all evaluation queries.

B.3 Retrieval Gain by Self-PPL Groups

To further examine whether Self-PPL identifies
queries that benefit from retrieval, we partition
the evaluation queries within each dataset into two
equally sized groups using the median Self-PPL
value. Queries below the median are assigned to
the Low Self-PPL group, and queries above the me-
dian are assigned to the High Self-PPL group. For
each group, we compute the average retrieval gain,
defined in Section B as the performance difference
between generation with and without external con-
text.

Table 9 reports the average retrieval gain for the
two groups, aggregated across the adaptive RAG
benchmarks for each model. The Gain Difference
column denotes the difference between the average
gain of the High Self-PPL group and that of the
Low Self-PPL group. Across all models, retrieval
gains are substantially larger in the High Self-PPL
group, indicating that Self-PPL effectively sepa-
rates queries for which external knowledge is ben-
eficial from those for which retrieval contributes
little.

Model Low Self-PPL  High Self-PPL  Gain Difference
GPT-0ss-20b +0.6 +6.8 +6.2
Qwen3-14b +0.4 +4.9 +4.5
Llama3.1-8b +0.7 +7.6 +6.9

Table 9: Average retrieval gain for queries below and
above the median Self-PPL within each dataset. Gain
Difference denotes the difference between the High and
Low Self-PPL groups.

B.4 Comparison with Entropy

We next compare Self-PPL with token-level en-
tropy as an alternative uncertainty signal. Token-
level entropy is defined as the average predictive
entropy over the input sequence, where the entropy
at each position is computed from the model’s next-
token distribution and then averaged across all in-
put tokens. For each model, we report three statis-
tics over all evaluation queries: (1) the correlation
between the signal and retrieval gain, (2) the mean



value of the signal, and (3) the variance of the sig-
nal across inputs.

Table 10 shows that Self-PPL consistently ex-
hibits stronger correlation with retrieval gain and
lower variance across inputs than entropy. The
correlation column indicates how well each signal
aligns with the empirical usefulness of retrieval,
while the variance column reflects the stability of
the signal across queries. These results suggest
that Self-PPL provides a more reliable and sta-
ble sequence-level signal for retrieval decisions.
We also explored entropy-based alternatives during
method design, but ultimately selected Self-PPL be-
cause it scaled more robustly across diverse inputs
and models.

Model Method HotpotQA MuSiQue  StrategyQA
w/GC 84.5 67.5 97.0

w/oGC 38.3 25.6 82.0

B BM25 70.1 52.0 83.9
GPT-05s20b hyonce 75.0 55.6 85.0
CWM-BM25 76.6 57.2 85.6
CWM-Dense 77.8 58.5 86.6

w/GC 81.9 65.8 95.0

w/oGC 40.7 29.7 78.0

BM25 72.5 533 89.2

Qwen3-14b  poie 782 57.4 90.8
CWM-BM25 79.4 59.1 91.6
CWM-Dense 81.0 60.6 92.6

w/GC 80.8 60.8 93.0

w/oGC 43.2 31.5 75.0

BM25 65.1 48.6 78.7

Llama3.1-8b b 70.4 52.1 80.5
CWM-BM25 72.0 54.0 81.1
CWM-Dense 734 553 824

Table 11: adaptive RAG performance under noisy re-
trieval across models. HotpotQA and MuSiQue are
reported in F1, and StrategyQA is reported in accuracy.

Model Signal ~ Corr () Mean Var ()

GPT-0ss-20b  Self-PPL 0.41 2.83 0.46 Dataset Metric  w/oGC Threshold-Prompt  CWM (Ours) w/GC
Entropy 0.18 3.76 1.92 HoporQa EM 31.0 58.9 63.4 72.0

Qwen3-14b  Self-PPL  0.34 238  0.39 Fl 383 726 772 845
Entropy 0.12 321 1.58 MusiQue EM 20.0 437 48.0 58.0

Llama3.1-8b Self:PPL 046  3.10  0.52 fl 6 >3 7093
EIltI'Opy 0.21 4.08 2.4 StrategyQA  Acc 82.0 84.9 86.3 97.0

Table 10: Comparison of Self-PPL and token-level en-
tropy over all evaluation queries. Corr denotes the cor-
relation with retrieval gain, Mean denotes the average
signal value, and Var denotes the variance across inputs.

C Evaluation under Noisy Retrieval

To evaluate performance under realistic conditions,
we conduct end-to-end adaptive RAG experiments
using noisy retrievers (BM25 and dense), where
retrieved documents may be incomplete or irrel-
evant. Table 11 presents the results across three
models. Across all settings, CWM consistently
improves performance over both BM25 and dense
retrieval baselines. The results lie between the
upper bound (w/GC) and lower bound (w/0GC),
indicating that the oracle setting provides a mean-
ingful reference for evaluating retrieval decisions.
Furthermore, CWM achieves most of the gains
from retrieval while maintaining robustness under
noisy conditions, demonstrating that the proposed
method remains effective beyond the oracle setup.

D Comparison with Threshold-based
White-box Prompting

A natural alternative to the proposed method is a
simple threshold-based white-box prompting strat-
egy, in which retrieval is triggered when an uncer-
tainty signal exceeds a fixed threshold. To examine

Table 12: Comparison with a threshold-based white-
box prompting baseline on GPT-0ss-20b. Retrieval is
triggered when the input Self-PPL exceeds the dataset-
level average Self-PPL.

this setting, we construct a threshold-based base-
line using Self-PPL. Specifically, retrieval is trig-
gered by prompt engineering when the Self-PPL
of the input exceeds the average Self-PPL com-
puted over the corresponding dataset. This base-
line provides a direct comparison between a fixed-
threshold prompting strategy and the proposed con-
tinuous control mechanism.

Tables 12, 13, and 14 report the results across
three models. In all cases, the threshold-based base-
line improves over the no-context setting, confirm-
ing that Self-PPL is a useful white-box signal for
retrieval decisions. However, CWM consistently
outperforms the threshold-based baseline across all
datasets and models, indicating that directly inte-
grating Self-PPL into the retrieval decision is more
effective than applying a fixed threshold through
prompt engineering.

Overall, these results suggest that a simple
threshold-based strategy can partially exploit Self-
PPL as a retrieval signal, but it remains consistently
weaker than CWM. This gap indicates that con-
tinuous modulation of retrieval behavior is more
effective than relying on a fixed threshold derived



Dataset Metric w/oGC Threshold-Prompt CWM (Ours) w/GC

EM 320 647 68.6 70.0
HotpotQA g 407 76.9 80.6 81.9

. EM 200 459 493 59.0
MuSiQue g, 297 56.1 60.0 6538
StrategyQA Acc 780 902 923 95.0

Table 13: Comparison with a threshold-based white-
box prompting baseline on Qwen3-14b. Retrieval is
triggered when the input Self-PPL exceeds the dataset-
level average Self-PPL.

Dataset Metric w/0oGC Threshold-Prompt CWM (Ours) w/GC
EM 36.0 54.9 59.0 71.0

HotpotQA 4532 68.5 72.9 80.8
. EM 24.0 39.5 4.3 53.0
MuSiQue 315 497 547 60.8
StrategyQA  Acc 75.0 79.8 82.1 93.0

Table 14: Comparison with a threshold-based white-
box prompting baseline on Llama3.1-8b. Retrieval is
triggered when the input Self-PPL exceeds the dataset-
level average Self-PPL.

from dataset-level statistics.

E Full Results

We report the experimental results on Adaptive
RAG and Reasoning tasks using GPT-0ss-20b,
Qwen3-14b, and Llama3.1-8b in Tables 15 through
20. Each table includes a broad set of experiments
varying the directional delta values and the neg-
ative caps. The optimal performance may differ
across models and benchmarks; however, these
differences can be readily accommodated through
straightforward hyperparameter tuning. Since the
scale of perplexity measured on the input varies
across models, model-specific hyperparameter con-
figurations are a natural and necessary choice.



HotpotQA MuSiQue StrategyQA

Delta negcap Type
Ratio M_AVG EM F1 Ratio M_AVG EM F1 Ratio M_AVG Acc

Total 100 4.80 69.00 77.59 100 6.31 55.00 63.11 100 6.10 81.00
0.0 RAGO 69 5.03 76.81 86.55 88 6.46 60.23 68.87 53 6.31 84.91
RAGX 31 4.27 51.61 57.64 12 4.75 16.67 20.83 47 5.87 76.60

Total 100 4.98 68.00 77.04 100 6.55 56.00 63.76 100 6.23 83.00

0.03
1.0 RAGO 73 5.13 7123 81.78 91 6.75 60.44 68.32 52 6.82 90.38
RAGX 27 4.58 59.26 64.24 9 4.63 11.11  17.72 48 5.60 75.00
Total 100 4.85 64.00 72.59 100 6.32 55.00 63.46 100 6.22 81.00
1.5 RAGO 67 5.03 74.63 83.90 89 6.53 5843 67.50 52 6.56 92.31
RAGX 33 4.47 4242 49.62 11 4.13 2727 30.76 48 5.85 68.75
Total 100 4.78 71.00 78.58 100 6.25 49.00 56.24 100 6.29 84.00
0.0 RAGO 74 4.97 78.38 87.08 87 6.46 54.02 62.01 50 6.68 90.00
RAGX 26 4.23 50.00 54.40 13 4.56 15.38 17.58 50 5.90 78.00
. Total 100 5.05 69.00 76.76 100 6.35 55.00 60.16 100 6.20 80.00
’ 1.0 RAGO 72 5.25 7639 8527 91 6.53 5824 6325 54 6.58 85.19
RAGX 28 4.52 50.00 54.88 9 4.63 2222 28.84 46 5.76 73.91
Total 100 4.82 66.00 75.25 100 6.34 56.00 62.81 100 6.31 80.00
L.5 RAGO 71 5.06 74.65 8433 91 6.48 5824 6530 54 6.57 87.04
RAGX 29 4.21 44.83 53.02 9 4.88 3333 3759 46 6.02 71.74
Total 100 4.80 67.00 76.55 100 6.29 51.00 57.39 100 6.31 85.00
0.0 RAGO 70 5.07 75771 87.30 90 6.38 5556 61.56 54 6.76 92.59
RAGX 30 4.11 46.67 51.48 10 5.56 10.00 1995 46 5.78 76.09
0.07 Total 100 5.01 69.00 76.88 100 6.32 52.00 58.47 100 6.12 78.00
’ 1.0 RAGO 71 5.30 76.06 8548 91 6.45 56.04 6274 50 6.42 88.00
RAGX 29 4.29 51.72 55.83 9 4.50 11.11 1534 50 5.80 68.00
Total 100 4.76 69.00 78.04 100 6.34 56.00 61.66 100 6.32 84.00
L5 RAGO 71 4.99 76.06 87.13 93 6.41 58.06 63.74 52 6.64 84.62
RAGX 29 4.21 51.72 55.80 7 5.33 28.57 3405 48 5.98 83.33
Total 100 522 71.00 79.36 100 6.20 48.00 56.09 100 6.50 79.00
0.0 RAGO 74 5.53 77.03 87.11 89 6.38 51.69 6045 52 6.94 80.77
RAGX 26 4.25 53.85 57.33 11 4.50 18.18 20.78 48 6.04 77.08
0.0 Total 100 5.11 67.00 74.82 100 6.33 56.00 61.27 100 6.19 85.00

1.0 RAGO 70 5.28 72.86 8226 89 6.48 60.67 6596 52 6.57 92.31
RAGX 30 4.67 5333 57.46 11 4.88 18.18 23.38 48 5.79 77.08

Total 100 5.06 64.00 7340 100 6.19 51.00 57.50 100 6.28 81.00
L5 RAGO 68 5.44 72.06 84.13 89 6.32 55.06 62.04 51 6.68 78.43
RAGX 32 4.20 46.88 50.60 11 4.88 18.18 20.78 49 5.90 83.67

Table 15: Results of CWM on the Adaptive RAG task with GPT-0ss-20b under different hyperparameter settings.
The Ratio denotes the proportion of each case among all samples. RAG O and RAG X indicate answer generation
with and without using the gold context, respectively. M_AVG represents the average number of selected modules.
Ratio, EM, and F1 are reported in percentage (%).



HotpotQA MuSiQue StrategyQA
Delta negcap Type

Ratio M_AVG EM F1 Ratio M_AVG EM F1 Ratio M_AVG Acc

Total 100 2.54 78.00 8496 100 3.28 52.00 60.55 100 4.38 91.00
0.0 RAGO 91 2.60 80.22 8693 90 3.39 54.44 63.06 92 4.48 92.39

RAG X 9 1.90 55.56 65.00 10 2.28 30.00 38.00 8 3.18 75.00

0.03 Total 100 2.54 78.00 84.96 100 3.28 52.00 60.55 100 4.36 91.00
’ 1.0 RAGO 93 2.59 79.57 8639 92 3.37 5435 6277 94 4.44 92.55
RAG X 7 1.88 57.14  66.00 8 2.25 25.00 35.00 6 3.15 66.67

Total 100 2.54 78.00 84.96 100 3.28 52.00 60.55 100 4.38 91.00

1.5 RAGO 94 2.58 7872 8579 93 3.35 53776 6240 95 4.44 91.58

RAG X 6 1.92 66.67 72.00 7 2.30 28.57 36.00 5 3.20 80.00

Total 100 2.55 78.00 84.96 100 3.23 51.00 59.28 100 442 92.00

0.0 RAGO 94 2.59 7979 8643 93 3.31 52.69 61.11 95 4.49 92.63

RAG X 6 1.88 50.00 62.00 7 2.25 28.57 35.00 5 3.15 80.00

0.05 Total 100 2.56 78.00 84.96 100 3.23 51.00 5942 100 4.41 92.00
’ 1.0 RAGO 96 2.59 79.17 86.00 95 3.28 52.63 61.07 96 4.46 92.71
RAG X 4 1.90 50.00 60.00 5 2.28 20.00 28.00 4 3.22 75.00

Total 100 2.55 78.00 84.96 100 3.23 52.00 60.00 100 4.42 92.00

1.5 RAGO 97 2.57 78.35 8536 96 3.27 53.13 61.17 97 4.46 92.78

RAG X 3 1.85 66.67 72.00 4 222 25.00 32.00 3 3.10 66.67

Total 100 2.54 76.00 8296 100 3.23 52.00 60.03 100 443 91.00

0.0 RAGO 96 2.57 77.08 83.92 95 3.28 53.68 61.72 97 4.47 91.75

RAG X 4 1.90 50.00 60.00 5 2.28 20.00 28.00 3 3.18 66.67

0.07 Total 100 2.54 75.00 8246 100 3.23 52.00 60.35 100 442 91.00
’ 1.0 RAGO 98 2.55 7551 8296 97 3.26 52.58 6098 98 4.45 91.84
RAG X 2 1.85 50.00 58.00 3 225 33.33  40.00 2 3.10 50.00

Total 100 2.54 75.00 82.25 100 3.23 51.00 59.35 100 443 91.00

1.5 RAGO 99 2.55 75.76 8295 98 3.25 52.04 60.36 99 4.44 91.92

RAG X 1 1.80 0.00 12.50 2 2.20 0.00 10.00 1 3.05 0.00

Total 100 2.55 76.00 83.79 100 3.26 51.00 59.29 100 4.43 92.00

0.0 RAGO 98 2.56 76.53 8432 97 3.29 51.55 5995 98 4.46 92.86

RAG X 2 1.88 50.00 58.00 3 2.25 33.33  38.00 2 3.20 50.00

0.09 Total 100 2.55 78.00 84.96 100 3.26 52.00 59.98 100 442 92.00

1.0 RAGO 99 2.56 78.79 85.67 99 3.27 52.53 60.50 99 4.43 92.93
RAG X 1 1.82 0.00 15.00 1 2.18 0.00 8.50 1 3.12 0.00

Total 100 255 7800 8496 100 326 5200 5957 100 442  92.00
1.5 RAGO 100 255 7800 8496 100 326 5200 5957 100 442  92.00
RAGX 0 - - - 0 - - - 0 - -

Table 16: Results of CWM on the Adaptive RAG task with Qwen3-14b under different hyperparameter settings.



HotpotQA MuSiQue StrategyQA
Delta negcap Type

Ratio M_AVG EM F1 Ratio M_AVG EM F1 Ratio M_AVG Acc

Total 100 9.66 60.00 69.98 100 9.96 48.00 56.34 100 10.54  80.00
0.0 RAGO 75 1051  69.33 8020 75 11.10 5733 67.12 57 12.67  89.47
RAGX 25 7.12 32.00 3933 25 6.76 20.00 24.00 43 7.72 67.44

total 100 9.61 60.00 70.66 100 9.96 46.00 54.66 100 10.54  80.00

0.03
1.0 RAGO 75 1044  68.00 79.77 75 11.10  54.67 64.88 57 12.67  89.47
RAGX 25 7.12 36.00 4333 25 6.76 20.00 24.00 43 7.72 67.44
total 100 9.66 60.00 70.36 100 9.98 48.00 55.98 100 10.54  80.00
1.5 RAGO 75 10.51  68.00 7937 75 11.13 5733 66.64 57 12.67  89.47
RAGX 25 7.12 36.00 4333 25 6.76 20.00 24.00 43 7.72 67.44
Total 100 9.18 67.00 7597 100 8.85 52.00 59.76 100 9.09 76.00
0.0 RAGO 84 9.61 73.81 8098 82 9.32 60.98 7026 65 1035  86.15
RAG X 16 6.94 31.25 49.68 18 6.71 11.11 1190 35 6.74 57.14
0.05 total 100 9.13 68.00 76.85 100 8.85 52.00 59.40 100 9.09 76.00
’ 1.0 RAGO 84 9.55 75.00 82.17 82 9.32 60.98 69.83 65 1035  86.15
RAG X 16 6.94 31.25 48.90 18 6.71 11.11 1190 35 6.74 57.14
total 100 9.14 67.00 76.92 100 8.85 51.00 58.34 100 9.09 76.00
1.5 RAGO 84 9.56 73.81 8226 82 9.32 59.76  68.53 65 1035  86.15
RAG X 16 6.94 31.25 48.90 18 6.71 11.11 11.90 35 6.74 57.14
Total 100 8.76 65.00 7547 100 9.27 53.00 59.71 100 9.20 80.00
0.0 RAGO 88 9.13 69.32 80.24 90 9.53 56.67 6395 73 10.04  86.30
RAG X 12 6.08 33.33 4048 10 7.00 20.00 21.54 27 6.93 62.96
0.07 total 100 8.84 62.00 74.33 100 9.27 53.00 60.22 100 9.23 79.00
’ 1.0 RAGO 90 9.12 6556 7775 90 9.53 56.67 6452 74 10.00  85.14
RAG X 10 5.63 30.00 43.57 10 7.00 20.00 21.54 26 7.04 61.54
total 100 8.73 66.00 76.16 100 9.28 53.00 60.51 100 9.20 80.00
1.5 RAGO 88 9.09 7045 81.02 90 9.55 56.67 64.84 73 10.04  86.30
RAG X 12 6.08 33.33 4048 10 7.00 20.00 21.54 27 6.93 62.96
Total 100 8.64 65.00 74.30 100 9.23 54.00 61.97 100 9.34 82.00
0.0 RAGO &7 9.00 67.82 7793 91 9.48 57.14 6552 73 10.19  83.56
RAG X 13 6.23 46.15 50.00 9 6.78 2222 2603 27 7.04 71.78
0.09 total 100 8.64 65.00 7430 100 9.26 54.00 61.77 100 9.34 82.00

1.0 RAGO 87 9.00 67.82 7793 91 9.51 57.14 6531 73 10.19  83.56
RAGX 13 6.23 46.15 50.00 9 6.78 2222 2603 27 7.04 77.78

total 100 8.59 65.00 7430 100 9.23 53.00 6233 100 9.34 82.00
L5 RAGO 87 8.94 67.82 7793 91 9.48 56.04 6592 73 10.19  83.56
RAGX 13 6.23 46.15 50.00 9 6.78 2222 2603 27 7.04 71.78

Table 17: Results of CWM on the Adaptive RAG task with Llama3.1-8b under different hyperparameter settings.



BBH T4D MATHS00
Delta negcap Type
Ratio M_AVG ACC Ratio M_AVG ACC Ratio M_AVG Acc
Total ~ 100.00 5.09 75.33  100.00 5.57 41.00 100.00 4.82 90.00
0.0 RAGO 0.67 5.50 50.00  0.00 - - 2.00 5.50 100.00
RAGX 99.33 5.09 75.50  100.00 5.57 41.00  98.00 4.80 89.80
0.03 Total ~ 100.00 5.04 75.33  100.00 5.60 52.00 100.00 4.32 96.00
’ 1.0 RAGO 0.67 6.50 100.00  0.00 - - 1.00 5.00 100.00
RAGX 99.33 5.03 75.17  100.00 5.60 52.00 99.00 4.31 95.96
Total ~ 100.00 5.05 78.33  100.00 5.69 49.00 100.00 4.01 92.00
1.5 RAGO 033 8.00 100.00  0.00 - - 2.00 4.50 100.00
RAGX 99.67 5.04 78.26  100.00 5.69 49.00 98.00 4.00 91.84
Total  100.00 5.03 78.00  100.00 5.64 45.00 100.00 4.88 91.00
0.0 RAGO 1.00 7.67 66.67 0.00 - - 3.00 6.33 100.00
RAGX 99.00 5.00 78.11  100.00 5.64 45.00 97.00 4.84 90.72
. Total ~ 100.00 5.13 76.33  100.00 5.57 55.00 100.00 4.30 95.00
’ 1.0 RAGO 1.00 6.00 66.67 0.00 - - 2.00 5.50 100.00
RAG X 99.00 5.12 76.43  100.00 5.57 55.00 98.00 4.28 94.90
Total ~ 100.00 5.16 78.67  100.00 5.69 50.00 100.00 4.05 93.00
1.5 RAGO 0.67 5.00 100.00  0.00 - - 2.00 5.50 100.00
RAG X 99.33 5.16 78.52  100.00 5.69 50.00 98.00 4.02 92.86
Total ~ 100.00 5.06 77.67  100.00 5.75 45.00 100.00 4.86 89.00
0.0 RAGO 1.00 6.00 66.67 0.00 - - 1.00 6.00 100.00
RAGX 99.00 5.05 77.78  100.00 5.75 45.00  99.00 4.85 88.89
0.07 Total ~ 100.00 5.06 74.33  100.00 5.65 48.00 100.00 4.32 93.00
’ 1.0 RAGO 0.00 - - 0.00 - - 0.00 - -
RAG X 100.00 5.06 74.33  100.00 5.65 48.00 100.00 4.32 93.00
Total ~ 100.00 5.06 70.67  100.00 5.74 43.00 100.00 4.11 96.00
1.5 RAGO 0.67 7.50 100.00  0.00 - - 3.00 6.00 100.00
RAG X 99.33 5.04 70.47  100.00 5.74 43.00 97.00 4.05 95.88
Total ~ 100.00 5.12 76.33  100.00 5.66 48.00 100.00 4.98 87.00
0.0 RAGO 0.67 6.00 50.00  0.00 - - 2.00 4.50 100.00
RAGX 99.33 5.12 76.51  100.00 5.66 48.00 98.00 4.99 86.73
0.09 Total ~ 100.00 5.13 79.00  100.00 5.57 47.00 100.00 4.19 91.00
' 1.0 RAGO 0.67 - 0.00 0.00 - - 0.00 - -
RAGX 99.33 5.11 79.53  100.00 5.57 47.00 100.00 4.19 91.00
Total  100.00 5.15 74.33  100.00 5.72 51.00 100.00 4.05 94.00
1.5 RAGO 0.67 8.00 50.00  0.00 - - 0.00 - -
RAGX 99.33 5.13 74.50  100.00 5.72 51.00 100.00 4.05 94.00

Table 18: Results of CWM on the Reasoning task with GPT-0ss-20b under different hyperparameter settings. The
Ratio denotes the proportion of each case among all samples. RAG O and RAG X indicate whether the retrieval
prompt is selected as part of the Selected Modules or not, respectively. M_AVG represents the average number of

Selected Modules. Ratio and ACC (accuracy) are reported as percentages (%).



BBH T4D MATHS00
Delta negcap Type

Ratio M_AVG ACC Ratio M_AVG ACC Ratio M_AVG Acc

Total ~ 100.00 291 91.67 100.00 3.00 42.00 100.00 3.10 93.00
0.0 RAGO 66.67 3.24 90.50  0.00 - - 54.00 3.13 94.44
RAGX 3333 2.26 94.00 100.00 3.00 42.00 46.00 3.07 91.30

Total ~ 100.00 2.84 91.67 100.00 3.00 41.00 100.00 3.17 93.00

0.03
1.0 RAGO 70.67 3.09 91.04  0.00 - - 55.00 3.20 92.73
RAGX 29.33 2.24 93.18 100.00 3.00 41.00 45.00 3.13 93.33
Total ~ 100.00 2.85 90.67 100.00 3.00 42.00 100.00 3.19 93.00
1.5 RAGO 7433 3.05 90.13  0.00 - - 65.00 3.29 93.85
RAGX 25.67 225 92.21 100.00 3.00 42.00 35.00 3.00 91.43
Total ~ 100.00 291 91.67 100.00 2.98 42.00 100.00 3.11 93.00
0.0 RAGO 65.67 3.25 90.36  0.00 - - 54.00 3.13 94.44
RAGX 3433 2.25 94.17 100.00 2.98 42.00 46.00 3.09 91.30
0.05 Total ~ 100.00 2.84 90.67 100.00 2.97 43.00 100.00 3.19 92.00
' 1.0 RAGO 74.00 3.07 89.64  0.00 - - 60.00 3.17 93.33
RAGX 26.00 221 93.59 100.00 297 43.00  40.00 3.23 90.00
Total ~ 100.00 291 91.67 100.00 2.98 43.00 100.00 3.14 93.00
1.5 RAGO 71.00 3.17 90.14  0.00 - - 65.00 3.20 93.85
RAGX 29.00 2.28 95.40 100.00 2.98 43.00 35.00 3.03 91.43
Total ~ 100.00 291 92.00 100.00 2.97 42.00 100.00 3.10 92.00
0.0 RAGO 66.00 3.24 9091  0.00 - - 54.00 3.13 92.59
RAGX 34.00 2.26 94.12  100.00 2.97 42.00 46 3.07 91.30
0.07 Total ~ 100.00 2.89 92.00 100.00 2.97 43 100.00 3.16 92.00
' 1.0 RAGO 72.67 3.12 91.28  0.00 - - 62.00 3.26 91.94
RAGX 27.33 2.29 93.90 100.00 2.97 43.00 38.00 3.00 92.11
Total ~ 100.00 2.87 92.00 100.00 297 43.00 100.00 3.13 93.00
1.5 RAGO 70.33 3.10 91.00  0.00 - - 67.00 3.15 95.52
RAGX 29.67 2.30 94.38  100.00 2.97 43.00 33.00 3.09 87.88
Total ~ 100.00 291 91.67 100.00 2.99 42.00 100.00 3.10 93.00
0.0 RAGO 66.33 3.24 90.45  0.00 - - 54.00 3.13 94.44
RAGX 33.67 2.27 94.06 100.00 2.99 42.00 46.00 3.07 91.30
0.09 Total ~ 100.00 2.89 90.33  100.00 2.99 43.00 100.00 3.15 94.00

1.0 RAGO 7433 3.11 90.13  0.00 - - 66.00 3.24 95.45
RAGX 25.67 2.25 90.91 100.00 2.99 43.00 34.00 297 91.18

Total ~ 100.00 2.99 92.00 100.00 2.99 42.00 100.00 3.23 94.00
1.5 RAGO 68.00 3.26 91.67  0.00 - - 70.00 3.31 97.14
RAGX 32.00 241 92.71 100.00 2.99 42.00 30.00 3.03 86.67

Table 19: Results of CWM on the Reasoning task with Qwen3-14b under different hyperparameter settings.



BBH T4D MATHS00
Delta negcap Type

Ratio M_AVG ACC Ratio M_AVG ACC Ratio M_AVG Acc

Total ~ 100.00 1022  66.67 100.00 5.36 24.00 100.00 7.92 58.00
0.0 RAGO 1233 14.16  54.05 0.00 - - 25.00 9.00 68.00
RAGX 87.67 9.66 68.44 100.00 5.36 24.00 75.00 7.55 54.67

Total ~ 100.00 9.65 65.00 100.00 5.31 23.00 100.00 6.53 55.00

0.03
1.0 RAGO 10.33 15.13  58.06 0.00 - - 10.00 7.70 80.00
RAGX 89.67 9.01 65.80 100.00 5.31 23.00  90.00 6.40 5222
Total ~ 100.00 9.48 65.67 100.00 5.34 27.00 100.00 7.00 64.00
1.5 RAGO 11.33 1297 7059  0.00 - - 25.00 8.68 72.00
RAGX 88.67 9.03 65.04 100.00 5.34 27.00 75.00 6.43 61.33
Total  100.00 10.17  66.33 100.00 5.36 24.00 100.00 791 57.00
0.0 RAGO 1233 1424  54.05 0.00 - - 28.00 8.86 60.71
RAGX 87.67 9.60 68.06 100.00 5.36 24.00 72.00 7.54 55.56
0.05 Total ~ 100.00 9.37 63.67 100.00 532 24.00 10.000 6.99 60.00
' 1.0 RAGO 10.67 1341 6875  0.00 - - 27.00 8.59 66.67
RAGX 89.33 8.89 63.06 100.00 532 24.00 73.00 6.39 57.53
Total ~ 100.00 9.82 65.67 100.00 5.34 24.00 100.00 7.25 58.00
1.5 RAGO 11.33 1447  76.47  0.00 - - 29.00 8.66 62.07
RAGX 88.67 9.22 64.29  100.00 5.34 24.00 71.00 6.68 56.34
Total ~ 100.00 10.18  67.67 100.00 5.34 23.00 100.00 7.88 58.00
0.0 RAGO 1233 14.03  54.05 0.00 - - 28.00 8.75 64.29
RAGX 87.67 9.64 69.58 100.00 5.34 23.00 72.00 7.54 55.56
0.07 Total ~ 100.00 9.71 67.00 100.00 5.29 26.00 100.00 7.20 58.00
' 1.0 RAGO 11.00 13.61 63.64  0.00 - - 26.00 8.88 57.69
RAGX 89.00 9.29 67.42 100.00 5.29 26 74.00 6.58 58.11
Total 100.00  10.02  67.33 100.00 5.35 25.00 100.00 6.91 53.00
1.5 RAGO 13.67 1393 5854  0.00 - - 26.00 8.58 61.54
RAGX 86.33 9.41 68.73  100.00 5.35 25.00 74.00 6.32 50.00
Total  100.00  10.19  68.67 100.00 5.33 24.00 100.00 7.93 56.00
0.0 RAGO 1233 14.03  56.76  0.00 - - 26.00 9.00 57.69
RAGX 87.67 9.65 70.34  100.00 5.33 24.00 74.00 7.55 55.41
0.09 Total ~ 100.00 9.92 66.67 100.00 5.28 25.00 100.00 7.37 50.00

1.0 RAGO 10.67 14.63  53.13  0.00 - - 23.00 9.87 56.52
RAGX 8933 9.36 68.28 100.00 5.28 25.00 77.00 6.59 48.05

Total 100.00  13.27 6533 100.00 5.36 22.00 100.00 9.04 44.00
1.5 RAGO 14.00 19.00 7143  0.00 - - 27.00 1320  55.56
RAGX 86.00 12.34  64.34 100.00 5.36 22.00 73.00 6.96 39.73

Table 20: Results of CWM on the Reasoning task with Llama3.1-8b under different hyperparameter settings.
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