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Abstract

Retrieval-augmented generation (RAG) is in-
creasingly popular in information extraction
(IE), especially in biological and chemical
domains where external knowledge is abun-
dant. Existing RAG-enhanced IE systems, how-
ever, typically retrieve for every input, even
though retrieval may be unnecessary, intro-
duce distracting evidence, and increase infer-
ence cost. To address this issue, we propose
RAG Switch, a retrieval decision framework for
IE that combines difficulty-aware signals with
task-grounded supervision. Specifically, we
approximate model-specific training difficulty,
quantified by Error L2-Norm (EL2N), from
inference-time uncertainty signals, and use it
to guide retrieval decisions. We then define
retrieval necessity directly from instance-level
extraction outcomes without retrieval, yield-
ing task-grounded supervision for learning re-
trieval decision. Experiments on multiple bio-
logical and chemical IE benchmarks across di-
verse IE backbones show that RAG Switch con-
sistently outperforms representative retrieval
decision baselines and achieves a strong ef-
ficiency—performance trade-off in end-to-end
RAG-enhanced IE pipelines.

1 Introduction

Retrieval-Augmented Generation (RAG) has been
widely shown to improve performance across a va-
riety of NLP tasks by grounding generation in rele-
vant external knowledge during inference (Lewis
et al., 2020; Wang et al., 2019). In information ex-
traction (IE), this paradigm is particularly appeal-
ing for specialized domains such as biology and
chemistry, where large-scale structured databases
provide abundant domain knowledge that can po-
tentially enhance extraction accuracy. As a result,
integrating RAG into IE systems has become an in-
creasingly active research direction (Li et al., 2025;
Zhan et al., 2025).

https://github.com/xizhu-hub/RAG-Switch-IE

However, most existing RAG-enhanced IE ap-
proaches invoke retrieval indiscriminately for ev-
ery input instance. Such brute-force retrieval is
not always optimal. On the one hand, unnecessary
retrieval may introduce distracting or irrelevant evi-
dence, which can even degrade extraction accuracy.
On the other hand, it introduces substantial compu-
tational overhead and latency, limiting the practical-
ity of RAG-enhanced IE systems. These limitations
motivate the need for adaptive retrieval, namely
deciding for each individual instance whether re-
trieval should be triggered.

To alleviate similar inefficiencies, recent work in
question answering and knowledge-intensive gen-
eration has explored adaptive retrieval mechanisms
that dynamically determine whether retrieving ex-
ternal knowledge is necessary for a given input.
One representative direction is to introduce an ex-
plicit retrieval decision module that can be trained.
For example, Adaptive-RAG (Jeong et al., 2024)
formulates this problem as query complexity pre-
diction and trains a classifier to route inputs to
no-retrieval, single-step retrieval, or multi-step re-
trieval pipelines. CRAG (Yan et al., 2024) further
introduces a lightweight retrieval evaluator that esti-
mates the quality of retrieved evidence and triggers
corrective actions when retrieval appears unreliable.
Marina et al. (2025) eliminate the need for LLM-
based introspection by training a feature-based clas-
sifier, enabling high-efficiency, model-agnostic re-
trieval routing.

At the same time, a growing body of work has
moved away from separately trained retrieval de-
cision modules and instead relies on training-free
LLMs operating directly at inference time. For ex-
ample, Retrieval QA (Zhang et al., 2024) directly
prompts LLMs to make a yes/no judgment about
whether retrieval is required before answering a
query. Self-RAG (Asai et al., 2023) internalizes
this decision into the generation process by intro-
ducing special reflection tokens whose predicted
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probabilities govern whether retrieval is triggered
during decoding. DRAGIN (Su et al., 2024) detects
real-time information needs from token uncertainty
and contextual salience, while FLARE (Jiang et al.,
2023) triggers retrieval when forward predictions
contain low-confidence tokens.

While these methods have shown promise in
broader NLP settings, explicit adaptive retrieval
for IE remains relatively underexplored compared
with question answering and knowledge-intensive
generation (Zhan et al., 2025; Li et al., 2025). More
importantly, when transferred to IE pipelines, exist-
ing adaptive retrieval approaches still suffer from
two key limitations.

First, current methods lack a clear and task-
grounded definition of when additional information
retrieval is beneficial for IE tasks. In many cases,
the utility of retrieval decisions is evaluated only
through the final performance of an end-to-end
RAG-enhanced IE pipeline. However, this overall
performance is jointly affected by multiple factors,
including retriever quality, evidence relevance, and
the behavior of the IE model. As a result, the con-
tribution of the retrieval decision itself is difficult
to isolate, making it hard to derive targeted supervi-
sion for retrieval decision learning and to evaluate
retrieval decisions in a principled manner.

Second, many adaptive retrieval approaches rely
on large language models (LLMs) to directly judge
retrieval necessity. Such strategies not only in-
cur additional cost from API usage, but also raise
concerns about reliability. Prior work (Barkan
et al., 2025; Zhang et al., 2025) has shown that
LLMs may exhibit systematic overconfidence in
self-evaluation, which already casts doubt on the
trustworthiness of LLM-based judgments. This
concern becomes even more pronounced when an
external LLM is used to determine whether re-
trieval is necessary for a target IE model. In such
cases, the resulting decision may not reflect the tar-
get model’s actual difficulty profile and knowledge
requirements.

To address these limitations, we propose RAG
Switch, a retrieval decision framework tailored
to IE pipelines, particularly named entity recog-
nition (NER) and relation extraction (RE) settings.
Our central idea is to replace heuristic or LLM-
dependent retrieval decisions with signals that are
directly grounded in the target task and the target
IE model.

Specifically, we first introduce a task-grounded
supervision signal for retrieval utility in IE. To iso-

late retrieval utility from retrieval quality and strat-
egy, we define it under an idealized assumption
used only for label construction, where retrieval
does not negatively affect the extraction perfor-
mance of the underlying IE pipeline, but may yield
no improvement in the worst case. Retrieval is
then regarded as useful for an instance when the
underlying IE pipeline cannot correctly solve it
without retrieval, as measured by instance-level
F1. This formulation yields supervision that is di-
rectly aligned with the target extraction objective,
enabling more targeted training and principled eval-
uation of the switch.

In addition, we introduce EL2N as an auxiliary
signal for retrieval decision making. Retrieval is
most useful when the target IE model cannot reli-
ably solve an instance using its own internal knowl-
edge. This makes the difficulty in model-specific
instance-level training, as quantified by EL2N, a
natural signal to decide whether external knowl-
edge is needed. However, EL2N is typically ob-
servable only through training dynamics and there-
fore cannot be directly accessed during inference.
To bridge this gap, we first perform a no-retrieval
inference pass to obtain uncertainty-related signals
from the IE model, including prediction confidence,
entropy, and margin statistics, and then use these
signals to approximate EL2N at inference time.

Our contributions are summarized as follows:

1. We propose a task-grounded supervision strat-
egy for retrieval decisions in IE by defining re-
trieval necessity directly from instance-level ex-
traction outcomes achieved without retrieval. This
supervision is directly aligned with the target ex-
traction objective, making retrieval decisions easier
to train and evaluate in a principled manner.

2. We introduce EL2N as a model-specific train-
ing difficulty signal for retrieval decision mak-
ing, and approximate it at inference time using
uncertainty-related signals. To the best of our
knowledge, prior work has not explicitly approxi-
mated training-time difficulty from inference-time
uncertainty signals as a proxy for retrieval decision
making.

3. Experiments across multiple biological and
chemical IE datasets and backbones show that
RAG Switch consistently outperforms representa-
tive retrieval decision baselines, maintains a strong
trade-off between efficiency and performance, and
exhibits strong generalizability across diverse IE
pipeline settings.
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Figure 1: Overview of RAG Switch integrated into an RAG-enhanced IE inference pipeline. The framework consists
of three stages. In Stage 1, a no-retrieval IE model produces a no-retrieval prediction and difficulty-aware signals,
from which an MLP predicts an EL2N-based difficulty score. In Stage 2, a T5-based identifier takes the task prompt,
difficulty description, and instance context to determine whether retrieval is needed. In Stage 3, the system either
directly reuses the Stage-1 prediction or routes the instance to the retrieval-augmented IE path.

2 Related Work

Recent work on adaptive retrieval has mainly
focused on question answering and knowledge-
intensive generation tasks, aiming to balance task
performance and retrieval cost by dynamically de-
ciding when retrieval should be triggered. One
line of work trains an explicit decision compo-
nent for retrieval control. CRAG (Yan et al.,
2024) introduces a lightweight evaluator to esti-
mate whether retrieved evidence is reliable enough
to support downstream prediction and triggers cor-
rective actions when the evidence appears unre-
liable. RouteRAG (Guo et al., 2025) further ex-
tends this idea by learning a retrieval policy un-
der efficiency constraints, so that retrieval con-
trol can be optimized jointly with system cost.
Adaptive-RAG (Jeong et al., 2024) formulates re-
trieval control as a supervised routing problem,
learning a query-complexity classifier that maps
inputs to no-retrieval, single-step retrieval, or multi-
step retrieval modes. Marina et al. (2025) decou-
ple retrieval routing from LLM states, using a
lightweight classifier based on extrinsic query fea-
tures to achieve efficient, model-agnostic decision-
making. These methods show that retrieval deci-
sions can be learned explicitly to balance retrieval
cost and task performance.

Another line of work does not train a separate
decision component, but instead relies on the same
LLM that performs the target NLP task to esti-
mate retrieval necessity. Retrieval QA (Zhang et al.,
2024) prompts an LLM to output a yes/no retrieval
judgment before answering, while Self-RAG (Asai

et al., 2023) internalizes retrieval control into de-
coding through reflection tokens. Related meth-
ods such as FLARE (Jiang et al., 2023) and DRA-
GIN (Su et al., 2024) further use generation-time
confidence or uncertainty signals to trigger retrieval
during generation. These methods avoid training an
additional controller and suggest that model-side
uncertainty signals can aid retrieval decisions.

Despite these advances, existing adaptive re-
trieval methods are not designed directly for IE,
especially for NER and RE. In particular, when
transferred to IE pipelines, they still leave open two
issues central to our setting: how to define retrieval
supervision in a way that is directly grounded in ex-
traction outcomes, and how to avoid relying on
retrieval judgments that are not directly tied to
the behavior of the target IE model. Our method
addresses these gaps by constructing supervision
from no-retrieval extraction outcomes and introduc-
ing model-specific difficulty-aware signals from the
target IE model.

3 Methodology

RAG Switch is built around two components for
retrieval decision making in IE: model-specific
training difficulty as the decision signal, and task-
grounded supervision from no-retrieval extraction
outcomes as the decision objective. Figure 1 shows
the overall framework and its integration into an IE
pipeline with RAG.

3.1 Training Difficulty as an Auxiliary Signal

We introduce a model-specific training difficulty
as an auxiliary signal for retrieval decision making.
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To operationalize this notion, we seek a difficulty
measure that is specific to the target IE model itself.
A natural reference for this purpose is Error L2-
Norm (EL2N) (Paul et al., 2021; Sabbineni et al.,
2023), which measures the discrepancy between
the model prediction and the training target at the
instance level. In our setting, EL2N is particularly
suitable because it provides an instance-level esti-
mate of how difficult a sample is for the target IE
model to fit during training.

Given an input instance x, let the IE model
produce a sequence of predictive distributions
P1,D2, - .., pr, where p;, € RE¢ denotes the pre-
dictive distribution at prediction step ¢, K; is the
size of the corresponding prediction space, and T’
is the number of prediction steps associated with
the instance. Let ¢; denote the target distribution
at step ¢ during training. We use the following
instance-level EL2N score:

Z e — Qt||2

A higher EL2N indicates a greater discrepancy
between the predictive distributions and the target
output, and therefore a higher training difficulty for
the instance with respect to the IE model.

However, EL2N depends on the training target
q: and is therefore not available at inference time,
when retrieval decisions must be made. To address
this, we consider three inference-time uncertainty
signals computed directly from the IE model’s pre-
dictive distribution: confidence, margin, and en-
tropy. These signals characterize complementary
aspects of the predictive distribution and are closely
related to the error structure captured by EL2N.

For each prediction step ¢, let

EL2N(x

Pt = (pt,lv--'apt,Kt)'

The confidence is the maximum predicted proba-
bility,

Ct = Maxpt j,
J

the largest margin is the gap between the two high-
est probabilities,

= Pt,(1) — Pt,(2)>

and the predictive entropy is

K
—> prjlogp,
j=1

where p; (1) and p; (o) are the largest and second-
largest values in p;, respectively.

To explain why these signals can serve as in-
formative proxies for EL2N, we first consider the
common one-hot target case, where the relationship
between prediction uncertainty and instance-level
error becomes especially transparent. We extend
the analysis to the more general target distribution
setting in Appendix A.

Under the one-hot target case, let y; denote the
correct target index at step ¢, so that ¢; places all
probability mass on y;. The step-level contribution
to EL2N can be decomposed as

L=piy)’+ > pfy (D)

J#Yt

2
Pt — qellz = (

This decomposition shows that the prediction er-
ror is jointly determined by the probability mass
missing from the correct target and by how the
remaining mass is distributed over incorrect alter-
natives.

When the correct target is also the highest pre-
diction, i.e., pty, = ¢, one can derive the bound

Ky
Ki—1

(1—c)? < o —all < 201 - ).

2
This shows that in this regime EL2N is tightly con-
trolled by 1 — ¢;.
When the highest prediction is incorrect, confi-
dence alone is no longer sufficient. In this case,
one can show that

llpe — th§ >(1—c +my)+ ¢, 3)

which indicates that the error also depends on the
local competition structure around the correct tar-
get, captured by the margin. Even when confidence
and margin are fixed, the remaining probability
mass can still be distributed differently across alter-
natives, so entropy provides complementary infor-
mation about the global spread of the predictive dis-
tribution. Detailed derivations of the above bounds,
together with the extension to general target distri-
butions, are given in the Appendix A.

We aggregate the step-level uncertainty statistics
over the full instance by averaging across predic-
tion steps:

M:

c(z), m(x), H Ct7 my, Ht

t:l
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Based on these aggregated uncertainty signals,
we form the three-dimensional feature vector

and use a two-layer MLP to estimate the corre-
sponding EL2N score:

d(x) = MLP(2(),

where d() denotes the predicted EL2N difficulty
of instance x. The predictor is trained with mean
squared error loss:

1L, 2
Laig = N Z (d(fﬁi) - ELQN(%))
i=1

Based on the predicted EL2N d(z), we obtain an
inference-time proxy of training difficulty from a
single forward pass of the IE model. Together with
the three uncertainty signals themselves, this pre-
dicted difficulty forms the difficulty-aware signals
used by the RAG Switch.

3.2 Task-grounded Supervision for Retrieval
Switching

The identifier is the final decision component in
RAG Switch that predicts whether retrieval should
be triggered for a given input instance. To train
such a module, we require supervision that directly
reflects whether triggering retrieval is likely to be
beneficial for the target instance. Rather than re-
lying on indirect heuristics, we construct a task-
grounded supervision signal from the behavior of
the upstream no-retrieval pipeline itself.
Specifically, according to the operational formu-
lation introduced in Section 1, retrieval is consid-
ered beneficial for an instance if the IE pipeline can-
not solve it correctly without retrieval. Let F1(z)
denote the instance-level F1-score achieved by the
no-retrieval IE pipeline on instance x. We then
define the supervision label for the identifier as

if F1(z) =1,

otherwise.

Here, 3/'9(z) = 1 indicates that triggering retrieval
is beneficial for the instance under this criterion,
whereas y'd(x) = 0 indicates that the no-retrieval
pipeline already achieves the target extraction out-
come. This definition grounds retrieval supervi-
sion directly in the target IE objective, and has the

practical advantage that it does not depend on any
particular retrieval database or strategy.

With these task-grounded labels, we instantiate
the identifier with a TS model and train it in a text-
to-text manner, given T5’s strong balance between
reasoning capability and inference efficiency. Each
input consists of three components: a task prompt,
a difficulty description, and the instance context.
The task prompt defines the retrieval decision ob-
jective and explains the role of the difficulty-aware
signals introduced in Section 3.1, including confi-
dence, margin, entropy, and the predicted EL2N.
The difficulty description presents these signals in
a structured metric: value format. The instance
context provides the semantic information needed
to interpret these signals. Let u(x) denote the tex-
tualized difficulty description of instance x, and let
ctx(x) denote its instance context. The identifier is
trained to generate one of two fixed responses, Yes,
it is difficult or No, it is not difficult, which corre-
spond to labels 1 and 0, respectively. The training
objective is the standard sequence-to-sequence neg-
ative log-likelihood:

N

Liq = — Zlogpg(m | Prompt(u(z;), ctx(z;)))
i1

where r; is the target textual response for instance
x;, and 6 denotes the identifier parameters.

Based on the task-grounded supervision and the
structured input above, the TS identifier can use its
attention mechanism to jointly model the interac-
tion between the difficulty cues and the instance
context, and thereby learn to predict whether re-
trieval should be triggered for the current instance.

4 Experiment

4.1 Experimental Setting

We evaluate RAG Switch on IE pipelines
built on three representative backbone architec-
tures: LLaMA2-7B (Touvron et al., 2023), T5-
large (Raffel et al., 2020), and BERT-large (Devlin
et al., 2019), representing decoder-only, encoder—
decoder, and encoder-based models, respectively.
Experiments are conducted on three biological and
chemical IE benchmarks: Florilege (Falentin et al.,
2017), CHEMDNER (Krallinger et al., 2015), and
ChemProt (Taboureau et al., 2010). These do-
mains are a natural testbed for retrieval-augmented
IE because rich external knowledge is available,
while the need for retrieval still varies substantially
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across instances. Florilege focuses on microbial
ecology in food science and contains structurally
complex entity mentions and relations. CHEMD-
NER is a chemical named entity recognition bench-
mark derived from PubMed abstracts, requiring
fine-grained categorization of chemical mentions.
ChemProt is a biological relation extraction dataset
centered on chemical—protein interactions.

We compare the performance of RAG Switch
with three representative retrieval decision mod-
ules adapted from prior methods: RetrievalQA
(ReQA) (Zhang et al., 2024), Adaptive-RAG (Adp-
tRAG) (Jeong et al., 2024), and Self-RAG (Asai
et al., 2023). Although originally proposed for
different settings, these methods all include mecha-
nisms for determining whether to retrieve and can
be adapted to IE tasks. In our comparison, we focus
specifically on their retrieval decision mechanisms
rather than the full original methods. Retrieval QA
directly prompts an LLM to make a yes/no retrieval
judgment, Adaptive-RAG learns a routing model
for retrieval decisions, and Self-RAG integrates
retrieval control into generation through special to-
kens. For fair comparison, we adapt these retrieval
decision modules to the IE setting and evaluate
them under the same supervision data and evalua-
tion protocol.

In addition, we implement an MLP-based iden-
tifier using the same difficulty-aware signals intro-
duced in Section 3.1, including confidence, mar-
gin, entropy, and the predicted EL2N-based train-
ing difficulty. This variant directly predicts re-
trieval decisions from these features and serves as a
lightweight baseline to examine whether simple de-
cision boundaries over these signals are sufficient.

To evaluate retrieval decision quality, we report
Balanced Accuracy (BalAcc), Yes-F1, and No-F1.
BalAcc is used as the primary evaluation metric, as
it averages recall over positive and negative classes
and is robust to class imbalance. Besides, Yes-F1
measures performance on the retrieval-beneficial
class, while No-F1 measures performance on the
retrieval-unnecessary class. Additional implemen-
tation details are provided in Appendix B.

4.2 Main Result

Table 1 reports the main results of different retrieval
decision methods across three datasets and three
IE backbones. Overall, RAG Switch achieves the
highest Balanced Accuracy in all settings, show-
ing that the proposed retrieval decision mechanism
generalizes well across heterogeneous IE pipelines.

Averaged over datasets, the gain in BalAcc is 10.36
points for LLaMA, 6.68 points for BERT, and 6.80
points for T5.

More concretely, compared with the fine-tuned
retrieval decision baseline Adaptive-RAG, our ap-
proach yields consistent improvements across all
dataset—backbone combinations, with the largest
single improvement reaching 23.88 BalAcc points
on Florilege in the T5-based setting. We attribute
this to the additional difficulty-aware signals used
in RAG Switch. Unlike routing decisions derived
only from the input query, they directly reflect how
difficult an instance is for the target IE model, sub-
stantially improving decision quality.

The gap is even larger for the two training-free
LLM-based baselines, Retrieval QA and Self-RAG.
Across datasets, these methods typically obtain rel-
atively low Yes-F1 while maintaining much higher
No-F1, especially in the T5- and LLaMA-based
settings. This imbalance indicates that these ap-
proaches tend to over-predict the no-retrieval case,
failing to reliably identify instances where retrieval
is actually required. A likely reason is that the
proportion of retrieval-beneficial instances varies
substantially across IE backbones: in ChemProt
and CHEMDNER, it is around 60% for the BERT-
based pipeline but typically only 10-20% for the
T5- and LLaMA-based pipelines. As a result, no-
retrieval cases dominate for stronger backbones,
which also helps explain why LLM-based decision
approaches such as Retrieval QA and Self-RAG
tend to favor the no-retrieval prediction. More
broadly, this also suggests that generic LLM-based
judgments are less well-aligned with the retrieval
needs of the target IE model.

We also compare two variants of the identifier:
a T5-based version and an MLP-based version.
Both outperform external baselines in most set-
tings, while the T5-based version performs con-
sistently better, indicating the benefit of modeling
interactions between structured difficulty cues and
the instance context.

Overall, the results indicate that adaptive re-
trieval for IE benefits from combining task-
grounded supervision with model-specific diffi-
culty signals, enabling the decision identifier to
better capture when the target IE model is likely to
benefit from external knowledge.

4.3 Analysis of Difficulty Signals

To examine the contribution of different difficulty-
aware signals, we remove each component from
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Dataset Method LLaMA BERT 5
Yes-F1 No-F1 BalAcc | Yes-F1 No-F1 BalAcc | Yes-F1 No-F1 BalAcc
ReQA (LLaMA2-7B) 10.55 89.39 4952 | 236 5092 50.10 | 337 86.94 50.35
ReQA (LLaMA2-13B) | 14.68 60.20 51.17 | 6.53 50.30 49.72 | 439 87.02 50.60
ReQA (GPT-4.1) 16.40 83.55 50.89 | 1528 52.25 53.03 | 10.88 87.48 52.53
CHEMDNER SelfRAG (LLaMA2-7B) | 12.39 68.94 47.30 - - - - - -
AdptRAG (T5-large) 51.75 5240 6556 | 82.28 29.39 58.61 | 36.41 86.37 60.16
RAG Switch (MLP) 62.51 6224 6854 | 69.29 5694 6538 | 5993 8648 75.21
RAG Switch (T5-large) | 68.54 90.11 76.51 | 82.29 6140 71.09 | 70.17 90.46 81.86
ReQA (LLaMA2-7B) 8.73 9091 49091 340 54.64 49.33 1.62  90.11 48.57
ReQA (LLaMA2-13B) | 17.27 51.68 4936 | 9.25 5258 47.62 | 7.65 9138 51.29
ReQA (GPT-4.1) 13.16 86.98 50.52 | 12.71 55.17 5098 | 11.92 84.78 48.35
ChemProt SelfRAG (LLaMA2-7B) | 14.23 64.37 45.79 - - - - - -
AdptRAG (T5-large) 2535 9271 58.19 | 7742 39.86 59.84 | 28.56 90.32 58.31
RAG Switch (MLP) 47.46 80.56 60.23 | 30.68 61.58 6047 | 5040 §89.84 72.58
RAG Switch (T5-large) | 43.80 89.69 71.52 | 80.86 53.29 66.73 | 60.61 91.62 80.08
ReQA (LLaMA2-7B) 9.15 60.62 51.73 1.65 53.81 45.10 | 2.79 60.87 50.06
ReQA (LLaMA2-13B) | 22.92 5943 5231 | 1233 56.63 49.66 | 812 6133 51.18
ReQA (GPT-4.1) 1.37  60.19 5035 | 554 5694 49.17 | 16.73 61.29 52.25
Florilege SelfRAG (LLaMA2-7B) | 0.59 60.03 50.10 - - - - - -
AdptRAG (T5-large) 4332 6252 6239 | 74.62 3490 5741 | 31.83 6597 59.46
RAG Switch (MLP) 40.08 67.37 61.39 | 7230 3439 5543 | 84.13 70.66 76.92
RAG Switch (T5-large) | 80.65 66.75 73.21 | 78.26 48.28 64.05 | 86.87 80.79 83.34
Table 1: Retrieval decision module performance comparison across datasets and backbones.
Dataset Method BERT T5 LLaMA Backbone Signal Dr s, AUC  muwp
All 71.09 81.86 76.51 EL2N 0.404 0.490 0.792 0
-Margin 70.45 80.21 75.26 BERT Margin 0.335 0.389 0.697 5e-247
CHEMDNER -EL2N 67.22 78.53 73.49 Confidence 0.421 0.448 0.723 3e-257
-Confidence 69.90 80.62 73.88 Entropy 0.339 0.362 0.682 4e-231
‘Entropy 7064 8150 7553 EL2N 0427 0475 0833 0
All 66.73 80.08 71.52 TS Margin 0.494 0471 0.821 0
-Margin 66.52 78.69 7141 Confidence 0.478 0.464 0.820 0
ChemProt -EL2N 63.40 76.18 67.33 Entropy 0.411 0.465 0.821 0
:ggtr;fgﬁsnce ggzgé ;;:23 g?:?g EL2N 0.564 0.407 0.888 S8e-162
LLaMA Margin 0.480 0.380 0.861 3e-140
All 64.05 83.34 73.21 Confidence 0.444 0.402 0.886 le-161
-Margin 63.59 82.44 73.66 Entropy 0.440 0.375 0.858 2e-137
Florilege -EL2N 61.14 79.86 69.90
-Confidence 62.10 81.20 71.75 . ; ; ;
Entropy 6338 8270 7242 Table 3: Correlation between difficulty-aware signals

Table 2: Ablation study on difficulty-aware signals. Re-
sults are reported in Balanced Accuracy (BalAcc).

the full feature set and report Balanced Accuracy.

As shown in Table 2, removing any one of the
four signals leads to performance degradation in
almost all settings, indicating that each provides
useful information for retrieval decision making.
Among them, removing EL2N leads to the largest
degradation in most settings, showing that explic-
itly approximating model-specific training diffi-
culty provides clear benefit beyond using the orig-
inal uncertainty signals alone. At the same time,
confidence, margin, and entropy remain comple-
mentary across datasets and backbones. Overall,
these results show that effective retrieval decisions
benefit from both inference-time uncertainty sig-

and retrieval decision labels using last-epoch statistics
on CHEMDNER as an example. p, and s, are reported
in absolute value.

nals and an explicit difficulty proxy for the target
IE model.

We further analyze the relationship between each
signal and the retrieval decision label using Pear-
son correlation (p,), Spearman rank correlation
(sp), AUC, and the Mann—Whitney U test p-value
(mw,), where all statistics are computed from the
last-epoch signals used at inference time. As shown
in Table 3, all four signals exhibit high discrimi-
native power and statistically significant associ-
ations with the labels across backbones, as indi-
cated by their AUC values and extremely small
mwy. As expected, EL2N shows the strongest
association in most settings, while other signals
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Figure 2: Efficiency—performance trade-off analysis
across various tasks. The dashed horizontal and vertical
lines represent the performance and execution time of
the Full-RAG baseline (1.0x), respectively. Numbers
in parentheses indicate the absolute F1 scores.

also maintain robust relationships with the labels.
This pattern is consistent with the ablation results
and further supports the use of EL2N, showing
that mapping inference-time uncertainty signals
to model-specific training difficulty yields an es-
pecially informative proxy for retrieval decision
making. More correlation details are shown in Ap-
pendix C.

4.4 End-to-End Trade-off Evaluation

To evaluate the practical impact of RAG Switch,
we further conduct end-to-end experiments on
full RAG-enhanced IE pipelines across multiple
datasets. For relation extraction, we follow Biome-
dRAG (Li et al., 2025) and build the pipeline on
the ChemProt dataset, using LLaMA2-7B model.
For entity recognition on CHEMDNER, we follow
BIOREADER (Frisoni et al., 2022) and build the
pipeline on T5-Large model. These settings are
chosen to ensure comparability with their original
configurations and experiments. We also consider
entity recognition on Florilege, where we construct
our own end-to-end entity recognition pipeline
based on T5-Large, using SilverCorpus (Zhu et al.,
2026) as the retrieval source. We additionally in-
clude Marina et al. (2025) as a baseline for com-
parison, as their approach is recognized for its high
computational efficiency. More details are pro-
vided in the Appendix D.

We report relative inference time over the entire
test set and relative performance (F1-score), both
normalized to the Full-RAG setting. As shown in

Figure 2, the dashed vertical and horizontal lines
divide the performance—efficiency space accord-
ing to the Full-RAG baseline. Points to the left
of the vertical line require less computation than
Full-RAG, while points above the horizontal line
achieve higher performance. Under this view, our
method consistently occupies a favorable region of
the trade-off space across IE tasks, and on the two
entity recognition datasets it lies in the upper-left
quadrant, indicating that it outperforms Full-RAG
while using less inference time.

On ChemProt relation extraction, our method
uses only about half of the additional time intro-
duced by Full-RAG, while still retaining nearly
95% of its performance. On both entity recogni-
tion tasks, our method outperforms Full-RAG. On
Florilege, it achieves this improvement with an in-
ference cost close to the Full-RAG setting. On
CHEMDNER, the benefit is even more substan-
tial, improving over Full-RAG by 3.84 F1 points
while requiring only about 74% of the Full-RAG
inference cost. We attribute this advantage to the
higher retrieval decision quality of RAG Switch on
both retrieval-beneficial and retrieval-unnecessary
instances. Although our method introduces an addi-
tional forward pass to compute difficulty-aware sig-
nals at inference time, this overhead is effectively
offset by the reduction in unnecessary retrieval
calls. At the same time, more accurate identifi-
cation of retrieval-beneficial cases helps preserve
the gains brought by external knowledge, while fil-
tering out retrieval-unnecessary cases reduces noise
introduced by irrelevant retrieved contexts.

5 Conclusion

We presented RAG Switch, a retrieval decision
framework for adaptive retrieval in information
extraction. By defining retrieval necessity from
instance-level extraction outcomes and approximat-
ing model-specific training difficulty with a pre-
dicted EL2N score derived from inference-time
uncertainty, RAG Switch provides a task-grounded
way to decide whether retrieval should be triggered
for each instance. Experiments on multiple bio-
logical and chemical IE benchmarks across diverse
backbones showed that our method consistently im-
proves retrieval decision quality over representative
baselines, while end-to-end results further demon-
strated a strong efficiency—performance trade-off in
RAG-enhanced IE pipelines. Beyond the IE setting
studied here, these results also suggest that approxi-
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mating training-time difficulty from inference-time
signals may provide a useful direction for other
adaptive inference problems that require model-
specific difficulty awareness.

Limitations

RAG Switch requires additional offline computa-
tion during training to construct task-grounded re-
trieval labels. Specifically, these labels are obtained
from out-of-fold predictions of the no-retrieval IE
pipeline, which introduces an extra preparation step
before the identifier can be trained. This design
helps prevent data leakage in label construction, at
the cost of additional training-side computation.
In addition, while RAG Switch consistently im-
proves end-to-end efficiency over Full-RAG in our
experiments, the magnitude of this advantage de-
pends on several factors in the target IE pipeline,
including the proportion of retrieval-beneficial in-
stances, the cost of retrieval itself, and the addi-
tional inference overhead introduced after retrieval
is incorporated. We discuss this boundary case in
more detail and provide corresponding practical
recommendations in the Appendix E.
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A Analysis of EL2N and Inference-Time
Uncertainty Signals

In this appendix, we analyze the relationship be-
tween EL2N and the inference-time uncertainty
signals used in our method. We first consider the
common one-hot target case, where the connection
between prediction uncertainty and instance-level
error is especially transparent, and then extend the
analysis to the more general setting where the target
at each prediction step is an arbitrary probability
distribution.

A.1 One-Hot Target Case

Assume that the target distribution at prediction
step t is one-hot, i.e., ¢; places all probability mass
on the correct label y;. Then the step-level EL2N
term can be decomposed as

lpr — qill2 = (1= pey)? + > 03, @
J#Yt

Equation 4 shows that the prediction error is
determined by two components: the probability
mass missing from the correct target, and the way
the remaining mass is distributed over incorrect
alternatives.

Case 1: the correct target is also the top predic-
tion. We first consider the regime where the cor-
rect target is also the top prediction, i.e., py y, = .
From Equation 4, the step-level EL2N term be-
comes

e =l =1 —c)*+ > pi. O
e

Since the probabilities over all incorrect alterna-
tives sum to the residual mass,

d pi=1-c, (6)

J#Yt

the squared residual term is bounded as follows.
For the upper bound, since all terms are nonneg-
ative,

2

S <[ Y| =a-w? @

JF#Yt J#Yt

For the lower bound, under a fixed total mass
> jzy Ptj = 1 — ¢, the sum of squares is min-
imized when the residual mass is uniformly dis-
tributed over the K; — 1 incorrect alternatives.

Hence,
- \? (1-¢)?
2> (K, —1 L) = 2
Zpt’J_( t ) K;—1 K;—1
J#Yt

(®)
Substituting Equations 7 and 8 into Equation 5,
we obtain

K
=) < Ip-al} < 201 -a),

)
which shows that when the correct target is also
the top prediction, EL2N is tightly controlled by

1—Ct.

Case 2: the top prediction is incorrect. We now
consider the regime where the top prediction is
incorrect, so that p; ,, # c;. In this case, the correct
target cannot exceed the second-largest probability:

Pty < Pr(2) = Ct — M. (10)

Therefore,
L—pry, >1—(ct —my) =1—c+my, (11)
and squaring both sides yields
(1= pey)® = (1= ¢+ my)?. (12)

On the other hand, since the top prediction is
incorrect, the top probability ¢; is itself part of the
residual error term in Equation 4. Hence,

Zp%,j > ¢

J#Yt

(13)

Substituting Equations 12 and 13 into Equa-
tion 4, we obtain

2
lpe = aill3 = (1= peg)* + > b7,
J#Yt
>(1—¢ —I—mt)2 —|—cf,

(14)

which shows that when the top prediction is wrong,
confidence alone is insufficient and the local com-
petition structure captured by the margin becomes
crucial.

Why entropy is still necessary. The one-hot
analysis above explains why confidence acts as
a primary anchor of the prediction error and why
margin becomes important when the top prediction
is incorrect. However, confidence and margin do
not fully determine the second term in Equation 4.
Even when the top score and the top-two gap are
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fixed, the remaining probability mass can still be
distributed in very different ways across the incor-
rect alternatives, leading to different EL2N values.
Entropy captures this global spread of probability
mass and therefore provides complementary infor-
mation that is not recoverable from confidence and
margin alone.

In summary, the one-hot case already reveals the
main intuition behind our proxy design: confidence
captures the dominant alignment with the target,
margin refines the local competition structure when
the top prediction is unreliable, and entropy reflects
the global dispersion of the predictive distribution.

A.2 Extension to General Target Distributions

We now extend the analysis to the more general
setting where the target at step ¢ is an arbitrary
probability distribution

qt = (qt,h B 7qt,Kt) € AKt_l-

Let

Pt = (pt717 cee 7pt,Kt)

denote the predictive distribution. Define

<%
Jy = argmaxdgy,j,
J

(1) (2)

4" = iy qy " = maxgqy ;.

t Jt t it J
where (1) d (2) he 1 -
q; ' and ¢~ are the largest and second

largest target probabilities, respectively.
For a general target distribution, the step-level
EL2N term becomes

lpe = aells =D (prj — aey)”
J (15)

= llpell3 + llgell3 — 2(pe, az)-

Equation 15 shows that EL2N depends both on
the overall shape of the predictive distribution and
on its alignment with the target distribution. This
already suggests why inference-time uncertainty
signals can serve as informative proxies: confi-
dence and margin constrain the local shape of p;,
while entropy captures its global dispersion.

Case 1: the dominant target index is also the top
prediction. Assume that the model’s top predic-
tion agrees with the dominant target index, i.e.,

Pt iy = Ct.

Then

||pt—<]t||2 = Ct—qt . (16)

P+ (i)’

J#it

The residual terms satisfy

Z prj=1-— Z grj=1-q".

J#IE J#ir
Hence,
1
S g —ae) =1 —c)—(1—q")
J#3F
1
=q") -

By the Cauchy—Schwarz inequality,

1) 2
(g = )
E (ptj—qzej)22 .

9, 9, K _ 1
%3t !

Substituting this into Equation 16 gives

1 1
o= al = o~ "7 (14 ) an)

For an upper bound, we use

(a—b)2 <a®>+b*> fora,b>0,

which yields
S g — @) <D P> ah
J#IE J#it J#3t
Since
2 < (1_¢e)2 (1— (1)y2
pt,]—( Ct) ) Qtj— q ) )
J#iE J#If
we obtain

< (a—g P+ 1) +(1-gq")
(18)

Equations 17 and 18 generalize the one-hot
correct-top regime. They show that when the
model’s top prediction aligns with the dominant
target index, EL2N is still controlled by how close
the confidence c¢; is to the dominant target mass

i

Hpt_Qt”%
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Case 2: the top prediction disagrees with the
dominant target index. Now assume that the
model’s top prediction is different from the domi-
nant target index, so that

Prjr 7 Ct-

Since j;" is not the top-predicted index, we have

Dtjr < Pr(2) = Ct — My

Therefore,

(1)

1
,g ) - DPt.j; > q;

q — Ct + my.

Let k£ denote the top-predicted index, so that
Ptk = ¢ and k # j/. Since j; is the dominant tar-
get index, the target probability at k£ cannot exceed
the second-largest target mass:

2
Qe < qt( ),

Hence,

2
Dtk — Gtk = Ct — qt( ),

Using these two coordinates in the EL2N sum
yields

lpe—ael3 > (0" —cotme)?+ (ci—ai”)2 (19)

Equation 19 generalizes the one-hot wrong-top
regime. It shows that when the dominant target
index is not the top prediction, confidence alone is
insufficient: the error depends jointly on the over-
confident wrong top prediction and on the competi-
tion structure around the dominant target, which is
precisely what the margin captures.

Why entropy remains necessary. The bounds
above explain why confidence and margin are infor-
mative, but they still do not fully determine EL2N.
Even when c¢; and m; are fixed, the remaining prob-
ability mass can be distributed in different ways
across the non-top alternatives, which changes both
the shape term ||p;||3 in Equation 15 and the resid-
ual discrepancy terms in Equations 16-19. Entropy
captures this global spread of probability mass and
therefore provides complementary information that
is not recoverable from confidence and margin
alone.

In summary, the general target distribution case
preserves the same intuition as the one-hot anal-
ysis: confidence acts as the primary anchor of
prediction error, margin refines the local competi-
tion structure when the highest prediction is unre-
liable, and entropy captures the global dispersion

of the predictive distribution. This justifies using
these inference-time uncertainty signals to predict
EL2N and construct the difficulty proxy used by
the switch.

B Additional Experimental Details

B.1 Data Split and Training Details

All datasets used in this work are publicly available
benchmark datasets and are used only for research
and evaluation purposes. We follow the licenses
or terms of use specified by the original dataset
providers. We do not redistribute the raw datasets;
users should obtain them from the official sources.

For all datasets, we split the data into training,
validation, and test sets with a ratio of 8.1:0.9:1.

For the EL2N proxy model introduced in Sec-
tion 3.1, we use a two-layer MLP with hidden size
256 for each layer. The model is trained with learn-
ing rate 5 x 10~* for 50 epochs.

For the identifier introduced in Section 3.2, we
instantiate the model with T5-large. The identifier
is trained with learning rate 3 x 10~° for 15 epochs.

For the MLP-based identifier baseline in Sec-
tion 4.1, we use the same four input features,
namely confidence, margin, entropy, and the pre-
dicted EL2N-based training difficulty. The classi-
fier consists of two hidden layers with hidden size
64, and is trained with learning rate 3 x 10~ for
at most 100 epochs, with early stopping patience
set to 20.

All experiments are conducted on two NVIDIA
A6000 GPUs, each with 48GB memory.

B.2 Construction of Retrieval Labels

A key step in training the identifier is obtaining
retrieval labels for the training set. To obtain such
labels, we use out-of-fold predictions from the no-
retrieval IE pipeline.

Specifically, we partition the original training
data into 10 folds. For each round, we train the
no-retrieval IE pipeline on 9 folds and compute
instance-level F1 on the held-out fold. Repeating
this process over all 10 folds yields out-of-fold
F1 scores for every training instance. We then
derive the binary supervision labels according to
the rule in Section 3.2: instances with perfect no-
retrieval performance are assigned label 0, and the
remaining instances are assigned label 1.

This procedure ensures that each training in-
stance is labeled by a model that was not trained on
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that instance, thereby reducing leakage and produc-
ing a more faithful estimate of whether the instance
can be solved without retrieval.

More concretely, instance-level F1 is computed
for each individual instance by comparing the pre-
dicted output set against the gold output set under
the task-specific evaluation criterion. An instance
receives perfect F1 only when all target items are
predicted exactly correctly, with no missing or spu-
rious outputs. These instance-level F1 scores are
then used to derive the binary retrieval labels.

B.3 Baseline Adaptation Details

All external baselines considered in this work were
originally proposed for question answering settings,
but the retrieval decision modules involved in these
methods can be run independently and therefore
adapted to generative IE tasks.

For evaluation, we first obtain the ground-truth
retrieval labels for each backbone model on each IE
task using the procedure described in Section B.2.
These labels are used as the ground truth for evalu-
ating retrieval decision quality.

For RetrievalQA and Self-RAG, the retrieval de-
cision relies on large language models to perform
self-assessment or to assess the target IE model.
Therefore, we adapt these methods to the IE setting
by modifying their prompts while preserving their
original retrieval decision mechanisms. Specifi-
cally, we use the following prompt template:

Give a  question, determine  whether
you/[backbone model name] model need
to retrieve external resources, such as real-time
search engines, Wikipedia, or databases, to
answer the question correctly. Only answer Yes
or No.

For Self-RAG, deeper modification of the origi-
nal model would require reconstructing the training
data and retraining the model. Therefore, we only
use the publicly available T5-based checkpoint re-
leased on HuggingFace.

For Adaptive-RAG, the original retrieval deci-
sion routing is simplified into a binary Yes/No re-
trieval decision. Moreover, instead of constructing
supervision from retrieval outcomes as in the orig-
inal method, we train its retrieval decision mod-
ule using exactly the same supervision data as our
identifier. To ensure fair comparison, the training
setting is kept the same as that of our identifier.

Overall, although these methods were originally
proposed for different settings, we focus specifi-
cally on their retrieval decision modules rather than

the full original methods, and adapt them to the
IE setting under the same supervision data and the
same evaluation protocol.

B.4 Additional Evaluation Details

Let TP, TN, FP, and FN denote true positives, true
negatives, false positives, and false negatives, re-
spectively, with respect to the binary retrieval la-
bels. Here, the positive class corresponds to the
retrieval-beneficial class, and the negative class cor-
responds to the retrieval-unnecessary class.

The recall on the positive class and the recall on
the negative class are defined as

TP

My = ———

Recally = 757y
TN

no=

Reca T + TP

Balanced Accuracy (BalAcc) is then computed as
the average of these two recalls:

1
BalAcc = 5 (Recall; + Recall ).

Yes-F1 measures performance on the retrieval-
beneficial class. Let

o TP
recision. = 5
TP
M=
Recally = 757 7N

Then Yes-F1 is defined as

YesF] — 2 - Precisiony - Recall |

Precision + Recall;

No-F1 measures performance on the retrieval-
unnecessary class. Let

Precisi TN
ecision. = —————
recision TN £ PN’
TN
.= —.
Reca TN + P

Then No-F1 is defined as

No.F1 — 2 - Precision_ - Recall _

Precision_ + Recall_

Statistical significance test. The main retrieval
decision results are averaged over 10-fold cross-
validation on test sets. We conduct statistical sig-
nificance testing against the strongest baseline us-
ing a paired t-test, with significance level set to
p < 0.05.
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Backbone Signal Dr s, AUC muw,
EL2N 0.364 0.400 0.730 5Se-18
BERT Margin 0.232 0.228 0.631 4e-7
Confidence 0.269 0.327 0.687 3e-13
Entropy 0.316 0.230 0.635 le-12
EL2N 0.587 0.593 0.845 1e-40
Ts Margin 0.547 0.590 0.842 5e-40
Confidence 0.523 0.531 0.808 9e-33
Entropy 0.509 0.514 0.799 7e-31
EL2N 0.466 0.485 0.783 1e-27
Margin 0.381 0.394 0.730 9e-19
LLaMA o fidence 0407 0472 0776 2¢-26
Entropy 0.277 0.389 0.727 2e-18

Table 4: Correlation between difficulty-aware signals
and retrieval decision labels using last-epoch statistics
on Florilege. p, and s, are reported in absolute value.

Backbone Signal Pr Sp AUC  muw,
EL2N 0.429 0.559 0.832 0
BERT Margin 0.392 0474 0.781 7e-258
Confidence 0.475 0.486 0.788 7e-271
Entropy 0.360 0.459 0.772 5e-242
EL2N 0.552 0.496 0.861 0
TS Margin 0.491 0.467 0.855 0
Confidence 0.524 0.496 0.861 0
Entropy 0.504 0.474 0.858 0
EL2N 0.559 0.485 0.843 5e-196
Margin 0.408 0.477 0.838 4e-183
LLaMA Confidence 0.464 0.480 0.840 2e-192
Entropy 0.494 0.422 0.802 4e-150

Table 5: Correlation between difficulty-aware signals
and retrieval decision labels using last-epoch statistics
on ChemProt. p, and s, are reported in absolute value.

C Additional Correlation Results

Table 4 and Table 5 provide the corresponding cor-
relation results on Florilege and ChemProt, com-
plementing the CHEMDNER example shown in
Table 3 of the main text.

Overall, the results on these two datasets follow
a pattern similar to that of CHEMDNER. Across
backbones, all four signals remain statistically asso-
ciated with the retrieval decision labels, as reflected
by their AUC values and small mw),, values. EL2ZN
continues to rank among the strongest signals in
most settings, especially in terms of AUC, while
confidence, margin, and entropy also remain in-
formative. This is consistent with our motivation
for introducing EL2N: uncertainty-related signals
are useful, but an explicit model-specific training
difficulty proxy provides a stronger signal for re-
trieval decision making. These supplementary re-
sults therefore provide additional evidence that the

signal-label relationships observed in the main text
are not specific to CHEMDNER, but are consis-
tently observed across the other datasets as well.

D End-to-End Trade-off Evaluation
Details

D.1 End-to-End Pipeline Implementation

In this section, we additionally include Marina et al.
(2025) as a baseline for comparison, as their ap-
proach is recognized for its high computational
efficiency. Marina et al. decide whether retrieval
is needed using lightweight external features rather
than LLM-based uncertainty estimation. It trains
a classifier on signals such as entity popularity,
question type, question complexity, and context
relevance. Due to differences in task settings, we
retained only three types of features in our experi-
ments: frequency, question complexity, and context
relevance, and simplified the routing decision to a
binary yes/no choice.

For BiomedRAG and BIOREADER, we repro-
duce the original settings as closely as possible,
including the backbone model, chunking strat-
egy, and retrieval strategy. The retrieval source
is also kept identical to the original papers, namely
PubMed.

For Florilege, we build an end-to-end entity
recognition pipeline based on TS5 in a text genera-
tion format. The prompt is:

Extract taxon, use, phenotype, molecule and habi-
tat entities from the given context. If RAG infor-
mation is provided, use it when helpful. If RAG is
None, rely only on the context. Context: [instance
context]. RAG: [retrieval info].

For retrieval, our goal is to simulate a retrieval-
enhanced setting in which the retrieved content is
relevant but still contains noise. We therefore use
SilverCorpus as the retrieval source. SilverCorpus
is highly related in topic to Florilege. It is con-
structed from PubMed abstracts filtered for plant
fermentation themes, and then annotated with rel-
evant entities and relations using GPT-4.1. Since
some entity types in SilverCorpus fully overlap
with those in Florilege, we directly sample matched
instances from SilverCorpus and return all anno-
tated entity content in the matched instance as re-
trieved examples for enhancement. This design
also helps reduce the RAG process time cost.

In terms of runtime workflow, for all end-to-end
pipelines and all baseline retrieval decision mod-
ules, we adopt the deployment structure that is
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Dataset Improved (%) Unchanged (%) Degraded (%) LLaMA + ChemProt

Florilege 37.29 59.32 3.30 847 3"

CHEMDNER 26.43 70.72 2.85 82 4 .:

ChemProt 43.80 54.48 1.72 - !

= 80 “
Table 6: Effect of retrieval on instances predicted by ; o _ﬁﬁ
RAG Switch as retrieval-beneficial and routed to re- 2 :‘ —— e
trieval. Changes are measured by instance-level F1 rela- * 76 1 4 $—tat=ger . points
. . . . witc
tive to the corresponding no-retrieval extraction. $ s Peak
74P ® FullRAG
0 20 40 60 80 100

most favorable to their efficiency and performance.
Specifically, the corresponding baseline retrieval
decision module makes its decision from the in-
stance context before the task model is invoked
in the inference pipeline. For RAG Switch, the
deployment follows Figure 1 exactly.

D.2 Retrieval Outcomes on Routed Instances

Our task-grounded supervision is constructed from
no-retrieval extraction outcomes and is therefore
independent of any particular retrieval database or
retrieval strategy. To further examine the realized
effect of retrieval in the end-to-end RAG-enhanced
IE pipelines, we analyze the instances predicted
by RAG Switch as retrieval-beneficial and conse-
quently routed to retrieval.

Table 6 reports the proportions of routed in-
stances whose instance-level F1 scores are im-
proved, unchanged, or degraded after retrieval. Re-
trieval improves 37.29%, 26.43%, and 43.80% of
the routed instances on Florilege, CHEMDNER,
and ChemProt, respectively, whereas degradation
occurs in only 3.30%, 2.85%, and 1.72% of the
cases.

These results characterize the realized behav-
ior of the instantiated RAG pipelines rather than
a guaranteed effect of RAG Switch. RAG Switch
identifies instances for which retrieval is potentially
useful based on the failure of no-retrieval IE, while
the eventual benefit of retrieval also depends on
factors such as the retriever, retrieved evidence,
context construction, prompting strategy, and IE
model. Consequently, some routed instances may
remain unchanged. Nevertheless, degradation is
consistently rare across all three datasets, while a
substantial proportion of routed instances benefit
from retrieval.

D.3 Retrieval-Rate Sensitivity Analysis

To investigate the relationship between retrieval
coverage and end-to-end performance, we conduct
a retrieval-rate sensitivity analysis under the same

Retrieval rate K (%)

Figure 3: Retrieval-rate sensitivity curve for LLaMA on
ChemProt. The red marker, star, and green marker indi-
cate the RAG Switch operating point, peak performance,
and Full-RAG setting, respectively.

T5 + CHEMDNER

83

824

81+

End-to-end F1

—— Sensitivity curve
Integer-K points
RAG Switch
Peak

Full RAG

80

79 1

T T
0 20 40 60 80 100
Retrieval rate K (%)

Figure 4: Retrieval-rate sensitivity curve for TS on
CHEMDNER. The red marker, star, and green marker
indicate the RAG Switch operating point, peak perfor-
mance, and Full-RAG setting, respectively.

RAG-enhanced IE settings. Specifically, test in-
stances are ranked according to the retrieval-need
score predicted by RAG Switch, and retrieval is
progressively enabled for the top-K % instances
according to this ranking. The corresponding end-
to-end F1 curves are shown in Figure 3 to 5.

Across all three IE settings, the end-to-end
F1 initially increases as retrieval is activated for
more beneficial instances, demonstrating that the
retrieval-need score provides an effective rank-
ing of instances according to their expected re-
trieval benefits. The improvement gradually satu-
rates before reaching the peak region, where small
plateaus and fluctuations are observed due to the
discrete instance-level routing decisions. After the
peak point, further increasing the retrieval coverage
leads to a gradual performance degradation, sug-
gesting that indiscriminate retrieval over additional
instances may not always benefit the end-to-end IE
performance.
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Figure 5: Retrieval-rate sensitivity curve for TS on Flo-
rilege. The red marker, star, and green marker indicate
the RAG Switch operating point, peak performance, and
Full-RAG setting, respectively.

The optimal retrieval rates are substantially
lower than the 100% Full-RAG setting, with
peak performance achieved at: LLaMA+ChemProt:
F1=84.25 at K=19%, TS+CHEMDNER: F1=83.04
at K=26%, and T5+Florilege: F1=83.23 at
K=55%. These results demonstrate that selective
retrieval over a properly ranked subset of instances
can achieve superior end-to-end performance com-
pared with uniformly applying retrieval to all in-
stances.

The original RAG Switch decisions activate re-
trieval for 10.5%, 14.9%, and 52.8% of instances
on ChemProt, CHEMDNER, and Florilege, respec-
tively, achieving end-to-end F1 scores of 80.08,
82.75, and 83.09. These operating points fall within
the low-to-moderate retrieval-rate regions where
substantial performance gains have already been
obtained, while avoiding retrieval activation for a
large proportion of instances. Therefore, the sen-
sitivity analysis further validates that the retrieval-
need score learned by RAG Switch enables effec-
tive instance-level retrieval selection and achieves
a favorable performance—efficiency trade-off com-
pared with Full-RAG.

E Boundary Analysis of End-to-End
Time Efficiency

To better understand the boundary conditions of
the end-to-end time efficiency of RAG Switch, we
further analyze the break-even point between our
switching strategy and the Full-RAG setting under
different IE backbones. Figure 6 to 8 show the cor-
responding boundaries for LLaMA, T5, and BERT,
respectively. These plots are intended as practical
references for deployment.

RAG Switch Boundary Analysis for Llama

If Retrieval-Beneficial Ratio is ABOVE the line,
RAG Switch may WASTE of time.

C =5.0
Limit ratio=0.70
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—— Break-even Line
Prefer RAG Switch
Prefer Full Retrieval
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Figure 6: RAG Switch boundary analysis of end-to-end
time efficiency for LLaMA model.
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Figure 7: RAG Switch boundary analysis of end-to-end
time efficiency for TS model.

The retrieval decision module of RAG Switch
introduces an average inference overhead of 0.22s
per instance in our experiments. In this analy-
sis, the RAG process time cost is estimated from
the average end-to-end statistics reported in Sec-
tion 4.4. It denotes the time required by the RAG
process from receiving the query to returning the
final retrieved results, including possible embed-
ding, matching, and re-ranking stages. For each
backbone, the boundary curve indicates the max-
imum proportion of retrieval-beneficial instances
under which the switching strategy remains more
time-efficient than Full-RAG.

Overall, the boundary analysis suggests that, un-
der the large majority of realistic operating con-
ditions, RAG Switch remains more time-efficient
than Full-RAG. This advantage becomes even more
pronounced as the time cost of the RAG process
increases. Empirically, we observe that when the
base model achieves stronger task performance, the
proportion of retrieval-beneficial instances is typ-
ically well below the theoretical boundary, often
falling within the range of 10%-30%. This sug-
gests that, in regularly trained settings, only a rela-
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RAG Switch Boundary Analysis for BERT
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Figure 8: RAG Switch boundary analysis of end-to-end
time efficiency for BERT model.

tively small subset of instances truly benefits from
retrieval, while applying Full-RAG to all instances
introduces unnecessary overhead. For weaker mod-
els such as BERT, the retrieval-beneficial propor-
tion can be higher and may lie closer to the bound-
ary, often around 40%—-60%, which makes the time-
efficiency concern more relevant. However, BERT-
style encoders are substantially faster than genera-
tive models or larger LL.Ms, so the additional cost
of the no-retrieval probe accounts for a smaller
share of the total runtime. At the same time, the
higher retrieval-beneficial proportion means that
selective retrieval also has greater potential to im-
prove task performance, since more instances can
genuinely benefit from retrieval. Therefore, even
in this regime, the switching strategy can still re-
main practically attractive in terms of the overall
efficiency—performance trade-off.

For few-shot or otherwise less stable settings,
the boundary depends more sensitively on the un-
derlying pipeline behavior. As a practical heuristic,
one may refer to the performance of the pipeline
without RAG enhancement: when its performance
remains above roughly 40 F1-scores, switching is
still likely to be favorable in many cases. In addi-
tion, reducing the length of the instance context, for
example by splitting it into shorter fragments, may
simultaneously reduce inference time and lower the
proportion of retrieval-beneficial instances, thereby
making the switching strategy more attractive.
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