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Abstract

Dynamic retrieval-augmented generation (RAG) allows large
language models (LLMs) to fetch external knowledge on de-
mand, offering greater adaptability than static RAG. A central
challenge in this setting lies in determining the optimal timing
for retrieval. Existing methods often trigger retrieval based on
low token-level confidence, which may lead to delayed inter-
vention after errors have already propagated. We introduce
Entropy-Trend Constraint (ETC), a training-free method that
determines optimal retrieval timing by modeling the dynam-
ics of token-level uncertainty. Specifically, ETC utilizes first-
and second-order differences of the entropy sequence to de-
tect emerging uncertainty trends, enabling earlier and more
precise retrieval. Experiments on six QA benchmarks with
three LLM backbones demonstrate that ETC consistently out-
performs strong baselines while reducing retrieval frequency.
ETC is particularly effective in domain-specific scenarios, ex-
hibiting robust generalization capabilities. Ablation studies
and qualitative analyses further confirm that trend-aware un-
certainty modeling yields more effective retrieval timing. The
method is plug-and-play, model-agnostic, and readily inte-
grable into existing decoding pipelines. Implementation code
is included in the supplementary materials.

Code — https://github.com/pkuserc/ETC

1 Introduction

Retrieval-Augmented Generation (RAG) has emerged as a
powerful paradigm for augmenting large language mod-
els (LLMs) with external knowledge, effectively addressing
limitations such as outdated training data and narrow domain
coverage (Gao et al. 2023; Kandpal et al. 2023; Mousavi,
Alghisi, and Riccardi 2024; Xiong et al. 2024). By incorpo-
rating retrieved documents during generation, RAG systems
significantly improve factual accuracy and enhance general-
ization across domains (Xu et al. 2024; Fang et al. 2024).
While early RAG systems typically performed a single re-
trieval at the start of generation (Wang et al. 2024a; Shi et al.
2023; Wang, Yang, and Wei 2023; Yu et al. 2023), recent de-
velopments have introduced dynamic RAG, where retrieval
is triggered conditionally during decoding to balance infor-
mativeness and efficiency (Jiang et al. 2023; Su et al. 2024Db).

*Corresponding Authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Casel: Who is older , Dyson Parody Case2: Which film has the director

or Gene Watson? born first , Antonieta or Dodging
The Dole ?

Answer: Dyson Parody was born

on 25 August 1959. Answer: Antonieta was directed

by Luis Buiiuel. Luis Buiiuel
was born on 27 February 1900.

Figure 1: The delayed retrieval issue exists in current dy-
namic RAG method, where blue tokens represent DRA-
GIN’s retrieval timing, and red tokens highlight incorrectly
generated tokens caused by delayed retrieval.

A central challenge in dynamic RAG is deciding when
retrieval should occur. Previous approaches mainly rely on
token-level uncertainty heuristics. For instance, some meth-
ods (Borgeaud et al. 2022; Trivedi et al. 2022; Ram et al.
2023) perform retrieval after a fixed number of tokens or
sentences, while others trigger retrieval when the confidence
of a newly generated token drops below a predefined thresh-
old (Jiang et al. 2023; Su et al. 2024b). Although intu-
itive, such reactive mechanisms often suffer from delayed
retrieval, i.e., retrieving only after the model has already de-
viated from the correct generation path. As illustrated in Fig-
ure 1, retrieval triggered too late may fail to prevent factual
errors, whereas overly early or frequent retrieval increases
latency and redundancy (Ni et al. 2024; Ren et al. 2023;
Chen et al. 2024; Maekawa et al. 2024).

We argue that retrieval timing should be guided not by
isolated token-level confidence values, but by tracking the
overall trend of uncertainty throughout the generation pro-
cess. Foundational studies on LLMs show that entropy-
based uncertainty measures are more robust and informa-
tive than pointwise confidence for detecting hallucinations
or unreliable generation. For instance, recent work has em-
ployed entropy as a signal for token-level factuality assess-
ment, semantic instability, and fine-grained uncertainty es-
timation (Fadeeva et al. 2024; Farquhar et al. 2024; Nikitin
et al. 2024). These findings suggest that tracking how un-
certainty evolves over time yields more reliable signals than
reacting to isolated confidence drops at individual tokens.



This observation points to a promising direction: modeling
the dynamics of token-level uncertainty to improve retrieval
decisions during generation.

Building on this insight, we propose Entropy-Trend
Constraint (ETC), a novel training-free method that mod-
els the dynamics of uncertainty throughout generation rather
than relying on individual token-level confidence. Specifi-
cally, ETC analyzes the first- and second-order differences
of the token-level entropy sequence to detect emerging low-
confidence patterns before they become critical. These dif-
ferential operations are classical tools for discrete sequence
analysis (Jorddan 1965; Levy and Lessman 1992; Ames
2014). In particular, the second-order difference provides a
sensitive signal for detecting rapid shifts in entropy, indi-
cating that the model may be entering an unstable predic-
tion phase. To enhance robustness, we further introduce a
dynamic smoothing mechanism to reduce the impact of en-
tropy outliers and stabilize retrieval decisions. By leverag-
ing confidence trends, ETC enables timely retrieval, inject-
ing external knowledge at more optimal positions while re-
ducing retrieval frequency. Unlike existing methods that rely
on heuristic rules or costly training procedures, ETC is plug-
and-play, model-agnostic, and easily integrable into any au-
toregressive decoding pipeline.

We evaluate ETC on six diverse benchmarks spanning
multi-hop reasoning, commonsense QA, reading compre-
hension, and biomedical QA. Across three LLM backbones,
ETC consistently outperforms strong baselines while requir-
ing fewer retrieval operations and achieving significantly
lower rates of delayed and redundant retrieval. Furthermore,
qualitative evaluations using GPT-40 and extensive ablation
studies validate the precision and efficiency of ETC’s re-
trieval timing strategy.

* We identify and systematically analyze the delayed re-
trieval problem in dynamic RAG, revealing fundamental
limitations in confidence-based triggering strategies.

We propose Entropy-Trend Constraint (ETC), a novel
training-free retrieval strategy that leverages uncertainty
dynamics for timely and efficient knowledge injection.
Experiments on six diverse benchmarks with three LLM
backbones demonstrate that ETC consistently improves
performance while reducing retrieval frequency. We fur-
ther present comprehensive analyses and case studies to
support these findings.

2 Preliminary and Delayed Retrieval

In this section, we briefly introduce the fundamentals of
RAG and the issue of delayed retrieval.

2.1 Preliminary

In a standard RAG system, for a given query g, a retriever
r retrieves a set of relevant documents C' = {c1, ¢, ..,¢n }
from a large corpus D. During inference, the query g and
retrieved contexts C are combined through a prompt p to
form a new input for a given LLM, which then gener-
ates the retrieval-augmented output y. Typically, retrieval
is performed once at the beginning of the generation pro-
cess (Melz 2023; Wang et al. 2024a; Li, Yuan, and Zhang
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2024). The mathematical expression of this process is shown
as follows:

y=LLM(q,C,p). (1)

However, studies have shown that retrieving information
solely at the beginning of generation may not always be op-
timal, as irrelevant or redundant context can introduce noise
and hinder model performance. An alternative approach is
Dynamic RAG, which performs retrieval only when needed.
Recent methods typically trigger retrieval when the model
generates a token with very low confidence. Let time ¢ de-
note the point at which retrieve is triggered, indicating that
external knowledge is required after generating the 7-th to-
ken. The prompt at the step ¢ is denoted as p;. The dynamic
RAG model can then be formally expressed as:

g = LLM(QaCt7Pt7y<t)a (2)

where y., represents the sequence of tokens generated be-
fore time ¢, and C} is the external knowledge retrieved after
the #-th token has been generated.

2.2 Delayed Retrieval

While using the confidence of a single token to trigger re-
trieval is a straightforward approach, it does not always lead
to optimal retrieval timing. Through both qualitative and
quantitative analyses, we identify a delayed retrieval prob-
lem that arises when retrieval timing is determined primarily
by token-level confidence. Specifically, we examine cases
from the 2WikiMultihopQA (Ho et al. 2020) dataset using
the DRAGIN framework (Su et al. 2024b). As shown in Fig-
ure 1, retrieval is triggered when a generated token falls be-
low DRAGIN’s predefined confidence threshold. These ex-
amples clearly illustrate that by the time retrieval is trig-
gered, the generation has already deviated from the correct
path. Consequently, this approach often results in multiple
low-confidence tokens being generated before retrieval, sug-
gesting that confidence-based intervention may not be the
most effective solution.

In addition, we manually annotate 100 instances to com-
pute the proportion of delayed retrieval, and find that around
33% of them exhibit this issue (see Section 6.3 for more de-
tails). These findings highlight the need for approaches that
are more sensitive to token-level confidence trends during
generation.

3 Proposed Method

Building on the above analysis, we propose Entropy-Trend
Constraint (ETC), a novel dynamic RAG method that mit-
igates delayed retrieval by considering the confidence trend
of the generated sequence. Specifically, ETC computes con-
fidence trends based on the entropy sequence and triggers
retrieval when confidence changes sharply. In addition, we
introduce a dynamic smoothing strategy that reduces unnec-
essary retrievals while maintaining model performance.

3.1 Entropy-Trend Constraint

Given an input ¢ and a prompt p, a LLM generates an output
token sequence, denoted as T = {1, ta, ..., t,, }, where the



length of T is n. For each generated token ¢;, we compute its
prediction distribution p;(v) over the vocabulary V, and use
entropy as a measure of its prediction uncertainty, defined as
follows:

Hi=— Zpi(v) log pi(v).
veV
Entropy is widely used in natural language processing
tasks to quantify the uncertainty of a given probability distri-
bution. A lower entropy value indicates higher confidence in
the LLM’s prediction. For the generated output 7', we define
its entropy sequence H as follows:

3

H={H1,Hz, ..., Hn} (@)
The entropy sequence H reflects the confidence associ-
ated with each generated token. However, static entropy val-
ues alone do not capture dynamic fluctuations during the
generation process. Therefore, we utilize both first and sec-
ond differences of the entropy sequence. The first difference
is defined as the difference between consecutive terms. This
operation measures the change between successive elements
in the entropy sequence and is useful for identifying trends
and linearity. For the entropy sequence H of the generated
tokens, the first difference is computed as bellow:
AN ={AH1,AHzo, ..., AHp, 1}, 5)
AHi = Hip1 — Hi. (6)
For example, AH; = Hs — H1, and AH has n — 1 items.
While the first difference reflects the variation between adja-
cent time points, it does not reveal how rapidly these changes
occur. Monitoring the rate of change in these trends is crucial
for timely retrieval, as it helps detect early signs of instabil-
ity in the model’s confidence. Thus we further compute the
second difference of the entropy sequence H to capture the
rate of confidence change:

A?H = AAH) = {A*H1, A%Hy, ., A®H, o}, (T)

A*H; = AHipq — AH;. ®)
Alternatively, we can also obtain the A2 based on H
directly, where:

A*H; =Hivo — 2Hip1 + H,. )
The second difference highlights rapid shifts in confi-

dence and thus serves as a more sensitive indicator for trig-
gering retrieval.

3.2 Dynamic Smoothing Method

While the second difference improves retrieval timing, it can
still be influenced by outlier entropy values from specific
tokens, potentially leading to redundant retrievals. To ad-
dress this issue, we propose a dynamic smoothing method
that reduces the impact of outliers by assigning them lower
weights during aggregation. Specifically, dynamic smooth-

ing computes the A?H,; using weighted average of A?H,
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and A2H;_,, the weight w; of A%, is obtained by the fol-
lowing equation:

AH,  — E
W = g A% > g , (10
|A2H, — Ey| + |A?Hi—1 — Ey|
E; = E[A?Hy, A*Hy, ..., A?Hy). (11)
Here, FE,; denotes the mathematical expecta-
tion of the entropy sequence’s second difference

{A%H1, A Hy, ..., A?H;}. A higher A2H, results in
a relatively lower wy, thereby reducing the impact of outlier
entropy and producing a smoothed A27-Alt at the current
timing ¢. The smoothed A”;Qt is computed as follows:

Azﬁt = WA Hy + w1 A Hy (12)

By mitigating the influence of the outlier entropy, the

smoothed second difference AQ”;qt reduces unnecessary

retrievals. We perform a retrieval operation at time ¢ if

|A27:Zt\ > «a, where « is a predefined threshold and will
be tuned on the validation set.

3.3 Query Construction and Continue
Generation

Once ETC determines the optimal retrieval timing, the next
challenge is to construct an effective query based on the
original input and the generated text so far. We adopt the
query construction method from DRAGIN, which leverages
the self-attention mechanism of Transformer-based LLMs.
This approach ranks tokens by their attention scores and se-
lects the top-n tokens to form the query!. After constructing
the query at timestep ¢, ETC retrieves relevant information
Cy = {C},C3,...} from the external corpus, where C; de-
notes the ¢-th retrieved document.

To continue generation after retrieval, we combine the
original query ¢, the previously generated text y.;, the re-
trieved information C', and the prompt p; to guide the LLM
in generating the subsequent output. The generated token
serves as the prefix for subsequent generation, ensuring that
the output remains coherent and consistent with the prior se-
quence Y.

4 Experimental Setup
4.1 Dataset and Evaluation Metic

To comprehensively evaluate the effectiveness of ETC
across diverse scenarios, we conduct experiments on six rep-
resentative datasets: 2WikiMultihopQA (Ho et al. 2020),
HotpotQA (Yang et al. 2018), StrategyQA (Geva et al.
2021), IRC (Ferguson et al. 2020), BioASQ (Tsatsaronis
et al. 2015), and PubMedQA (Jin et al. 2019). The domains
and evaluation metrics for each dataset are summarized in
Table 1. Specifically, the first four datasets are used for
general-purpose multi-hop and commonsense QA evalua-
tion, while the last two assess ETC’s effectiveness in settings
that require biomedical domain knowledge under limited-
resource conditions.

"Due to space limitations, please refer to Su et al. (2024b) for
further details.



Dataset |  Domain | Metric
2WikiMultihopQA Multi-hop EM, F1
HotpotQA Multi-hop EM, F1
StrategyQA Commonsense | Accuracy
IIRC Reading EM, F1
BioASQ Biomedical Accuracy
PubMedQA Biomedical Accuracy

Table 1: The statistics of the datasets used in this study, and
we adopt the same metrics as previous works.

4.2 Experimental Details

To ensure a fair comparison with previous works, all exper-
imental settings are the same as FLARE (Jiang et al. 2023)
and DRAGIN (Su et al. 2024b). Specifically, we follow the
setting of Wang et al. (2022) to generate both chain-of-
thought (CoT) reasoning process as well as the final answer,
we also use prompt templates from Trivedi et al. (2022);
Jiang et al. (2023); Wei et al. (2022) tailored to each dataset.
We use BM25 as the retriever due to its high efficiency and
strong retrieval performance. To compute the entropy se-
quence, we remove stop words using the SpaCy library 2.
Wikipedia is used as the external knowledge corpus, from
which we retrieve three augmented passages at each retrieval
step. The backbone LLMs include LLaMa2-7b, LLaMa2-
13b (Touvron et al. 2023), LLaMa3-8b (Grattafiori et al.
2024) and Vicuna-13b-v1.5 (Chiang et al. 2023), we report
the results of LLaMa2-13B in the Appendix due to space
limitations.

4.3 Comparison Models

Since ETC is a training-free dynamic RAG method, it does
not need any pre-training or fine-tuning process. In this pa-
per, we compare ETC with the following advanced training-
free RAG methods. 1) w/o RAG directly asks LLMs to
generate answers without any retrieval operation; 2) Single
RAG retrieves augmented information only once at the be-
ginning of the generation based on the initial question; 3)
In-Context RALM (Ram et al. 2023) triggers the retrieval
module every n tokens; 4) IRCoT (Trivedi et al. 2022) acti-
vates the retrieval module every sentence; 5) FLARE (Jiang
et al. 2023) conducts retrieve when a token’s uncertainty be-
low a threshold; 6) DRAGIN (Su et al. 2024b) further con-
siders both the importance and uncertainty of the generated
token to determine the retrieval timing.

Besides the above previous works, we built several model
variants for ablation study: 1) ETC;; indicates that we use
the first difference and dynamic smoothing method to de-
termine retrieval timing; 2) ETC w/o smoothing removes
the dynamic smoothing method and relies solely on the sec-
ond difference of the entropy sequence to trigger retrieval;
3) ETC;zeq uses a fixed weight factor w; to smooth the
second difference.

>https://spacy.io/
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5 Main Results
5.1 Main Results

Table 2 presents the main results, from which we draw three
key findings. (1) Simple training-free RAG methods, such
as In-Context RALM and IRCoT, which perform retrieval at
fixed intervals (e.g., every n tokens or each sentence), fail
to consistently improve performance across tasks or mod-
els. This supports prior findings that indiscriminate or mis-
aligned retrieval may degrade generation quality. (2) ETC
consistently achieves the best overall performance across all
evaluated settings. It outperforms both static and dynamic
RAG baselines, achieving the highest average scores on each
model: 0.344 on LLaMA2-7B, 0.420 on LLaMA3-8B, and
0.376 on Vicuna-13B, with relative improvements ranging
from 5.9% to 12.1% over the strongest competing meth-
ods. These results validate that ETC’s trend-based retrieval
mechanism enables more accurate and timely intervention
compared to token-level confidence thresholds. (3) ETC fur-
ther demonstrates strong adaptability across different task
types and model scales. Notably, on LLaMA3-8B, the Single
RAG baseline achieves competitive performance (0.375),
surpassing several dynamic RAG methods such as DRAGIN
and FLARE. This suggests that in high-capacity models,
suboptimal retrieval timing can disrupt the generation pro-
cess, leading to performance degradation. In contrast, ETC
maintains robust improvements (0.420), indicating that its
trend-aware strategy scales effectively with stronger LLMs.

Overall, ETC mitigates delayed retrieval by modeling
confidence trends, thereby enabling more effective integra-
tion of external knowledge and improving generation per-
formance.

Win
2WikiMultihopQA (75.5%) HotpotQA (67.0%) Equal
Loss
46.5%  29.0%  24.5% 355%  31.5%  33.0%
StrategyQA (77.5%) IIRC (75.0%)
49.0% 28.5% 22.5% 42.5% 32.5%  25%

Figure 2: The win rate using GPT-40 as judge. The value in
each bracket indicates the percentage of times ETC’s answer
quality is equal to or better than DRAGIN’s on the corre-
sponding dataset.

5.2 Win Rate

Several studies (Li et al. 2023; Yang et al. 2024; Li et al.
2024) suggest that traditional metrics such as EM and F1
alone may not fully capture the performance of generative
models, as these models can produce semantically correct
answers that do not exactly match human-labeled references
at the token level. To better assess answer quality, we employ
GPT-40 as an evaluator. Specifically, we randomly sample
200 instances from each dataset and ask GPT-4o0 to judge
which answer is more reasonable based on the given ques-
tion and the ground-truth answer. The evaluation prompt in-



2WikiMultihopQA HotpotQA StrategyQA IIRC
LLM RAG Method EM F1 EM F1 Accuracy EM F1 Avg.Score
w/o RAG 0.146 0.223 0.184 0.275 0.659 0.139 0.173 0.257
Single RAG 0.169 0.255 0.164 0.250 0.645 0.187 0.226 0.271
In-Context RALM | 0.112 0.192 0.146 0.211 0.635 0.172  0.202 0.239
Llama2-7b IRCoT 0.189 0.265 0.214 0.304 0.630 0.178 0.216 0.285
FLARE 0.143 0.213 0.149 0.221 0.627 0.136  0.164 0.236
DRAGIN 0.220 0.293 0.232  0.334 0.641 0.192 0.234 0.307
ETC(Ours) 0.271 0.360 0.288 0.401 0.650 0.199 0.240 | 0.344,1519
w/o RAG 0.174 0.258 0.281 0.379 0.667 0.187 0.223 0.310
Single RAG 0.241 0.349 0.339 0.454 0.651 0.275 0.316 0.375
In-Context RALM | 0.267 0.376 0.243 0.341 0.641 0.176  0.213 0.322
Llama3-8b IRCoT 0.268 0.376 0.216 0.314 0.613 0.188 0.226 0.314
FLARE 0.197 0.276 0.246 0.341 0.609 0.183 0.214 0.295
DRAGIN 0.212 0.302 0.272 0.378 0.662 0.189 0.226 0.320
ETC(Ours) 0.352 0.453 0.272  0.487 0.672 0.286 0.328 | 0.420,12.0%
w/o RAG 0.146 0.223 0.228 0.326 0.682 0.175 0.215 0.285
Single RAG 0.170 0.256 0.254 0.353 0.686 0.217 0.256 0.313
In-Context RALM | 0.135 0.213 0.187 0.304 0.645 0.099 0.129 0.245
Vicuna-13b IRCoT 0.188 0.263 0.185 0.322 0.622 0.103 0.134 0.260
FLARE 0.157 0.226 0.092 0.181 0.599 0.117 0.147 0.217
DRAGIN 0.252 0.352 0.288 0.416 0.687 0.223 0.265 0.355
ETC(Ours) 0.282 0.373 0.347 0.456 0.693 0216  0.268 | 0.376,5.9¢

Table 2: The main results of various RAG methods. All results are obtained from publicly available papers or reproduced using
open-source code. The best result of each dataset is in bold. To minimize randomness, we tested each model three times and
reported the average performance.Additionally, we conducted t-tests to compare our results with previous results, confirming
that our results are statistically significant with a p-value of less than 0.05.

structs GPT-4o to assess responses based on accuracy, com-
pleteness, fluency, and relevance 3. The results in Figure 2
show that ETC consistently achieves performance compa-
rable to or better than DRAGIN across most datasets. This
confirms that ETC generates more reasonable answers than
previous SoTA models, further demonstrating its effective-
ness as a dynamic RAG system.

5.3 Domain-Specific Dataset Evaluation

RAG methods are particularly valuable for injecting exter-
nal knowledge when LLMs lack domain-specific expertise,
making them essential for solving domain-specific tasks. To
assess their effectiveness in domain-specific scenarios, we
evaluate RAG methods on two biomedical datasets: BioASQ
and PubMedQA. As shown in Table 3, ETC achieves sub-
stantial improvements over existing RAG models with fewer
retrievals, demonstrating its effectiveness in domain-specific
tasks. These findings suggest that ETC triggers retrieval at
the appropriate moment, ensuring external knowledge is in-
jected when needed, thereby reducing hallucinations and en-
hancing domain-specific understanding.

6 Analysis
6.1 Ablation Study

‘We conduct ablation studies to assess the effectiveness of us-
ing the second difference and the dynamic smoothing strat-

3The full prompt is provided in Appendix A
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BioASQ PubmedQA
Method Acc. Count. Acc. Count.
Single RAG 0.478 1.0 0.485 1.0
IRCoT 0.319 6.038 0.397 6.433
DRAGIN 0.527 1.849 0.510 1.898
ETC 0.689.3079, 1.495 |0.545,699, 1.747

Table 3: Accuracy (Acc.) and retrieval count (Count.) on
domain-specific datasets. We use Vicuna-13b here since it
achieves the best results in the main evaluation.

egy. Table 4 shows the results and we have the following
observations: 1) Compared to DRAGIN, which triggers re-
trieval based on single-token confidence, and ETC;s; which
uses only the first difference of the entropy sequence, us-
ing the second difference yields significantly better average
scores; 2) Removing the dynamic smoothing module or re-
placing it with a fixed weight factor (e.g., 0.9 in our exper-
iment) results in consistent performance degradation across
most datasets. The above results verify the effectiveness of
our proposed components in handling various question an-
swering scenarios.

6.2 Retrieval Efficiency

The average number of retrievals serves as a key metric
for assessing the efficiency of dynamic RAG methods. As



2WikiMultihopQA | HotpotQA | StrategyQA IIRC
EM FI EM  FI ACC [ EM  Fi1 | AveScore
ETC,., 0271 0364 (0275 0388| 00658 |0.198 0234| 0341
ETCipeq 0271 0360 |0261 0371 0650 |0.194 0229| 0334
ETC 0271 0360 |0288 0401| 0650 |0.199 0240| 0344
ETC w/o smoothing [ 0269 0358  |0.269 0376| 0641 |0.193 0230 0334

Table 4: Ablation studies on various components in ETC with LLaMA2-7B-chat as backbone, other LLMs show similar results.

We set the fixed weight in ETC ¢4 as 0.9 here.

shown in Table 5, ETC consistently requires fewer retrievals
than prior dynamic RAG baselines such as DRAGIN and
FLARE. Moreover, removing the dynamic smoothing mod-
ule or replacing it with a fixed weight leads to an increased
number of retrievals. This validates that relying solely on
entropy trends may result in redundant retrievals. The dy-
namic smoothing module effectively reduces unnecessary
retrievals by mitigating the impact of outliers in the entropy
sequence, thereby improving overall RAG efficiency®. In ad-
dition, we compute average delayed length, and results show
that DRAGIN retrieves on average 8.64 tokens later than
ETC. This further confirms that ETC is not only more ac-
curate in deciding whether to retrieve, but also significantly
more timely.

| WQA | HQA | SQA | IIRC | Avg.R

FLARE 1.21 | 1.84 | 1.01 | 2.37 1.59
DRAGIN 2.67 | 3.23 | 439 | 296 | 3.31
ETC¢izeca 1.56 | 1.07 | 1.64 | 1.64 1.47

ETC 143 | 088 | 1.37 | 1.48 | 1.29
w/o smoothing | 1.47 | 0.92 | 1.47 | 1.52 1.34

Table 5: The average retrieval count for each dataset, where
Avg.R denotes the average retrieval count across datasets
and LLMs. To conserve space, we abbreviate 2WikiMulti-
hopQA, HotpotQA, and StrategyQA as WQA, HQA, and
SQA, respectively.

6.3 Selecting Optimal Retrieval Timing

We further investigate whether ETC can mitigate the de-
layed retrieval and the redundant retrievals. To evaluate re-
trieval timeliness, we randomly select 100 samples from
2WikiMultihopQA and ask three experts to manually as-
sess whether retrieval operations occurred at the appropri-
ate moment. For the delayed retrieval, a retrieval operation
is considered delayed if incorrect tokens are generated be-
fore retrieval occurs; otherwise, it is classified as timely. The
results in Table 6 indicate that DRAGIN exhibits high de-
layed retrieval ratios, while ETC achieves the lowest delay
ratio. This is because the second difference effectively cap-
tures the rate of confidence change, making it more sensi-
tive to rapid fluctuations. This enables earlier retrieval inter-
ventions before low-confidence tokens are generated. As for

*We report detailed retrieval counts for each dataset with each
LLM in Appendix C.
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redundant retrieval, a retrieval is considered redundant if
the LLM could generate the correct answer even without re-
trieving external information. We can observe from Table 6
that ETC shows a significantly lower redundant retrieval ra-
tio than DRAGIN and ETC w/o smoothing; this verifies the
usefulness of the dynamic smoothing module in improving
retrieval efficiency.

Delayed Redundant
Retrieval Ratio Retrieval Ratio
DRAGIN 0.33 0.95
ETC 0.22 0.79
w/o smoothing 0.22 0.91

Table 6: The manually annotated delayed retrieval ratio and
redundant retrieval ratio, and lower is better.

6.4 The Heat-map of Retrieval Timing and The
Entropy Distribution

In this subsection, we present a heat-map illustrating the
word positions where ETC and DRAGIN trigger their first
retrieval. Additionally, we provide the average entropy val-
ues for each word position. The visualization shows that
ETC typically triggers retrieval earlier than DRAGIN, which
aligns with the trend of gradually increasing word entropy.
In contrast, DRAGIN often delays retrieval until encounter-
ing highly uncertain words or even later.

ETC -
DRAGIN !
1 5 10 15 20
)
g e
S £
=
1 5 10 15 20

Word Index

Figure 3: The heat-map of retrieval timing and the entropy
distribution.

Interestingly, while DRAGIN appears redder at the first
position in the heat-map, which may suggest early retrieval,
a closer analysis reveals that most of these early retrievals



Case 1: Who is older , Dyson Parody or Gene Watson?

Answer: Dyson Parody was born on 25 August 1959.

™

ETC’s Retrieval Timing
Case 3: Where was the father of Alexandre Gaydamak born ?

Answer: Alexandre Gaydamak's father, Boris

N

ETC’s Retrieval Timing

DRAGIN’s Retrieval Timing

Case2: Which film has the director born first , Antonieta or Dodging The Dole?

Answer: Antonieta was directed by Luis Buiiuel. Luis Bufiuel was

born on 27 February 1900.

DRAGIN’s Retrieval Timing

N

ETC’s Retrieval Timing

Case 4: Where was the director of film Highway Dragnet born ?

Answer: The film Highway Dragnet was directed by Nathan Juran.
Nathan Juran was born in ... Los

ETC’s Retrieval Timing

Figure 4: Illustrative cases of delayed retrieval. The first two cases demonstrate delayed retrieval, where green tokens indicate
ETC’s retrieval timing, blue tokens represent DRAGIN’s retrieval timing, and red tokens highlight incorrectly generated tokens
caused by delayed retrieval. The last two cases illustrate missing retrieval, which is a special case of delayed retrieval.

are redundant and ineffective. Specifically, in 54 samples
where DRAGIN retrieves at the first token, only 10 result
in improved answers, while the remaining 44 are equal to
or worse than those without retrieval, yielding a redundancy
rate of 81.5%. This observation is consistent with the high
redundant retrieval ratio reported in Table 6.

In contrast, ETC not only triggers retrieval at earlier av-
erage positions but also achieves more effective retrieval
by leveraging meaningful uncertainty trends. These findings
confirm ETC’s advantage in both timing precision and re-
trieval effectiveness.

6.5 Case Study

In addition to the quantitative analysis, we present several
intuitive cases from 2WikiMultihopQA to illustrate how dif-
ferent dynamic RAG methods behave during the generation
process, as shown in Figure 4.

The first two cases in Figure 4 show that DRAGIN gen-
erates multiple incorrect tokens before triggering retrieval,
exhibiting the delayed retrieval issue. This occurs because
DRAGIN determines retrieval timing based solely on single-
token confidence, which may fail to trigger retrieval early
enough when external knowledge is required. In contrast,
ETC leverages entropy change trends to intervene at the
right moment, leading to more coherent and accurate gen-
eration with timely access to external knowledge.

We also identify a special form of delayed retrieval, re-
ferred to as missing retrieval, where the dynamic RAG sys-
tem fails to trigger retrieval at all during the generation pro-
cess. The last two cases in Figure 4 show that DRAGIN fails
to detect the appropriate retrieval timing, whereas ETC in-
tervenes effectively, resulting in the correct answer.

7 Related Work

Retrieval augmented generation is an efficient and effective
approach to help LLMs obtaining necessary external knowl-
edge(Fan et al. 2024). Existing works mainly focusing on
training-based RAG system (Yoran et al. 2023; Luo et al.
2024; Fang et al. 2024; Xu et al. 2024) and training-free
RAG system (Izacard and Grave 2020; Wang et al. 2023;
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Jiang et al. 2023; Su et al. 2024b). This paper focuses on the
later one since it is more lightweight and efficient in practi-
cal scenarios.

In the era of LLM, early research mainly explores de-
signing more suitable prompts for high-quality retrieved
text (Shi et al. 2023; Wang, Yang, and Wei 2023; Yu et al.
2023),these methods typically conduct retrieval operations
only once at the start of the generation process. Lately,
people found that not all retrieval operations are beneficial
for LLM’s generation, improper or redundant augmented
information may cause negative influence on the perfor-
mance (Wang et al. 2023; Ni et al. 2024; Su et al. 2024a).
Based on the above observation, more research explore to
active the retrieval operation when LLM needed, named as
dynamic RAG. Borgeaud et al. (2022); Trivedi et al. (2022);
Ram et al. (2023) proposed to retrieve every n tokens or ev-
ery sentence, making LLM receive new knowledge during
generation process. While Jiang et al. (2023); Wang et al.
(2024b); Tao et al. (2024) propose to determine the retrieval
timing based on the prediction confidence of the generated
token or the internal states. Su et al. (2024b) further con-
siders the importance of each token to find more reasonable
retrieval timing.

8 Conclusion

In this paper, we introduced Entropy-Trend Constraint
(ETC), a training-free method for selecting optimal retrieval
timing in dynamic retrieval-augmented generation. Unlike
prior approaches that rely on a single token’s confidence,
ETC models entropy trends over time to detect rising uncer-
tainty and trigger retrieval more effectively. Extensive ex-
periments on six QA datasets across multiple LLMs demon-
strate that ETC consistently outperforms strong baselines
while reducing retrieval frequency. Beyond performance im-
provements, our findings shed light on the role of temporal
uncertainty modeling in retrieval-aware generation, offering
practical guidance for designing future dynamic RAG sys-
tems.
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