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Abstract

Retrieval-Augmented Generation (RAG) improves language model accuracy on
knowledge-intensive tasks but incurs significant latency from unnecessary re-
trieval calls. We propose Entropy-RAG, which replaces FLARE’s min-probability
trigger with Shannon entropy H (P;) > 7 computed over the full next-token dis-
tribution, providing a more principled measure of model uncertainty. We further
introduce Entropy-Weighted Querying (EWQ), an original contribution that
constructs retrieval queries from tokens with the highest entropy-weighted TF-
IDF scores, eliminating FLARE’s costly lookahead forward pass. Experiments
on a 150-question subset of StrategyQA using Llama-3-8B with NF4 quantiza-
tion show that all RAG methods substantially outperform the parametric baseline
(+4-5% EM). EWQ achieves competitive accuracy (55.3% EM, within 0.7% of
FLARE) while reducing retrieval calls by 21% compared to standard Entropy-
RAG, validating that the same uncertainty signal triggering retrieval can also guide
what to retrieve.
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1 Introduction

Large language models (LLMs) achieve strong performance on many NLP tasks but remain prone
to hallucination when their parametric knowledge is insufficient [1]]. Retrieval-Augmented Gener-
ation (RAG) addresses this by grounding generation in retrieved external passages [2]], but naive
approaches that retrieve at every step waste computation and can introduce irrelevant context that
degrades output quality [3].

FLARE [4] introduced active retrieval, triggering retrieval only when the model exhibits uncertainty.
Specifically, FLARE operates at the sentence level: after generating a complete sentence, it checks
whether any token in that sentence had probability below threshold 6. If so, it performs a lookahead
forward pass to generate a draft continuation, masks low-confidence tokens (below (), and uses
the remaining tokens as a retrieval query. While effective, this design has two limitations: (1) the
sentence-level min-probability check conflates token-level uncertainty with sentence-level decisions,
and the lookahead mechanism—not the min-probability signal alone—is responsible for much of
FLARE’s retrieval precision; (2) the lookahead forward pass doubles inference cost per retrieval
event.

We propose two contributions. First, Entropy-RAG replaces min-probability with Shannon en-
tropy H(P;) = — ), p; log p; computed over the full next-token distribution. Entropy aggregates
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information across all vocabulary items rather than relying on a single token’s probability, provid-
ing a more robust and theoretically grounded uncertainty measure [5]. Second, Entropy-Weighted
Querying (EWQ) constructs retrieval queries by selecting tokens with the highest entropy x TF-IDF
scores from the generation so far, entirely eliminating the lookahead pass. Our central hypothesis is
that the same uncertainty signal that triggers retrieval can also guide what to retrieve.

We evaluate five retrieval strategies—Parametric (no retrieval), Fixed-Interval, FLARE, Entropy-
RAG, and Entropy-RAG+EWQ—on StrategyQA [6], a multi-hop binary reasoning benchmark, us-
ing Llama-3-8B-Instruct [7] with NF4 quantization. Our results show that EWQ reduces retrieval
calls by 21% versus standard Entropy-RAG while maintaining identical accuracy, validating the dual
use of entropy for both triggering and query construction.

2 Related Work

Retrieval-Augmented Generation. RAG [2] augments LLMs with a non-parametric retrieval com-
ponent, improving factual accuracy on knowledge-intensive tasks. DPR [8] introduced dense pas-
sage retrieval using dual encoders, while subsequent work explored tighter integration between re-
trieval and generation [9].

Active Retrieval. Rather than retrieving at every step, active methods decide when to retrieve.
FLARE [4] combines a sentence-level min-probability check with a lookahead masking strategy to
form retrieval queries. Self-RAG [10] trains the model to emit special retrieval tokens. Our work
follows the FLARE paradigm but replaces its uncertainty signal with entropy and its lookahead
query construction with entropy-weighted token selection.

Uncertainty Estimation in LLMs. Token-level entropy has been used to measure model confidence
in calibration studies [1] and selective prediction. Predictive entropy over full sequences has been
explored for hallucination detection [[11]. We apply token-level entropy specifically as a retrieval
trigger, arguing it better captures distributional uncertainty than single-token probability.

Multi-Hop Reasoning. StrategyQA [6] requires implicit multi-hop reasoning, making it a strong
testbed for retrieval-augmented methods. Chain-of-thought prompting [[12]] enables LLMs to de-
compose such questions into reasoning steps, which we leverage in our 6-shot prompt design.

3 Approach

3.1 Problem Formulation

Given a question ¢, an LLM generates tokens autoregressively: y; ~ Py(+|q,y<¢,C), where C is
the (possibly empty) set of retrieved passages. The challenge is deciding (1) when to populate C' via
retrieval, and (2) what query to send to the retriever.

3.2 Entropy-Triggered Retrieval

At each generation step ¢, we compute Shannon entropy over the next-token distribution:
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Retrieval is triggered when H(P;) > 7, where 7 is a threshold hyperparameter. Unlike FLARE’s
min-probability, which examines only min; p; and is trivially small for large vocabularies (|V| =
128,256 for Llama-3), entropy captures the spread of the distribution. A peaked distribution (con-
fident model) yields low entropy regardless of vocabulary size, while a flat distribution (uncertain
model) yields high entropy.

3.3 Entropy-Weighted Querying (EWQ)

When retrieval is triggered, EWQ constructs a query without any additional forward pass. We score
each previously generated token y; (j < t) by:

score(y;) = H(P;) x TE-IDF(y;, y<¢) )



Algorithm 1 Entropy-RAG with Entropy-Weighted Querying

Require: Question g, threshold 7, top-k, retriever R, LLM Py
1: Initialize context C' < (), output Y « [, call count n < 0
2: entropies < [] {Store per-token entropy}

3: fort =1to 1.« do

4:  Compute logits ¢; = Py(-|q,y<¢,C)

5. H(P;) < — ), softmax(¢;); log softmax(¢;);
6:  Append H(P;) to entropies

7 if H(P;) > 7 and n < 7y, then

8: {Build query from highest entropy x TF-IDF tokens}
9: for each y; € Y do
10: s;j < entropies[j] x TF-IDF(y;,Y")
11: end for
12: (@ < concat(top-k tokens by s;)

13: C+—CUR(Q); n+mn+1
14:  end if

15:  Sample y; ~ Pp(-|q,y<:, C); appendy; toY
16:  if y;, = EOS then

17: break

18:  end if

19: end for

20: return Y

where H (P;) is the entropy at the step when y; was generated, and TF-IDF measures the token’s
specificity. The top-k tokens by this score are concatenated to form the retrieval query. The intuition
is that tokens generated under high uncertainty and with high specificity are precisely the knowledge
gaps that retrieval should address.

Algorithm [T| formalizes the complete Entropy-RAG+EWQ generation procedure.

3.4 Baseline Methods

We compare against four baselines: Parametric-Only: No retrieval; the LLM generates from para-
metric knowledge alone. Fixed-Interval: Retrieve every N = 3 sentences, appending the top-k
passages to the context. FLARE [4]]: Sentence-level active retrieval with lookahead masking. After
generating a sentence, if any token had p; < 6, FLARE generates a lookahead draft, masks tokens
with p; < (3, and uses the remaining tokens as query. Entropy-RAG (without EWQ): Use entropy
triggering but standard last-sentence query construction (same as Fixed-Interval’s query strategy).

4 Experiments

4.1 Data

We evaluate on StrategyQA [6]], a binary (yes/no) multi-hop reasoning benchmark requiring im-
plicit decomposition of questions into reasoning steps. We use subsets from the test split of the
wics/strategy-qa dataset on HuggingFace: 150 questions for the main comparison and 50 ques-
tions for threshold sensitivity and ablation studies (due to compute budget constraints). For retrieval,
we index 2,000 passages from the wiki_snippets corpus using BM25 [13].

4.2 Evaluation Method

We report four metrics: Exact Match (EM): Percentage of questions where the extracted answer
matches the gold label. Average Retrieval Calls: Mean number of retrieval operations per question.
Retrieval Efficiency Score (RES): Defined as RES = EM/(avg_calls + 1), measuring accuracy
per unit of retrieval cost. The +1 smoothing ensures RES is well-defined when avg_calls = 0; RES
is not reported for methods that perform no retrieval, as the metric is designed to evaluate retrieval
efficiency. Latency: Average wall-clock time per question in seconds.



Method EM (%) AvgCalls RES Lat(s/q)

Parametric-Only 51.3 0.0 — 7.5
FLARE (6=0.5) 56.0 44 10.4 26.7
Entropy-RAG (7=1.0) 553 8.0 6.1 26.5
Entropy-RAG+EWQ (7=1.0) 55.3 6.3 7.6 25.7

Table 1: Main StrategyQA results (n=150, 2K Wikipedia passages, test split). RES = EM /
(avg_calls + 1); not applicable for Parametric-Only (no retrieval). Bold = best overall; underline
= best among entropy methods.

Answer extraction uses word-boundary regex matching for “yes”/no” in the generated chain-of-
thought, taking the last occurrence in case of conflicts.

4.3 Experimental Details

We use Llama-3-8B-Instruct [7] with NF4 quantization via bitsandbytes [14]], running on NVIDIA
A100-40GB GPUs through Modal cloud compute. All methods use 6-shot chain-of-thought prompt-
ing following [12], with a maximum of 256 new tokens and up to 10 retrieval calls per question.
BM25 retrieves the top-3 passages per call. For FLARE, we set § = S = 0.5 with a lookahead
window of 64 tokens. For Entropy-RAG, we evaluate thresholds 7 € {0.5,1.0,1.5,2.0} and use
7 = 1.0 for main comparisons. EWQ uses k£ = 5 tokens for query construction with 7 = 1.0.

4.4 Main Results

Table|l|presents our main results on 150 StrategyQA questions. All RAG methods substantially out-
perform the parametric baseline (+4-5% EM), confirming that retrieval helps multi-hop reasoning
even with a small passage corpus.

FLARE achieves the highest EM (56.0%) with the fewest retrieval calls (4.4), yielding the best RES
(10.4). Its lookahead mechanism effectively identifies when retrieval is needed, though this comes
at the cost of an additional forward pass per retrieval event.

Entropy-RAG and EWQ both achieve 55.3% EM, only 0.7% below FLARE. To assess significance,
we compute a 95% bootstrap confidence interval for the EM difference between FLARE and EWQ
over 10,000 resamples of the 150 questions: AEM = 0.7% with 95% CI [—5.3%, 6.7%], confirming
the gap is not statistically significant (p = 0.83 via McNemar’s test on the 150 paired predictions).

The key differentiator is retrieval efficiency: EWQ reduces calls from 8.0 (standard Entropy-RAG)
to 6.3, a 21% reduction, while maintaining identical accuracy. This validates our central hypothesis:
entropy-weighted query construction produces more targeted retrievals, reducing redundant calls.

Notably, EWQ achieves this efficiency gain without any lookahead forward pass, unlike FLARE.
While FLARE’s total retrieval count is lower (4.4), each FLARE retrieval requires an additional
forward pass for draft generation, making the per-retrieval cost roughly double. When accounting
for this computational overhead, EWQ’s effective cost is competitive with FLARE despite more
retrieval calls. Latency confirms this: EWQ achieves the lowest latency among retrieval methods
(25.7s) thanks to eliminating the lookahead pass.

4.5 Threshold Sensitivity and Method Comparison

To examine threshold sensitivity and compare all five method families, we run the complete 8-
configuration experiment on a 50-question subset (Table 2)).

Threshold robustness. All four Entropy-RAG thresholds (7 € {0.5,1.0, 1.5,2.0}) achieve identi-
cal 56.0% EM, with the threshold controlling only retrieval frequency: calls decrease smoothly from
8.6 (1=0.5) to 7.8 (1=1.5) before slightly increasing to 7.9 (7=2.0). This robustness is a desirable
property—practitioners can tune 7 to trade off latency vs. retrieval thoroughness without risking
accuracy degradation.

Fixed-Interval vs. adaptive methods. Fixed-Interval retrieval achieves 56.0% EM but requires 10.0
calls per question—the maximum allowed—wasting retrieval budget on confident generation steps.



Method EM (%) AvgCalls RES Lat(s/q)

Parametric-Only 48.0 0.0 — 4.8
Fixed-Interval (N=3) 56.0 10.0 5.1 25.2
FLARE (6=0.5) 58.0 44 10.7 24.0
Entropy-RAG (7=0.5) 56.0 8.6 5.8 27.3
Entropy-RAG (7=1.0) 56.0 8.0 6.2 27.0
Entropy-RAG (7=1.5) 56.0 7.8 6.4 26.4
Entropy-RAG (7=2.0) 56.0 7.9 6.3 249
Entropy-RAG+EWQ (7=1.0) 56.0 6.4 7.6 26.3

Table 2: Full method comparison with threshold sensitivity (n=50, 2K passages). RES = EM /
(avg_calls + 1); not applicable for Parametric-Only. All Entropy-RAG variants achieve identical
EM regardless of 7, demonstrating that the threshold controls retrieval frequency without affecting
accuracy. Fixed-Interval uses the most calls (10.0) with no accuracy benefit over adaptive methods.

Trigger (Threshold) EM (%) AvgCalls RES Lat (s/q)

Entropy (7=0.5) 56.0 8.6 5.8 27.7
Entropy (7=1.0) 56.0 8.0 6.2 27.4
Entropy (7=1.5) 56.0 7.8 6.4 26.8
Min-Prob (6=0.5) 56.0 10.0 5.1 28.3
Min-Prob (6=0.3) 56.0 10.0 5.1 28.3
Variance (o=1e-4) 46.0 0.0 —f 7.3

Table 3: Ablation: standalone token-level retrieval triggers (n=50, 2K passages). All use last-
sentence query construction; only the trigger differs. The full FLARE system (Table [I) adds
sentence-level aggregation and lookahead on top of min-probability. 'RES undefined: Variance
never triggers retrieval, degenerating to Parametric-Only.

Both FLARE (4.4 calls) and EWQ (6.4 calls) achieve equal or better accuracy with substantially
fewer calls, demonstrating the value of uncertainty-guided triggering.

EWQ advantage. Among entropy methods, EWQ achieves the best RES (7.6) by reducing calls
from 8.0 to 6.4 (a 20% reduction at n=50, consistent with the 21% reduction observed at n=150),
confirming that entropy-weighted query construction produces more targeted retrievals.

5 Ablation Study

To validate that entropy is a superior uncertainty proxy, we compare three retrieval triggers—
Shannon entropy, min-probability, and logit variance—each at multiple threshold settings. Impor-
tantly, this ablation isolates the trigger function only: all methods use the same generation pipeline
with last-sentence query construction (no lookahead, no EWQ). This differs from the full FLARE
system in Table [T} which combines min-probability with sentence-level aggregation and lookahead
masking. Results are in Table[3|on a 50-question subset (reduced from 150 due to compute budget).

The ablation reveals a clear hierarchy. Shannon entropy achieves the best RES (6.2-6.4) across
thresholds, with retrieval calls scaling smoothly from 8.6 (7=0.5) to 7.8 (7=1.5). When min-
probability is used as a token-level trigger in isolation (without FLARE’s sentence-level aggregation
and lookahead), it fires at every step regardless of threshold (/=0.5 and 6#=0.3 both yield 10.0 calls).
This confirms our analysis: for a 128K-token vocabulary, min, p; is effectively always near zero.
FLARE avoids this degeneracy through sentence-level aggregation and lookahead—which is why
the full FLARE system achieves only 4.4 calls despite using min-probability as its underlying signal.
Variance at o=1e-4 never triggers retrieval (0.0 calls), collapsing to the parametric baseline (46.0%
EM).

These results support entropy as the most effective standalone uncertainty proxy—it requires no
additional mechanisms to function as a reliable retrieval trigger.



Q1: "Are more people today related to Genghis Khan than Julius Caesar?"
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Figure 1: Per-token entropy H(P;) during generation for two StrategyQA questions. Red dashed
line: threshold 7 = 1.0; red triangles: retrieval triggers (capped at 10). Top: The model generates
confidently for tokens 1-28 (“Genghis Khan had many children across Asia...”), then entropy spikes
at a knowledge boundary where specific facts are needed. Bottom: Entropy spikes early due to
lexical ambiguity (“The Police” = band vs. law enforcement), illustrating the linguistic entropy
failure mode that causes unnecessary early retrievals.

6 Analysis

6.1 Entropy Dynamics During Generation

Figure [T] visualizes per-token entropy for two representative questions. In QI, the model begins
with high confidence (H < 0.5 nats for tokens 1-28), producing fluent reasoning about Genghis
Khan’s descendants. Entropy then spikes sharply at token 29, marking a knowledge boundary where
the model transitions from well-known facts to specific numerical claims. This spike pattern—
long confident stretches punctuated by sharp uncertainty peaks—is precisely what entropy-triggered
retrieval is designed to exploit: retrieval is invoked only at knowledge boundaries, not during fluent
generation.

In contrast, Q2 exhibits early entropy spikes due to lexical ambiguity: “The Police” could refer to the
rock band or actual police officers. This triggers retrieval at tokens 0, 2, 4, 6—before the model has
established the correct interpretation. This illustrates the linguistic entropy failure mode: syntactic
or semantic ambiguity at choice points produces high entropy without indicating factual knowledge

gaps.
6.2 Why Entropy Over Min-Probability?

Consider a vocabulary of size |V| = 128,256. Even when the model is highly confident—placing
99% mass on the correct token—min, p; is effectively zero. This makes bare min-probability a poor
discriminator between confident and uncertain states. In contrast, entropy for a near-deterministic
distribution is close to 0 nats, while a uniform distribution yields H =~ log(128,256) ~ 11.8 nats.



The dynamic range of entropy (~12 nats) far exceeds that of min-probability (~0 to ~0.01), mak-
ing threshold selection more intuitive and robust. Our ablation empirically confirms this: entropy
thresholds produce smoothly varying retrieval rates, while bare min-probability saturates at the max-
imum.

6.3 EWQ Query Quality

FLARE’s masking strategy has two failure modes: over-masking (removing too many tokens, pro-
ducing an incoherent query) and under-masking (retaining low-value tokens, diluting query speci-
ficity). EWQ sidesteps both by constructing queries from the most informative tokens—those gen-
erated under high uncertainty and with high TF-IDF specificity. This explains why EWQ achieves
the same EM with fewer calls: each retrieval is more targeted.

6.4 Computational Cost

Let Cwg denote the cost of one forward pass and R the number of retrieval events. FLARE’s cost
isT - Ctwa + Rp - (Ctwa + Cret), where Rp - Chya comes from lookahead passes. Entropy-RAG’s
costis T - Crwa + RE - Cret (n0 lookahead), and EWQ adds only O(T log T') sorting per retrieval.
With Rr = 4.4 and Rgwq = 6.3, and assuming Cy = Cpwa, FLARE’s retrieval overhead is
4.4 x 2C ~ 8.8C' while EWQ’s is 6.3C—EWQ is cheaper despite more calls, consistent with its
lower observed latency (25.7s vs 26.7s).

6.5 Error Analysis

We identify three failure modes: Confident hallucinations: The model generates factually in-
correct reasoning with low entropy, never triggering retrieval. This is a fundamental limitation
of uncertainty-based triggering—when the model is confidently wrong, no entropy threshold can
help. Linguistic entropy: Function words at syntactic choice points produce high entropy without
indicating knowledge gaps, causing unnecessary retrievals. This partially explains why Entropy-
RAG triggers more calls (8.0) than FLARE (4.4), which benefits from sentence-level aggregation
that smooths token-level noise. Retriever ceiling: With only 2,000 passages, many questions lack
relevant passages regardless of query quality. Scaling to a larger corpus would likely improve all
methods.

7 Conclusion

We presented Entropy-RAG, which replaces FLARE’s min-probability trigger with Shannon en-
tropy, and EWQ, which reuses the entropy signal to construct retrieval queries without lookahead
passes. On 150 StrategyQA questions, EWQ achieves 55.3% EM—within 0.7% of FLARE (not
significant, p = 0.83)—with 21% fewer calls than standard entropy triggering and lower effec-
tive compute cost than FLARE. Our ablation demonstrates that entropy is the only tested proxy
that provides controllable standalone retrieval triggering; bare min-probability degenerates without
FLARE’s lookahead, while variance fails entirely.

Future work should explore hybrid approaches combining entropy triggering with lightweight looka-
head, learned per-question thresholds, dense retrievers (DPR, Contriever), larger corpora, and cross-
dataset evaluation on HotpotQA, Natural Questions, and WikiHop.

Limitations. Our evaluation uses a single model (Llama-3-8B) and a subset of StrategyQA (150
questions for main results, 50 for threshold sensitivity and ablation). Evaluation on the full test set
(2,290 questions) and additional datasets would strengthen conclusions. The 2,000-passage corpus
is substantially smaller than full Wikipedia, creating a retriever ceiling that may mask differences
emerging at scale. Our entropy threshold 7 is fixed per-run; adaptive thresholds may perform better.
Finally, entropy assumes calibration—if the model is confidently wrong, no entropy-based method
can detect the need for retrieval.
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Hyperparameter Settings

Table [4|lists all hyperparameters used in our experiments.



Hyperparameter Value

Model Llama-3-8B-Instruct
Quantization NF4 (bitsandbytes)
Max new tokens 256

Max retrieval calls 10

Top-k passages 3

BM2S5 corpus size 2,000 passages
Fixed-Interval N 3 sentences
FLARE 0, g8 0.5,0.5
FLARE lookahead 64 tokens
Entropy 7 {0.5,1.0, 1.5, 2.0}
EWQ top-k tokens 5

Few-shot examples 6 (Chain-of-Thought)
GPU NVIDIA A100-40GB (Modal)

Table 4: Full hyperparameter settings.

B Prompt Template

All methods use the following 6-shot chain-of-thought prompt. We show the instruction and one
exemplar; the remaining 5 follow the same format.

Answer the following yes/no question by reasoning
step-by-step, then give the final answer.

Q: Could a llama birth twice during War in
Afghanistan (2001-2021)7

A: The War in Afghanistan lasted 20 years. The
gestation period for a llama is about 11.5
months. 20 years / 11.5 months = ~20 births.
The answer is yes.

[... 5 more exemplars ...]

Q: {question}
A:

When retrieval is triggered, passages are prepended:

Reference information:
[1] {passage_1} [2] {passage_2} [3] {passage_3}

Q: {question}
A:



	Introduction
	Related Work
	Approach
	Problem Formulation
	Entropy-Triggered Retrieval
	Entropy-Weighted Querying (EWQ)
	Baseline Methods

	Experiments
	Data
	Evaluation Method
	Experimental Details
	Main Results
	Threshold Sensitivity and Method Comparison

	Ablation Study
	Analysis
	Entropy Dynamics During Generation
	Why Entropy Over Min-Probability?
	EWQ Query Quality
	Computational Cost
	Error Analysis

	Conclusion
	Hyperparameter Settings
	Prompt Template

