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Abstract

Recent approaches that leverage large language models (LLMs) for
pseudo-relevance feedback (PRF) have generally not utilized well-
established feedback models like Rocchio and RM3 when expanding
queries for BM25. Instead, they often opt for a simple string concate-
nation of the query and LLM-generated expansion content. In this
paper, we revisit and systematically evaluate traditional BM25 feed-
back models in the context of HyDE, a popular method that enriches
query representations using LLM-generated hypothetical answer
documents. Experiments demonstrate a mutually beneficial relation-
ship between BM25 feedback models and HyDE. Feedback models
are more effective when provided LLM-generated documents ver-
sus top-ranked documents retrieved by BM25, while HyDE benefits
from feedback algorithms that select and weight expansion terms.
In fact, by incorporating BM25 feedback models within the HyDE
setup, we can further narrow the gap between BM25 and a strong
“single-shot” dense retriever, without incurring the costs associated
with such embedding-based retrieval methods. Ultimately, our re-
sults demonstrate that traditional BM25 feedback models can play
an important role within modern LLM PRF methods and provide
a simple approach to further enhance the accuracy of HyDE. Our
code is available at https://github.com/nourj98/hyde-feedback.
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1 Introduction

Hypothetical Document Embeddings (HyDE) [10] represent a sim-
ple, yet effective method to improve the accuracy of “bag of words”
retrieval methods like BM25 by utilizing large language models
(LLMs) to expand queries with hypothetical answer documents. The
core concept underlying HyDE is that the knowledge contained
within the parameters of LLMs can be leveraged as a form of rele-
vance feedback, helping bridge the vocabulary gap between query
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Figure 1: Conceptual illustration of HyDE with feedback
based on string concatenation (naive concatenation and
Query2Doc-style), contrasted against HyDE using BM25 feed-
back models (Rocchio and average vector).

representations and those of its corresponding relevant documents.
This builds upon decades of research in information retrieval (IR)
on pseudo-relevance feedback (PRF), which traditionally assumed
top-ranked documents from a first-stage retriever (like BM25) con-
tain useful expansion terms which can be used for enriching the
query representation. Other than obvious distinctions that are sim-
ply due to advancements in modeling, the core difference between
traditional PRF techniques and HyDE is primarily the source of the
feedback terms: traditional PRF methods extract feedback terms
from top-ranked retrieved documents, whereas HyDE’s feedback
terms are generated directly by the LLM.

In addition, despite this seemingly small difference, another dis-
tinction surprisingly lies in the exact mechanism used to update
the query representation for BM25. Traditional PRF techniques
typically run two phases after an initial set of candidate feedback
documents are returned [4]. The first phase consists of selecting the
terms to be included in the expanded query, gnew. The second phase
consists of properly weighting these selected terms, along with
those in the original query, for gnew. On the other hand, HyDE and
its variants [18, 23] have generally opted for string concatenation
strategies that directly feed the LLM-generated text and the original
query into BM25 with minimal processing.

These differences raise two important questions: Can traditional
BM25 feedback models benefit from HyDE? And, conversely, can
HyDE benefit from such feedback models?

To answer the first question, we revisit feedback models for
selecting and weighting expansion terms generated by HyDE, fo-
cusing primarily on those which remain widely used today, such as
Rocchio [15] and RM3 [1]. Across 14 retrieval datasets, our results
demonstrate that simply substituting top-ranked BM25-retrieved
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documents with HyDE-generated documents consistently improves
the effectiveness of BM25 feedback models.

To answer the second question, we compare HyDE using BM25
feedback models against the standard string concatenation strategy.
Our results demonstrate that leveraging BM25 feedback models
improves the effectiveness of HyDE. For example, by utilizing the
Rocchio feedback algorithm, HyDE's effectiveness can improve by
as much as 1.4 points (4.2%) on average versus a top-performing
string concatenation approach. The improvement is even more
pronounced on the diverse retrieval tasks in BEIR [16], with BM25
feedback models improving HyDE’s effectiveness by as much as
2.2 points (6%).

Our contributions are as follows. First, we show that BM25 feed-
back models can benefit from recent advancements in leveraging
LLMs as a tool for relevance feedback. Second, we run a compre-
hensive evaluation of HyDE with different feedback mechanisms.
While recent work has primarily examined how to improve the
expansions the LLM produces, relatively little effort has been de-
voted to evaluating different ways LLM-generated feedback can be
leveraged to update the query representation for BM25. To the best
of our knowledge, our study represents the first to properly com-
pare different feedback mechanisms, spanning new and traditional
techniques, in the context of LLM-generated feedback. Finally, we
demonstrate that the vast literature on BM25 feedback models,
which has been mostly overlooked by newer LLM PRF approaches,
remains highly relevant and can provide substantial improvements
in the effectiveness of HyDE.

2 Methods

Given a query g, HyDE first prompts an LLM to generate a hypothet-
ical answer document and samples N variations, e = {021, el ch}
The terms in these hypothetical documents form the basis of what
is subsequently used for generating gnew. In this section, we first
describe how traditional BM25 feedback models can be leveraged in
the HyDE setup. We then overview different string concatenation
strategies used in the LLM PRF literature that we compare BM25
feedback models against.

2.1 BM25 Feedback Models

BM25 feedback models typically undergo two phases before gen-
erating the updated query gnew. The first phase selects the set of
feedback terms from e for inclusion in gpew. Then, in the second
phase, weights are assigned to the selected terms to form the up-
dated query representation.

2.1.1 Selecting Feedback Terms. Once HyDE has generated e, we
generate a term-frequency vector, f (d;), for each of the feedback
documents in e. We then directly follow the process implemented
in Anserini [22], which, at a high level, first filters out common
corpus terms from each feedback vector, keeping only the terms
which occur in less than 10% of the corpus documents. From these
filtered vectors, f (d;), candidate expansion terms are then ranked
by the sum of their normalized term frequencies across each of
f (d;) and, from this, f (d;) is further pruned to only include the
top-k ranked feedback terms [4].!

IThe specifics of this selection procedure can be different based on the feedback model.
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Now that we have a set of feedback terms for each of the HyDE-
generated documents, we next discuss the different feedback models
considered in our evaluation for generating gpeyw-

2.1.2  Average Vector Feedback. The first feedback model we con-
sider is the average vector feedback, which is a reformulation of
HyDE’s proposed query update — originally designed for dense
vectors — to the bag-of-words vector space. The average vector
update takes a simple average of the query representation and the
representations of the hypothetical answer documents. In particu-
lar, it considers the query as an additional feedback document in
e, ie., enypE = {q, cfl, .. ch} Adapted to the bag-of-words space,
the weight of a term wy g, i gnew is computed as follows:

Wi = s O Fl@] m
d;i€enypE
Here, f(di) [] is the normalized frequency of t in f(di). Note that
]; is computed as described in Section 2.1.1, however, for g, we do
not filter out common corpus terms. At a high level, this represents
a term-weight as its average across the query and HyDE-generated
documents.

2.1.3 Traditional Feedback Models: Rocchio and RM3. We next
consider Rocchio’s algorithm, which is a more generalized version
of the HyDE vector update that instead controls the weight of the
query vector and feedback vectors using parameters, @ and f, rather
than an equal weighting:

Vg =@ F@I+ £ 3 Fd i @)
dice
Here, f(q) is the normalized term-frequency vector of ¢, and f(q) [¢]
is the normalized frequency of t in f(q).

Lastly, we consider the RM3 feedback approach [1]. Given feed-
back documents, RM3 estimates a relevance model that computes
the probability that a term is observed in a document relevant
to the query [13]. In our case, this probability is estimated based
on the hypothetical documents in e. This relevance model is then
linearly interpolated with the probability of the term given the
original query. Using our above framework, the term-weight would
be computed as follows:

Wiguew = A+ P(tlg) + (1= 1) )" P(tldy) 3)
dice
The exact mechanism for how to compute P(t|cf,~) is beyond the
scope of this paper. We refer readers to Abdul-Jaleel et al. [1] and
to the RM3 implementation in Anserini [22], which we adopted in
our experiments.
Once the weights for each feedback term in gnew have been
computed, we construct custom Lucene queries for Anserini in
which each term’s boost is set to wy g,

2.2 String Concatenation Baselines

While we aim to understand if HyDE can benefit BM25 feedback
models, it is also critical to evaluate whether feedback models can
improve HyDE itself, relative to existing approaches which inte-
grate LLM-generated hypothetical documents with BM25.
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To do so, we compare BM25 feedback models against three string
concatenation strategies to generate gneyw. It is worth noting that,
unlike the feedback models described, string concatenation ap-
proaches primarily focus on boosting the query term-weights, while
leaving the generated hypothetical documents “as-is”.

2.2.1  Query2Doc. Our first baseline is Query2Doc [18], which was
one of the first to propose the use of LLM query expansion via
the string concatenation operation. To generate gnew, Query2Doc
repeats the query a constant r times before appending it to a gener-
ated hypothetical document die., Gnew = Concat(gxr, d). We note
that one crucial difference between Query2Doc and HyDE, how-
ever, is that Query2Doc only generates one hypothetical document
rather than N. As we will detail in Section 3, to control for any
differences in effectiveness that may arise from HyDE generating
N hypothetical documents — versus Query2Doc only generating
one — we limit the number of top-k feedback terms used by HyDE
with BM25 feedback models to match the length of Query2Doc’s
generated hypothetical document. In turn, this comparison allows
us to directly study how implementing HyDE with feedback mod-
els compares to a strong string concatenation baseline under an
approximately equal budget of feedback terms.

Our next two baselines directly leverage all N samples of the
HyDE-generated documents in e.

2.2.2  Naive Concat. Our second baseline is a naive concatena-
tion approach which simply concatenates the query to the HyDE-
generated documents, i.e., gnew = Concat (g, ). We note that this,
by itself, would return similar rankings by BM25 to the average
vector feedback described in 2.1.2, assuming no selection of feed-
back terms is performed (i.e., if we bypass the term-selection step
detailed in 2.1.1).% As such, this feedback method allows us to evalu-
ate how useful it is to select feedback terms from HyDE-generated
documents.

2.2.3 MuGl Concat. Our last baseline is based on the adaptive
query reweighting approach proposed in MuGI [23], which we refer
to as MuGI Concat. MuGI Concat serves as our upper bound on
string concatenation effectiveness, as it leverages all N of HyDE’s
generated documents in its updated query and leverages an adaptive
query repeat, rather than a single (e.g., Naive Concat) or constant
repeat (e.g., Query2Doc). MuGI adaptively repeats the query y times
before concatenating it with the HyDE-generated documents in e.
To compute y, MuGI uses the following equation:

_len(d)) +len(dy) + - - - + len(dy)
! len(g) - ¢
As such, gpew = Concat(q Xy, e).

©

3 Experimental Setup

The aim of our experiments is to (1) evaluate whether BM25 feed-
back models benefit from leveraging HyDE documents and (2)
compare HyDE with BM25 feedback models against the string con-
catenation baselines described in Section 2.2.

2This assumes that BM25 creates the query vector using a term-frequency vector, as
described in Ge et al. [11], which would only cause BM25 similarity scores to differ by
a multiplicative constant due to using a sum rather than a mean term-weight.

SIGIR ’26, July 20-24, 2026, Melbourne, VIC, Australia

Our HyDE implementation follows the approach described in Gao
et al. [10]. We sample eight hypothetical documents of up to 512 to-
kens. When implementing HyDE, we consider three LLMs: Qwen2.5-
7B-Instruct [21], Qwen3-14B [20], and gpt-oss-20b [2].

For the average vector, Rocchio, and RM3 feedback models, we
stick to the default hyperparameters used in the literature [14].
Namely, for Rocchio we set « = 1 and f = 0.75. For RM3, we
set the query weight A to 0.5. All feedback models select up to
k = 128 feedback terms to match the number of feedback terms
used by Query2Doc [18], one of our string concatenation baselines.
We explore varying the number of feedback terms and generated
hypothetical documents in Section 5.

To isolate the effect of HyDE on BM25 feedback models, we first
compare against the average vector, Rocchio, and RM3 feedback
models when using top-ranked BM25-retrieved documents rather
than HyDE documents. We directly leverage the same hyperparam-
eters described above for Rocchio and RM3, and use eight BM25
feedback documents to match the number of HyDE-generated doc-
uments. We also consider BM25 without any query expansion and
include BGE-base-en-v1.5 [19] as a strong dense retrieval baseline.

To evaluate whether HyDE benefits from BM25 feedback models,
we compare HyDE with feedback models against the Query2Doc,
Naive Concat, and MuGI Concat baselines described in Section 2.2.
For Query2Doc, we follow the implementation in Wang et al. [18]:
we repeat the query a constant of five times and generate a single
hypothetical document of up to 128 tokens. For MuGI Concat, we
set ¢ =5, following [23].

We evaluate all methods on five web-search datasets from MS
MARCO v1 (TREC DL19 and TREC DL20) [3, 7, 8], and from MS
MARCO v2 (TREC DL21, TREC DL22, and TREC DL23) [5, 6, 9].
We also evaluate on nine retrieval datasets from BEIR [16]. The
tasks include news retrieval (TREC-News, Robust04), financial ques-
tion answering (FiQA), entity retrieval (DBpedia), biomedical IR
(TREC-COVID, NFCorpus), fact checking (SciFact), citation predic-
tion (SCIDOCS), and argument retrieval (ArguAna). For metrics, we
report Recall@20 to reflect a common use of HyDE within retrieval-
augmented generation systems, e.g., top-20 documents retrieved
are fed into the LLM for answer generation [17].

All retrieval experiments were conducted using the BM25 imple-
mentation from Anserini [22] via the Pyserini [14] Python wrapper;
default BM25 parameters were used. Pyserini provides convenient
APIs for accessing index statistics used to compute feedback doc-
ument vectors, f (cii), via its IndexReader API, as well as for con-
structing custom Lucene queries through its Query Builder API.
LLM inference was performed using vLLM [12].

4 Results

Experimental results on the MS MARCO and BEIR datasets are
shown in Table 1. Below we highlight the key findings:

BM25 feedback models are more effective with HyDE-
generated documents. When controlling for the feedback model
(Avg Vector, RM3, Rocchio), we find that applying relevance feed-
back over HyDE documents consistently improves Recall@20 rel-
ative to applying the same feedback model over BM25-retrieved
documents. For example, feedback with Avg Vector, RM3, and Roc-
chio over HyDE (gpt-o0ss-20b) documents yields improvements of
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Table 1: Main results (Recall@20) on MS MARCO and BEIR. Bold denotes best feedback approach for a given LLM.

MS MARCO BEIR

DL19 DL20 DL21 DL22 DL23|COVID News SciFact FiQA DBpedia NFCorpus Robust04 SCIDOCS ArguAna|BEIR (Avg.)|All (Avg.)
BM25 27.0 326 147 44 125 3.0 20.8 852 371 28.3 18.0 20.0 20.6 79.1 34.7 28.8
BGE-base-en-v1.5 37.6 495 - - - 4.0 26.7 92.4 55.7 33.2 22.1 18.9 30.0 95.3 42.0 -
Feedback Models
BM25 + Avg Vector 301 352 174 5.0 125 3.0 24.3 86.5 31.5 28.3 21.7 19.3 21.6 79.7 35.1 29.7
BM25 + RM3 289 363 175 49 126 33 24.9 86.9 354 28.7 22.0 21.0 22.0 85.5 36.6 30.7
BM25 + Rocchio 28.7 353 173 51 129 3.1 25.2 874 337 29.1 22.3 20.8 22.0 81.9 36.2 30.4
Qwen2.5-7B
String Concatenation
Query2Doc 341 445 182 106 17.1 3.6 242 905 377 31.3 21.3 21.9 21.3 80.8 37.0 32.6
HyDE + Naive Concat | 29.5 369 17.6 11.1 14.6 3.6 22.4 889  29.2 27.4 20.2 17.6 21.0 69.9 33.3 29.3
HyDE + MuGI Concat | 37.3 46.4 20.3 122 16.5 4.0 26.4 89.4 36.6 33.6 21.3 21.0 22.0 74.0 36.5 329
Feedback Models
HyDE + Avg Vector 333 419 188 123 151 3.4 26.8 893 358 29.2 21.7 23.0 22.6 78.1 36.6 32.2
HyDE + RM3 328 401 195 9.1 15.1 3.7 26.4 89.3  40.6 32.3 21.2 233 22.2 82.4 37.9 32.7
HyDE + Rocchio 369 455 203 117 165 3.9 27.0 905 399 33.9 21.8 23.7 22.4 82.9 38.4 34.0
Qwen3-14B
String Concatenation
Query2Doc 325 442 209 101 155 3.7 26.5 909 383 32.5 21.5 221 22.2 81.1 37.7 33.0
HyDE + Naive Concat | 29.2 387 169 114 1438 3.4 24.8 90.1 315 27.3 21.2 18.0 211 74.8 34.7 30.2
HyDE + MuGI Concat | 37.3 46.0 225 124 16.4 3.9 25.9 90.9  36.9 34.0 21.6 21.2 22.8 76.4 37.1 334
Feedback Models
HyDE + Avg Vector 30.7 425 181 11.8 153 33 27.8 91.1 363 29.2 223 23.1 23.7 79.8 374 325
HyDE + RM3 33.0 405 203 88 148 3.8 27.4 90.8 411 32.8 214 24.0 224 83.3 38.5 33.2
HyDE + Rocchio 374 473 229 118 162 3.8 27.8 909 414 33.7 221 24.0 234 83.8 39.0 34.7
gpt-oss-20b
String Concatenation
Query2Doc 375 440 206 99 155 3.8 24.8 87.7  39.0 31.2 20.6 21.4 21.1 80.9 36.7 32.7
HyDE + Naive Concat | 28.9 388 189 88 14.0 31 24.5 91.8 31.3 26.5 20.6 18.2 14.7 72.4 33.7 29.5
HyDE + MuGI Concat | 38.4 453 230 121 149 3.8 26.0 90.6  39.4 33.6 21.1 21.9 20.9 74.8 36.9 33.3
Feedback Models
HyDE + Avg Vector 329 420 195 103 139 3.2 28.7 91.5 37.7 28.9 22,5 24.1 21.8 78.6 374 325
HyDE + RM3 31.8 414 204 92 149 3.9 27.0 91.0 42.1 32.4 21.6 24.5 22.2 82.5 38.6 33.2
HyDE + Rocchio 369 458 235 123 154 3.8 28.1 919 420 33.8 221 24.6 22.7 82.5 39.1 34.7

2.8, 2.5, and 4.3 points, respectively, compared to feedback with
BM25-retrieved documents across all datasets. This trend is stable
regardless of the LLM: when running HyDE using Qwen2.5-7B,
we find similar improvements (2.5, 2.0, and 3.6 points on average,
respectively). Interestingly, we note that while RM3 is less effective
than Rocchio when applied to HyDE documents, this is not the case
when applied to top-ranked BM25 documents.

Filtering out noisy terms from HyDE-generated documents
improves effectiveness. Comparing HyDE + Avg Vector to HyDE
+ Naive Concat, we find that the average vector approach is con-
sistently more effective, yielding improvements of 2.9, 2.3, and 3.0
points on average for Qwen2.5-7B, Qwen3-14B, and gpt-oss-20b,
respectively. As the main difference between HyDE + Avg Vector
and HyDE + Naive Concat lies in the term selection step, this shows
that it is helpful to filter out noisy terms from HyDE documents.

Rocchio feedback demonstrates the strongest effective-
ness with HyDE. Across all LLMs, HyDE + Rocchio consistently
outperforms the other feedback models and string concatenation
methods. Compared to HyDE + Avg Vector, which operates in a sim-
ilar vector space, the crucial difference is that the Rocchio algorithm
gives more weight to the query terms. This suggests that the HyDE
feedback mechanism (i.e., average vector) proposed in Gao et al.

[10] underemphasizes query terms. Additionally, one advantage of
the Rocchio algorithm compared to the adaptive query reweighting
of MuGI Concat is that the query weight can be adapted linearly
with a single parameter rather than being dependent on other fac-
tors such as feedback document length. An interesting area for
future work would be to investigate how to adaptively reweight the
a and f parameters for Rocchio using a scheme like that of MuGIL.

String concatenation approaches are less effective on di-
verse retrieval tasks in BEIR. Compared to feedback models,
Query2Doc and HyDE + MuGI Concat are generally competitive
on the MS MARCO datasets, but are consistently less effective on
BEIR. Taking HyDE + RM3 using gpt-oss-20b as a representative
case, Query2Doc and HyDE + MuGI Concat beat HyDE + RM3 on
all MS MARCO datasets. However, on BEIR, RM3 beats Query2Doc
on all 9 datasets, and MuGI Concat on 8 of the 9. This suggests that
updating the query representation using feedback models is gener-
ally more robust to different query variations. In fact, BM25 + RM3
or BM25 + Rocchio with no LLM is competitive with Query2Doc
and HyDE + MuGI Concat — and more effective than HyDE + Naive
Concat - on the BEIR datasets.

HyDE with feedback models brings BM25 closer to a strong
“single-shot” dense retriever. Lastly, our results demonstrate
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Figure 2: Varying the number of feedback terms and gen-
erated HyDE documents on HyDE + Rocchio accuracy. Re-
call@20 represents an average over the datasets in Table 1.

that using HyDE with better feedback mechanisms can push a
BM25 retrieval pipeline closer to the effectiveness of BGE on BEIR,
without requiring any of the costs associated with dense retrievers.
We highlight that this was achieved through simply adapting well-
established BM25 feedback models to the HyDE framework. This
naturally leads to the question of how much further the gap can be
reduced by developing feedback models which are better optimized
for HyDE documents.

5 Analysis of Feedback Size

In this section, we investigate two hyperparameters which may
influence the accuracy of HyDE with traditional feedback models:
the number of feedback terms and the number of HyDE-generated
documents. We run HyDE + Rocchio with a varying number of (1)
feedback terms and (2) generated HyDE documents over the MS
MARCO and BEIR datasets. We also evaluate MuGI under varying
numbers of generated HyDE documents and include Query2Doc as
a baseline. Qwen3-14B is the LLM considered for this experiment.
The results are in Figure 2.

On MS MARCQO, increasing the number of feedback terms for
HyDE + Rocchio results in a consistent improvement in accuracy
up until 64 terms. Beyond 64 feedback terms, however, effectiveness
is largely stable. We observe a similar trend with respect to the
number of HyDE documents: effectiveness improves until reaching
four generated feedback documents.

On BEIR, HyDE + Rocchio exhibits more stability across different
numbers of feedback terms and HyDE documents, suggesting that
increasing these parameters is not necessarily more beneficial on
the different BEIR search tasks. This further demonstrates — at least
on BEIR - that properly selecting good feedback terms (e.g., by
filtering out noisy terms as described in Section 2.1.1) is a valuable
step. In fact, when using only 16 feedback terms with one HyDE
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document, HyDE + Rocchio outperforms the best MuGI baseline
despite leveraging far fewer feedback terms.

6 Conclusion

In this work, we revisit traditional BM25 feedback models for
pseudo-relevance feedback in the context of HyDE. Our experi-
ments across 14 retrieval datasets demonstrate that BM25 feedback
models and HyDE are mutually beneficial: by simply swapping
top-ranked documents retrieved by BM25 with HyDE-generated
documents, Rocchio and RM3 feedback see notable improvements
in effectiveness. Conversely, by incorporating BM25 feedback mod-
els into the HyDE setup, HyDE’s effectiveness increases by up to
1.4 points (4.2%) — with a 2.2-point (6%) improvement on BEIR - rel-
ative to the recent standard practice of integrating LLM-generated
documents with BM25 via string concatenation.

Given these gains, an obvious follow-up question is: Why does
HyDE with BM25 feedback models outperform HyDE with string
concatenation? Our results suggest that improvements come from
two sources. The first is that feedback models implicitly filter out
noisy terms, keeping only terms that are meaningful within the
corpus and assigned high weight within HyDE'’s generations. The
second improvement, we hypothesize, comes from a more stable and
linear weighting of query terms and terms in the HyDE-generated
documents via simple parameters such as @ and A, rather than
through string repetition. This may help explain why the average
vector, RM3, and Rocchio feedback models demonstrated stronger
robustness on the diverse range of queries present across the BEIR
retrieval tasks.

Our findings highlight that BM25 feedback models should not
be overlooked when leveraging methods like HyDE for relevance
feedback. In fact, they represent a simple way to better utilize the
expansions generated by LLMs.
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