The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Beyond Perplexity: Let the Reader Select Retrieval Summaries via Spectrum
Projection Score

Zhanghao Hu', Qinglin Zhu!, Siya Qi!, Yulan He'!?>*, Hanqi Yan'*, Lin Gui'*

'King’s College London
>The Alan Turing Institute
{zhanghao.hu, ginglin.1.zhu, siya.qi,yulan.he, hangi.1.yan, lin.1.gui} @kcl.ac.uk

Abstract

Large Language Models (LLMs) have shown improved gen-
eration performance through retrieval-augmented generation
(RAG) following the retriever-reader paradigm, which sup-
plements model inputs with externally retrieved knowledge.
However, prior work often evaluates RAG holistically, assess-
ing the retriever and reader jointly, making it difficult to iso-
late the true contribution of retrieval, particularly given the
prompt sensitivity of LLMs used as readers. We move beyond
perplexity and introduce Spectrum Projection Score (SPS), a
lightweight and supervision-free metric that allows the reader
to gauge the semantic alignment of a retrieved summary with
its hidden representation by comparing the area formed by
generated tokens from the summary, and the principal direc-
tions of subspace in the reader and to measure the relevance.
Building on SPS we present xCompress, an inference-time
controller framework that dynamically samples, ranks, and
compresses retrieval summary candidates. Extensive experi-
ments on five QA benchmarks with four open-sourced LLMs
show that SPS not only enhances performance across a range
of tasks but also provides a principled perspective on the in-
teraction between retrieval and generation.

Code — https://zhanghao-aaai2(026-
sps.github.io/AAAI2026-SPS/

Extended version — https://arxiv.org/abs/2508.05909

1 Introduction

Large-context Retrieval-Augmented Generation (RAG) has
demonstrated promising capabilities in addressing open-
domain question answering tasks (Wang et al. 2024; Hu
et al. 2024). In the standard pipeline, a retriever locates and
compresses external evidence with a compressor language
model, and a reader generates the final answer from the com-
pressed summary (Mialon et al. 2023). A central challenge
is to evaluate whether a given summary will actually help
the reader answer the question (Shi et al. 2023), particularly
given the reader’s sensitivity to summary variations.
Therefore, a metric that measures the compatibility of the
reader with different input summaries is crucial for better
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Figure 1: Token selection in the reader’s embedding space.
We project summary’s token embeddings with t-SNE and
compare three selections: nearest to the mean-pooled vec-
tor, highest predictive probability, and contributors to max
pooling. Mean pooling and perplexity concentrate near the
center and favour syntactically frequent tokens. Max pool-
ing emphasises boundary tokens near the convex hull that
carry salient semantics.

compressed summary generation. Existing measurements,
such as token-level perplexity and its long-context variants,
or on embedding similarity computed with mean pooling
(Zhang et al. 2025; Liu et al. 2025; Chen et al. 2024), primar-
ily assess how typical a token sequence is under a language
model. To demonstrate the effects of these measurements,
we scatter all tokens from one summary in the reader’s em-
bedding space with t-SNE (Figure 1). For this summary, we
highlight token embeddings with different selection meth-
ods: tokens nearest to the mean-pooled vector, tokens cho-
sen by perplexity-based scoring with the highest predic-
tive probability, and tokens that contribute to max pool-
ing as per-dimension maxima. Perplexity and mean pooling
favour centrally clustered, low-content tokens (e.g., the, of,
“.); by contrast, max pooling surfaces boundary tokens near
the convex hull with substantive meaning (e.g., Jeff, Emma,
French). This evidence suggests that representing a sentence
by a single centroid or by the most probable tokens fails to
capture the shape of the information carried by the sequence.

Given the observation above, we argue that these token-
level predictive probability-related embeddings not be able
to fully represent the semantic meaning of a text segment,
which aims to project text into only one single point in the



space and ignore the shape of the distribution. Instead, it
should be captured by the collective “area” covered by the
embeddings of all tokens in the sequence. However, two
primary challenges arise when adopting this “area-based”
approach: 1) Defining the Area: Formally defining the se-
mantic “area” in high-dimensional embedding space is non-
trivial. The embedding space is vast, and computing struc-
tures like the convex hull that encapsulates all token em-
beddings can be computationally expensive. 2) Measuring
the Area: Even if a well-defined area is obtained, mea-
suring its shape and size accurately, which is defined in
high-dimensional space, is complex due to potential non-
convexity and irregular geometry.

To address these challenges, we propose a novel evalua-
tion metric, the Spectrum Projection Score (SPS), starting
from the concepts of convex hulls and partial order theory,
which have been insufficiently explored despite widespread
study of max-pooling. SPS leverages max-pooling across
token embeddings from the retriever to approximate a se-
mantic “area” and applies PCA to identify principal seman-
tic directions (spectrum directions). By aligning this seman-
tic area from the retriever with directions derived from the
reader’s internal embedding space, even when retriever and
reader models differ, SPS quantifies the alignment between
the summary embeddings and the reader’s representation,
offering a principled measure of semantic confidence.

Building upon SPS, we introduce xCompress, an effec-
tive framework that incorporates SPS into test-time sam-
pling strategies. The framework adaptively selects text sum-
maries or embedding summaries optimally aligned with the
reader’s parameter space and improves retrieval utility. Fur-
thermore, we enhance efficiency through an adaptive norm-
guided filtering strategy, dynamically determining the neces-
sity of sampling for each query, thus maintaining generation
quality while reducing computational overhead. We evalu-
ate SPS on five Open Question Answer (Open-QA) datasets
using four different large language models. Experimental re-
sults show that SPS consistently outperforms existing evalu-
ation baselines across most settings. The main contributions
of this paper are as follows:

* We propose the Spectrum Projection Score (SPS),
a training-free metric that measures summary-reader
alignment by projecting a max-pooled envelope of token
embeddings onto the reader’s principal subspace and us-
ing the residual norm as the score.

We present xCompress, an inference-time controller that
samples candidate summaries, ranks them with SPS to
select those best aligned with the reader, and applies an
adaptive norm-guided filter to control computation.

We empirically validate SPS across five datasets and four
state-of-the-art open-sourced LLMs, demonstrating su-
perior performance over established baselines.

2 Related Work

Summary Compression in RAG. Recent work on RAG
summary focuses on condensing retrieved content into
query-relevant representations, primarily through text-to-
text summarisation or text-to-embedding conversion (Li
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et al. 2024; Ke et al. 2024). Text-to-text approaches generate
concise summaries through models trained to distil knowl-
edge from larger language models (Yoon et al. 2024). Alter-
natively, text-to-embedding methods, such as xXRAG (Cheng
et al. 2024a), directly convert retrieved passages into em-
beddings, concatenating them with query embeddings be-
fore processing by the reader. These approaches often yield
suboptimal alignment between compressed contexts and the
downstream reader’s internal representations due to inher-
ent discrepancies in model-specific embedding spaces. In
contrast, our framework xCompress introduces an inference-
time, training-free strategy that aligns retrieval summaries
with the reader’s semantic space via SPS.

Perplexity-based Metrics for Text Assessment. Existing
evaluation methods for retrieval-based generation predom-
inantly utilise entropy- or perplexity-based metrics, assess-
ing how well a language model predicts tokens given their
preceding context (Liu et al. 2025; Yu et al. 2025). De-
spite their intuitive appeal, these metrics exhibit fundamen-
tal limitations. Primarily, perplexity is sensitive to sequence
length (Wang et al. 2022), often emphasising predictable
but semantically trivial tokens. Consequently, perplexity-
based methods inadequately capture the semantic coherence
and relevance critical to retrieval-based question-answering
(Agarwal et al. 2024; Fang et al. 2025). The latest efforts
like SePer (Dai et al. 2025a) seek to assess retrieval utility
but rely on human preference signals and do not explicitly
model representation-level alignment to task performance.
In contrast, SPS evaluates summaries by aligning their se-
mantic distribution with the reader’s embedding space using
max pooling and convex hull theory, thereby emphasising
boundary tokens that carry greater semantic relevance over
trivial ones.

3 Preliminary: Summarise Retrieval
Passages to Align with the Reader
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Figure 2: RAG task performances (measured by EM and
F1) when feeding summaries with varying PPL (left) and
LongPPL (right) to the Reader on the HotpotQA dataset.
The low Pearson correlation coefficients (r) indicate that
both PPL and LongPPL fail to identify a good summary.

Retrieval-based generation typically follows a re-
triever-reader pipeline: documents are retrieved, sum-
marised, and then provided to a generative reader for answer
production (Lewis et al. 2020; Izacard et al. 2022a; Qiu et al.
2024). While summarisation condenses input and highlights



salient content (Yoon et al. 2024; Cheng et al. 2024b), prior
work has largely overlooked how well a summary aligns
with the reader model’s internal representation space. We
therefore focus on the following question: how can we mea-
sure the quality of retrieved summaries from the perspec-
tive of their compatibility with the reader?

A natural proxy is perplexity (PPL), a monotonic trans-
form of sequence likelihood under the reader. Lower PPL
indicates that the reader deems a sequence more “typical”
within its internal language space, suggesting better com-
patibility. Formally, for a summary token sequence x
(z1,...,2,) and areader parameterised by Py, we compute:

). N

However, our analyses (Figure 2a) show a weak associa-
tion between PPL and downstream QA performance when
PPL is used to rank summaries(Wang et al. 2022; Agarwal
et al. 2024), as well as the alternative implementations such
as long PPL (Fang et al. 2025). These observations suggest
a structural misalignment: token-level log-likelihood pri-
marily captures typicality rather than whether a summary’s
salient semantics map onto directions that the reader readily
encodes and can exploit for answering the query.

1 n
- Zlog Po(z; | z<;)

PPLy(z) = exp(
i=1

In contrast, we quantify a summary’s semantics by its
coverage in representation space. Ideally, this is the vol-
ume of the convex hull of its token embeddings, but com-
puting high-dimensional hulls is prohibitive. We therefore
use a bounder vector, which is obtained by elementwise
max pooling over token states and forms the minimal axis-
aligned enclosure that upper-bounds the token-based convex
hull. This summary-level enclosure expands only along in-
formative coordinates as more tokens are added, consistent
with the intuition that longer inputs yield greater informa-
tion. In contrast, low-content tokens (Figure 1) typically lie
near the centre of the distribution and therefore leave the
boundary unchanged. Thus, the bounder provides a simple,
stable proxy for a summary’s salient semantics (formal prop-
erties in Appendix B of the extended version). In summary,
in this work, the motivation is that: 1) this bounder vector
aims to estimate the Essential Supremum, 2) the bounder
vector converges to a distribution specific property. 3) Thus,
this property of consistent estimation allows the boundary
vector to be used as a robust tool to determine if the bound-
ary areas of two different generators, for example, the re-
triever and the reader in this task, are aligned. In general,
this combines sentence-level projection with salient token-
level cues, yielding a simple, training-free score that bet-
ter reflects the utility of retrieved summaries for genera-
tion (formalised in Section 4.2). Building on this, the next
section defines Spectrum Projection Score, a representation-
level score that measures summary—reader compatibility by
projecting the max-pooling based “bounder vector” onto the
reader’s principal subspace.
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4 Methodology
4.1 Overview and Problem Description

Overview. We propose xCompress, a retrieval-time con-
troller that evaluates and compresses retrieved content so
it better aligns with the reader LLM (Figure 3). In Sec-
tion 4.2, we introduce Spectrum Projection Score, a sim-
ple, training-free metric that replaces perplexity-style scor-
ing by assessing summary quality inside the reader’s repre-
sentation space. In Section 4.3, we describe a lightweight
test-time sampling that explores both fext-to-text and text-
to-embedding compression, ranks candidates with Spectrum
Projection Score, and uses an adaptive filtering to decide
whether further sampling is needed.

Problem Description. We consider the retriever—reader
pipeline (Lee, Chang, and Toutanova 2019) for retrieval-
based generation. Given a query ¢ and a corpus D, the re-
triever returns relevant passages B. The top-/N passages are
compressed into summaries, either in textual (text-to-text) or
embedding (text-to-embedding). Each summary candidate
is embedded via the reader’s penultimate-layer representa-
tions, which are subsequently max-pooled. A norm-guided
filter then determines if further candidate sampling is nec-
essary. If sampling is triggered, additional summary candi-
dates are generated. Each summary is evaluated by the Spec-
trum Projection Score (SPS), which measures alignment be-
tween the summary’s representation and the reader’s prin-
cipal embedding subspace. Finally, the candidate with the
lowest SPS, or the initial summary if sampling is skipped, is
provided to the reader LLM for answer generation.

4.2 Spectrum Projection Score: Measuring
Alignment with the Reader LLM

Retrieval-based generation compresses retrieved documents
before feeding them into a reader LLM to reduce con-
text length and foreground salient content (Lewis et al.
2020; Izacard et al. 2022a; Yoon et al. 2024; Cheng et al.
2024b). However, entropy- or perplexity-based evaluations
are length-biased and only weakly correlated with down-
stream performance (Wang et al. 2022; Agarwal et al.
2024; Dai et al. 2025a), as they capture typicality rather
than whether a summary’s salient semantics are well repre-
sented by the reader’s internal geometry. We therefore seek
a representation-level metric that scores a summary by its
compatibility with the reader.

We introduce the Spectrum Projection Score (SPS), which
quantifies how well a compressed summary aligns with
the reader’s principal representational directions. Let the
reader’s representation space be characterised by a matrix
W € RP*XM (e.g., the input embedding matrix or a bank
of hidden states collected from the reader, where D x M
is the corresponding matrix size). We first identify the prin-
cipal subspace of W through PCA. Specifically, we apply
Singular Value Decomposition (SVD): W = ULV T, where
U and V are left and right singular matrices, ||-|| T is the ma-
trix transpose operation, and ¥ is the singular value matrix.
To retain the principal components by selecting the top 95%
eigenvalues in ¥, noted as XJ,,, and reconstruct the projection
by P = UZPVT, to obtain the reader’s core subspace.
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Figure 3: Overview of the xCompress framework. Retrieved passages are first compressed into summaries. An adaptive norm-
guided filtering mechanism determines whether additional test-time sampling is necessary. If required, multiple summaries
are sampled from the compressor LLM and evaluated using the Spectrum Projection Score (SPS). These summaries are first
embedded via max-pooling, then projected onto the reader’s principal subspace of its parameter. The summary with the lowest
SPS is selected as input to the reader; otherwise, the initial summary is used directly for answer generation.

Given a retrieval summary, we pass it through the reader
and obtain token representations from the penultimate layer;
we then apply elementwise max pooling over tokens to form
a salient summary vector x € RP that preserves boundary
features (entities, fact-bearing nouns/adjectives) rather than
averaging them away. We define

SPS(x) = ||(I — P)x|,, )

where [ is an identity matrix.

Intuitively, this measures how much the main component
of bounder vector x is captured by the reader’s principal
subspace: Px is the in-subspace component, and the resid-
ual (I — P)x quantifies what lies outside. Hence, a smaller
SPS(x) indicates stronger alignment between the summary
and the reader’s core representational geometry, making the
summary easier for the reader to generate.

4.3 Test-time Sampling with Spectrum Projection
Score

Retrieval-based generation typically follows a sequential re-
triever—reader pipeline (Hu et al. 2025), where an auxil-
iary LLM compresses retrieved passages into summaries,
either textual (text-to-text) (Yoon et al. 2024) or embedding-
based (text-to-embedding) (Cheng et al. 2024a), which are
then provided to the reader for answer generation. A limi-
tation of this unidirectional flow is that compression is per-
formed without regard to the reader’s internal representa-
tional geometry. We instead use the reader’s own represen-
tation space to guide compression at test time: we generate
a set of summary candidate compressions and score each
with Spectrum Projection Score (SPS), selecting the sum-
mary that best aligns with the reader.

Test-time Sampling in Text-to-text Compression: In the
text-to-text compression paradigm, summaries are typically
generated by a compressor LLM before being passed to the
reader. To better align these compressed summaries with
the reader’s embedding space, we propose leveraging the
reader’s parameters within our SPS metric. Specifically, con-
sidering output diversity while maintaining coherence, we
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adopt stochastic decoding, rather than deterministic meth-
ods like greedy or beam search, to produce K diverse sum-
mary candidates for each query. Each candidate summary is
then evaluated by computing its SPS using the reader’s em-
bedding parameters. Finally, the summary with the lowest
SPS, indicating optimal alignment with the reader’s internal
representation, is selected as input to the reader LLM for
downstream answer generation.

Test-time Sampling in Text-to-embedding Compression.
Embedding-level compression maps retrieved passages (and
the query) directly to a summary embedding via a trained
projector (Cheng et al. 2024a). Because this mapping is de-
terministic, it offers no native mechanism for sampling di-
verse candidates. Inspired by soft reasoning with injected
noise (Hu et al. 2025; Zhu et al. 2025), we introduce probe-
based stochasticity at test time. Concretely, we sample N
small Gaussian probe vectors {e,}2¥_; and append each to
the summary—query embedding before passing the fusion
representation through the reader LLM. For each probe, we
extract the reader’s penultimate-layer hidden state at the
probe position, denoted h,., and compute a simple diversity
score following Hu et al. (2025):

P

2
Sprobe = Z(A(z)) )

=1

3)

where A(;) is the gap between the i-th and (i4-1)-th largest
elements of h,. Smaller Sp,,one indicates stronger seman-
tic deviation from the existing summary—query signal. We
retain the M probes with the smallest scores and form
M ~+1 candidate embedding summaries (the original plus M
probed variants). As in the text-to-text case, each candidate
is scored with Spectrum Projection Score using the reader’s
representation space, and the embedding summary with the
lowest SPS is selected for answer generation.

Adaptive Sampling via Norm-guided Filtering. Sam-
pling multiple candidates improves alignment but is expen-
sive if applied universally. We therefore add a lightweight
filter that decides whether further sampling is needed. For



the initial summary (text-to-text or text-to-embedding), we
compute two proxies in the reader’s latent space: the L2
norm of the mean-pooled representation L2,,.., (cap-
tures overall mass) and the L1 norm of the max-pooled
representation L1,,,, (captures salient peaks). Their ratio
L2,can/ L1, serves as a concentration and stability in-
dicator: higher values indicate that the information follows
a more skewed distribution, suggesting that the summary is
less likely to benefit from additional sampling. In contrast,
lower values reflect a more sparse distribution, where further
exploration of the alternatives summary may yield additional
value. We estimate the threshold by sampling a small subset
of the dataset. In inference, if the ratio exceeds the thresh-
old, we accept the initial summary; otherwise, we perform
the sampling-and-selection procedure guided by Spectrum
Projection Score. This preserves most of the accuracy gains
while substantially reducing computation.

S Experiment
5.1 Setups

Evaluation Dataset. We evaluate our framework on five
retrieval-based QA benchmarks: HotpotQA (Yang et al.
2018), 2WikiMulti-hopQA (2Wiki) (Ho et al. 2020), Natural
Questions (NQ) (Kwiatkowski et al. 2019), TriviaQA (TQA)
(Joshi et al. 2017), and Musique (Trivedi et al. 2022). Eval-
uations are conducted on the development sets, except for
TQA, which uses the test set. For NQ, we adopt the original
test split with the 21M English Wikipedia dump (Karpukhin
et al. 2020) as the retrieval corpus. Across all datasets, we
follow the data splits and associated document corpora re-
leased by Kim et al. (2024) and Yoon et al. (2024).

Metrics. Following prior work (Chen et al. 2024; Dai
et al. 2025b), we use the Area Under the Receiver Oper-
ating Characteristic curve (AUROC) and Pearson Correla-
tion Coefficient (PCC) to assess the effectiveness of eval-
uation metrics. AUROC is widely applied to evaluate the
measure of uncertainty estimation (Chen et al. 2024), with
higher values indicating better discriminative ability. For
retrieval-based generation task performance, we focus on
open-domain question answering and report Exact Match
(EM) and F1 scores. Following Rajpurkar et al. (2016), all
predictions and gold answers are normalised by lowercasing
and removing punctuation to ensure consistency.

Baseline and Models. We compare Spectrum Projection
Score with perplexity, the most common uncertainty-based
evaluation metric for large language model predictions (Ren
et al. 2023), along with its variant, LongPPL, specifically
designed to improve performance with long contexts (Fang
et al. 2025). For retrieval summary compression in retrieval-
based generation, we select one recent method from each
compression paradigm: the text-to-text method CompAct
(Yoon et al. 2024) and the text-to-embedding method xRag
(Cheng et al. 2024a). Additionally, we evaluate various re-
trieval strategies:

¢ Raw Document, which directly concatenates the top-k re-
trieved passages;
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* Long-Context LLM Summary, which uses LLMs to sum-
marise retrieved passages before answer generation, fol-
lowing recent practices (Yoon et al. 2024).

Backbone models. we utilise four open-source LLMs:
LLaMA-3.1-8B-Instruct (Grattafiori et al. 2024), Gemma3-
12B-Instruct (Team et al. 2025), and Qwen3-8B (Yang et al.
2025) for the text-to-text paradigm and select Mistral 7B
(Jiang et al. 2024) for the text-to-embedding paradigm since
the reader model in the text-to-embedding method xRag
(Cheng et al. 2024a) is specifically trained alongside its re-
triever projector, we directly adopt its original reader LLM.

Implementation Details. For retrieval, we adopt Con-
triever (Izacard et al. 2022b) via the BEIR toolkit (Thakur
et al. 2021). Following Yoon et al. (2024), we retrieve the
top-30 documents for fair comparison. In test-time sam-
pling, we set the temperature to 1.0, apply a repetition
penalty of 1.2, and generate five summaries per question to
balance diversity and efficiency. For reader LLM generation,
we use greedy decoding (temperature = 0.0) to eliminate
randomness and ensure reproducibility (Sun et al. 2023). For
norm-guided filtering, we empirically set the threshold as the
top-30% value within the validation set.

5.2 Main Experiment

Dataset Metric PPL  LongPPL  SPS
PCC (EM) 0.022 -0.087 0.643
HotpotQA  PCC (F1)  -0.067 -0.002 0.753
AUROC 0.504 0.495 0.553
PCC (EM) -0.318 -0.065 0.557
2Wiki PCC (F1) 0.295 0.269 0.503
AUROC 0.487 0.482 0.565
PCC (EM) 0.202 0.281 0.650
NQ PCC (F1) 0.452 0.498 0.628
AUROC 0.508 0.500 0.525
PCC (EM) 0.244 -0.083 0.563
TQA PCC (F1) 0.127 -0.210 0.432
AUROC 0.497 0.478 0.531
PCC (EM) 0.182 -0.186 0.508
Musique PCC (F1) 0.094 0.008 0.505
AUROC 0.443 0.488 0.504

Table 1: Pearson correlation coefficients (PCC) and AU-
ROC for PPL, LongPPL, and SPS on RAG tasks across
five datasets using the LLAMA-3.1-8B-Instruct model as the
backbone. SPS consistently achieves the highest correlation
with answer quality across all datasets, demonstrating its ef-
fectiveness in identifying high-quality summaries.

Effectiveness of Spectrum Projection Score. To evaluate
the effectiveness of Spectrum Projection Score in correlating
with performance on retrieval-based generation tasks, we
conducted experiments comparing it against standard met-
rics, PPL and LongPPL. Specifically, we generated ten dis-
tinct summaries per query using fixed decoding parameters.
Each summary was then independently scored using PPL,



Model Method/Dataset HotpotQA 2WikiMQA  Musique NQ TriviaQA
Text-to-Text
Retrieval direct 19.6/28.85 9.4/18.22 2.0/7.57 17472958 49.4/57.64
Compact 34.0/43.17 27.2/31.83 6.6/13.76 352/47.49 62.4/71.25
Llama 3.1 8b Ins  xCompress + PPL 33.0/43.52 25.0/29.58 7.6/1449 35.0/46.53 62.6/71.76
xCompress + LongPPL  32.0/42.48 24.2/28.16 6.8/14.71 35.6/46.78 62.4/71.72
xCompress + SPS(ours) 37.6/47.87 29.6/34.21 9.0/17.63 39.4/51.18 65.4/73.11
Retrieval direct 21.4/3229 122/22.19 3.8/1249 17.8/27.70 51.8/59.64
Qwen3 8b Compact 26.8/38.84 22.2/26.69 6.0/13.36 25.8/36.50 55.4/63.22
xCompress + PPL 29.6/40.86 21.8/25.63 5.0/13.48 30.0/45.88 54.8/63.57
xCompress + LongPPL  22.8/31.90 20.8/26.33 7.0/1540 25.0/36.44 57.8/68.02
xCompress + SPS(ours) 28.8/41.84 25.6/30.71 8.6/17.07 28.0/38.75 59.6/68.84
Retrieval direct 10.8/16.47 34/6.49 1.2/392 16.6/26.15 27.4/37.27
Compact 19.2/29.69 23.8/28.97 54/1278 27.6/40.86 52.8/64.44
Gemma 3 12bIns  xCompress + PPL 19.4/31.56 23.0/2846 54/1393 28.8/39.07 52.0/64.10
xCompress + LongPPL  22.6/33.82 18.2/23.70 3.8/10.93 29.4/40.90 53.0/64.06
xCompress + SPS(ours) 25.2/35.66 25.0/2931 6.4/14.60 31.6/42.27 57.4/65.39
Text-to-Embedding
Retrieval direct 1.0/8.23 1.2/11.73 0.2/3.41 1.0/5.53 2.0/14.91
Mistral-7b xRAG 5.2/16.63 2.2/14.09 04/569 3.0/1356 16.0/40.09
xCompress + SPS(ours) 7.6 /20.06 2.8/15.82 0.6/6.15 3.8/17.70 29.2/46.76

Table 2: EM / F1 (%) scores across five QA benchmarks using different retrieval and summarisation strategies. xCompress with
SPS consistently achieves the best performance across models and datasets, demonstrating its effectiveness over perplexity-
based metrics and baseline methods in both text-to-text and text-to-embedding paradigms.

LongPPL, and our Spectrum Projection Score. To ensure fair
comparison, summaries for each query were ranked accord-
ing to these metric scores, and subsequently grouped into ten
ordered bins. We then measured the downstream retrieval-
based generation task performance (Exact Match [EM] and
F1) for each bin. The correlation between bin rankings and
corresponding task performance was quantified using the
Pearson Correlation Coefficient (PCC).

Additionally, to further quantify metric discriminative ca-
pability, we computed the AUROC scores based on binary
correctness (EM=1 as positive, EM=0 as negative). Each
pairwise comparison between positive and negative sum-
maries for a given query was used to evaluate whether the
metrics correctly identified the better summary or not.

Table 1 demonstrates that both PPL and LongPPL have
poor correlation with downstream task performance. Con-
versely, our Spectrum Projection Score consistently shows
significantly stronger correlations, indicating superior ef-
fectiveness in distinguishing summary quality relevant to
retrieval-based generation.

Effectiveness of xCompress. Table 2 summarises the ef-
fectiveness of our proposed xCompress framework across
five QA datasets and two retrieval-based generation
paradigms (text-to-text and text-to-embedding). Results
demonstrate that incorporating our Spectrum Projection
Score (SPS) consistently improves downstream Exact Match
(EM) and F1 scores over the baseline compression meth-
ods. For instance, on the NQ dataset using the LLAMA
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3.1 model, SPS improves performance from 35.2/47.49
(EM/F1) to 39.4/51.18, highlighting SPS’s effectiveness
in selecting retrieval summaries that align better with the
reader model’s internal representations. Our framework con-
sistently outperforms perplexity-based (PPL and LongPPL)
methods, except in two cases involving the Qwen3 model
on the HotpotQA and NQ datasets. In these instances, se-
lecting summaries based on PPL yielded slightly better per-
formance than SPS. We attribute this to the Qwen model’s
overconfidence on these datasets, possibly due to substan-
tial overlap between its pretraining data and these evalu-
ation datasets, a hypothesis supported by recent literature
suggesting dataset contamination or repeated exposure dur-
ing training (Wu et al. 2025). Further, empirical analysis
revealed significantly lower entropy, approximately three
times lower, in Qwen’s predictions on HotpotQA and NQ
compared to LLAMA 3.1, reinforcing that Qwen likely re-
calls answers directly from memorised content '. Conse-
quently, summaries chosen via perplexity reflect familiar,
memorised content rather than optimal alignment, paradox-
ically enhancing performance but reducing generalisability.

6 Analysis
6.1 Why Max Pooling Yields Superior Results?

We investigate the impact of different sentence embedding
extraction methods, max pooling, mean pooling, and last-
token pooling, on our Spectrum Projection Score (SPS)

"Experiment details in the Appendix of the extended version.



performance. Table 3 shows that max pooling consistently
achieves superior EM/F1 scores across multiple retrieval-
based generation datasets. This suggests max pooling effec-
tively captures salient semantic tokens, whereas mean pool-
ing dilutes semantic signals by averaging, and last-token
pooling disproportionately emphasises sentence-end tokens.
Hence, max pooling yields embeddings with richer seman-
tic content and better alignment with the LLM’s embedding
space, ultimately enhancing downstream task performance.

Dataset Max Pooling Mean Pooling Last Token
HotpotQA 37.6/47.87 36.2/47.65 33.6/43.37
2WikiMQA  29.8/34.21 28.2/33.63 23.6/28.10
Musique 9.2/17.63 7.81715.63 5.8/10.49
NQ 39.6/51.18 37.2/49.36 35.8/47.58
TriviaQA 65.6/73.11 64.2/72.62 63.0/72.24

Table 3: EM / F1 scores (%) of different pooling strategies
for sentence embedding extraction with LLAMA 3.1 across
datasets. Max pooling consistently achieves the best.

6.2 How Spectrum Projection Score Performs

with Different Sentence Embeddings?

(a) SPS Performance Across Layers (b) SPS Performance Across PCA Ratios
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Figure 4: SPS performance under (a) Across LLM layers.
(b) Varying PCA retained variance ratios. Optimal results
are achieved using embeddings from the penultimate layer
and a PCA variance ratio of 0.95.

Different Layers. Building on the use of max-pooled sen-
tence embeddings, we examine how SPS behaves across
different model layers. As illustrated in Figure 4 (a), em-
beddings derived from the penultimate layer consistently
yield superior downstream performance compared to em-
beddings from shallower or the last layers. Specifically, em-
beddings from earlier layers lack the high-level semantic ab-
straction necessary for effectively aligning summaries with
the model’s embedding space, whereas embeddings from the
final layer tend to be overly specialised toward token predic-
tion, diminishing their general semantic representativeness.
These results empirically confirm that embeddings from the
penultimate layer optimally balance semantic abstraction
and contextual generalisation, enhancing retrieval quality
assessment and thus improving downstream retrieval-based
generation performance.

Different PCA Ratio. We further examine how the vari-
ance ratio retained in PCA affects the performance of our
Spectrum Projection Score (SPS). As depicted in Figure 4
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(b), performance (EM and F1 scores) peaks when the re-
tained PCA variance ratio is set to 0.95. Lower variance ra-
tios (e.g., 0.50-0.90) fail to preserve sufficient semantic in-
formation, resulting in degraded downstream performance.
Conversely, excessively high variance ratios (e.g.,0.99) tend
to include redundant or noisy dimensions, slightly dilut-
ing the semantic representativeness crucial for effective
retrieval-summary alignment. Empirically, retaining 95%
variance achieves an optimal balance between semantic rich-
ness and dimensional efficiency.

6.3 Number of Generation Influence

Eff%%toof Number of Generated Summaries on EM and F1 (TrivialQA)

65.51
65.0
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Number of Generated Summaries

Figure 5: Impact of the number of generated summaries on
EM and F1 scores TrivialQA. Performance saturates at five
summaries, providing an optimal balance between effective-
ness and computational efficiency.

We analyse how the number of generated summaries in-
fluences the effectiveness of our proposed Spectrum Projec-
tion Score (SPS). As shown in Figure 5, xCompress sur-
passes the Compact baseline (Yoon et al. 2024) (EM 62.4,
F1 71.25) by generating just two summaries, highlighting
immediate gains from summary diversity. Performance im-
proves notably up to five summaries (EM 65.4, F1 73.11),
beyond which additional summaries yield marginal benefits.
Thus, we select five summaries as the optimal balance be-
tween performance and computational efficiency.

7 Conclusion

We propose the Spectrum Projection Score (SPS), a training-
free, representation-level metric that evaluates the seman-
tic alignment between retrieved summaries and the reader
model’s internal geometry, moving beyond perplexity and
naive similarity as proxies for utility. Building on SPS,
we introduce xCompress, an inference-time controller that
guides summary selection through reader-guided test-time
sampling, ranking, and adaptive filtering. Extensive exper-
iments across five QA benchmarks and multiple LLMs
demonstrate that SPS not only outperforms perplexity-based
baselines in correlation with answer quality and down-
stream task performance, but also offers a principled, model-
agnostic tool for diagnosing and improving retrieval-reader
compatibility in RAG systems.
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