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Abstract
Large language models (LLMs) can recall factual knowl-

edge, but such recall is often unreliable and sensitive to
query phrasing. Recent test-time scaling methods improve
reliability without additional training, yet typically operate
on a single query formulation. We propose a test-time
approach that ensembles self-paraphrased questions via
logit averaging to improve factual recall, using multiple se-
mantically equivalent rewrites for each query to aggregate
the model’s predictions. Experimental results on Myriad-
LAMA and HotpotQA benchmarks show consistent gains
across multiple LLMs, and analyses indicate that para-
phrase quality, quantity, and diversity all affect ensemble
performance, with quality being the most important.

1 Introduction
Large language models (LLMs) encode substantial fac-

tual knowledge acquired during pretraining and can of-
ten be queried as implicit knowledge bases [1]. How-
ever, the reliability of factual recall can be limited, partic-
ularly for facts that are sparsely represented in the training
data [2, 3, 4, 5]. As a result, LLMs may produce in-
consistent or incorrect answers to semantically equivalent
questions that differ only in phrasing.

Test-time scaling has emerged as an effective paradigm
for maximizing LLM performance in such settings by allo-
cating additional computation in inference [6, 7]. Existing
approaches include Chain-of-Thought [8], iterative self-
correction [9], and self-consistency [10]. These methods
can be viewed as instances of multi-path inference, which
aggregates predictions from diverse reasoning paths to im-
prove reliability [10, 11]. While effective on reasoning-
and knowledge-intensive tasks [12, 13], these approaches
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Figure 1 The proposal of SELF-COLLAB, a self-collobora-
tive inference paradign to improve knowledge recall through a
two-step procedure: Self-Paraphrase and Self-Ensemble.

retain the original query, and thus do not directly address
the model’s sensitivity to variations in query phrasing dur-
ing factual recall.

In this study, we propose a self-collaborative inference
paradigm, SELF-COLLAB, to maximize the performance
of LLMs as implicit knowledge sources; it asks the model
to rephrase queries before recalling facts. For each ques-
tion, the model generates a small set of semantically equiv-
alent paraphrases. We then aggregate model predictions
across these paraphrases by averaging their output logits to
produce a single, more reliable final answer.

We evaluate our approach on the MyriadLAMA [14] and
HotpotQA [15] benchmarks. Across five Qwen3 models of
different sizes, SELF-COLLAB consistently improves ac-
curacy compared with answering the original query alone.
We further analyze factors affecting ensemble effective-
ness, including the number, quality, and diversity of para-
phrases. Our results show that quality is the main driver
of gains, while increasing the number provides additional
improvements if quality is sufficient. Diversity analysis re-
veals that certain combinations amplify ensemble benefits,
whereas others can reduce performance, clarifying when
paraphrase ensembling helps and when it can hurt.
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2 Self-Collaborative Inference
In this section, we propose SELF-COLLAB, a self-

collaborative inference designed to enhance LLM’s knowl-
edge recall. This is motivated by the observation that suc-
cessful knowledge recall in LLMs relies on the robustness
to query phrasing [14]; we aim to let LLMs read a query
from multiple perspectives for better knowledge recall.

Specifically, we formalize a knowledge query as a latent
intent 𝛼 (e.g., ⟨Japan, capital, ?⟩) with a desired answer
𝛽 (e.g., Tokyo). The observed input 𝑥𝑖 is a linguistic re-
alization of this intent, i.e., 𝑥𝑖 = Lang𝑖 (𝛼) (e.g., Where
is the capital of Japan?), and the LLM predicts according
to LLM𝜃 (𝛽 | 𝑥). Crucially, a single linguistic realization
often provides an incomplete and biased projection of 𝛼, as
different surface forms may emphasize different semantic
aspects and activate different internal retrieval pathways.

2.1 Self-Collaborative Inference

SELF-COLLAB approximates conditioning on the la-
tent intent 𝛼 by marginalizing over multiple semantically
equivalent but linguistically diverse realizations of the
same query at inference time.

LLM𝜃 (𝛽 | 𝛼) ≈
𝐾∑
𝑖=1

LLM𝜃 (𝑥𝑖 | 𝛼) · LLM𝜃 (𝛽 | 𝑥𝑖) (1)

Formally, SELF-COLLAB enables a target model LLM𝜃 to
improve its own inference through a two-stage procedure:
Self-Paraphrasing followed by Self-Ensembling.

Step 1: Self-Paraphrasing Given an original query
𝑥0 (𝛼) that expresses latent intent 𝛼, we first prompt LLM𝜃

to generate multiple paraphrases of 𝑥0. Crucially, SELF-
COLLAB relies exclusively on the target model itself for
paraphrase generation, without introducing external para-
phrasing models or resources. Concretely, we prompt
LLM𝜃 with a paraphrasing instruction and sample candi-
date paraphrases 𝑥1, . . . , 𝑥𝑁 . In practice, raw generations
may include failures such as duplications, ill-formed out-
puts. To ensure paraphrase quality, we apply lightweight
filtering rules, including duplication checks and structured-
output parsing, and retain only valid paraphrases within a
bounded number of attempts. As a result, we obtain a set
of high-quality paraphrases 𝑥𝑖𝐾𝑖=1, where each represents a
distinct linguistic realization of the same intent.

Step 2: Self-Ensembling After generating para-
phrases, for each 𝑥𝑖 , we inference them by LLM𝜃 and ob-

tain the next-token probability vector z𝑖𝑡 ∈ ℝ |V| at decoding
step 𝑡. We then aggregate the probability by uniform aver-
aging to obtain the fused probability z̄𝑡 : z̄𝑡 =

∑𝐾
𝑘=1 𝑤𝑘 z𝑘𝑡 .

We decode greedily from this distribution, selecting the
token the highest probability and concatenate it to all the
paraphrases. At each decoding step 𝑡 + 1, we repeat the
whole process until the end of generation.

2.2 Experimental Settings

Datasets. We conduct experiments on two knowledge-
centric benchmarks: MyriadLAMA [14] 1）, which evalu-
ates factual knowledge recall, and HotpotQA [15], which
targets multi-hop factual recall and reasoning. For each
dataset, we randomly sample 200 questions for test.
Models. We evaluate 5 LLMs from the same family,
Qwen3, covering diverse model scales from 0.6 to 14B.
Generation Settings. During the self-paraphrasing stage,
we generate up to two paraphrases per query, with a max-
imum of 16 generation attempts. We set the temperature
to 1.5 and top-𝑝 to 0.95 to encourage linguistic diver-
sity. If fewer than two valid paraphrases are produced
after filtering, we retain all available paraphrases. For the
self-ensemble stage, we apply greedy decoding across all
methods and fix all random seeds to ensure reproducibility.
Evaluation Protocol. We evaluate all methods under both
zero- and five-shot settings. Performance is measured us-
ing normalized exact match (EM), where both predictions
and references are normalized prior to comparison.
Baselines. Given the same paraphrase set, we com-
pare SELF-COLLAB against the following baselines: (i)
ParaAvg, which performs independent decoding for each
paraphrase and reports the mean EM across paraphrases;
and (ii) Origin, which evaluates performance using only
the original query provided in the dataset.

2.3 Evaluation Result

Table 1 reports the result. Across most settings, SELF-
COLLAB outperforms both Origin and ParaAvg, demon-
strating the effectiveness of self-collaboration inference.
Parapharse performs worse but integrating them helps
On most evalution scenorio, ParaAvg fails to surpass the
original prompt and in some cases slightly degrades per-
formance. This shows that the auto-generated paraphrases

1） MyriadLAMA is a multi-prompt factual recall dataset, but we
only adopt one prompt per query as seed prompt.
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Model HotpotQA (O / P / S) MyriadLAMA (O / P / S)

0-shot 5-shot 0-shot 5-shot

Qwen3-0.6B 0.010 / 0.017 / 0.075 0.105 / 0.092 / 0.130 0.010 / 0.003 / 0.000 0.270 / 0.153 / 0.125
Qwen3-1.7B 0.050 / 0.047 / 0.085 0.110 / 0.093 / 0.220 0.005 / 0.005 / 0.055 0.365 / 0.359 / 0.310
Qwen3-4B 0.075 / 0.072 / 0.165 0.160 / 0.152 / 0.280 0.140 / 0.152 / 0.245 0.360 / 0.349 / 0.375
Qwen3-8B 0.055 / 0.054 / 0.185 0.230 / 0.237 / 0.345 0.255 / 0.253 / 0.305 0.390 / 0.355 / 0.385
Qwen3-14B 0.105 / 0.097 / 0.245 0.335 / 0.300 / 0.395 0.235 / 0.213 / 0.280 0.365 / 0.374 / 0.460

Table 1 Normalized EM with datasets and shot settings shown in parallel. (O) Original, (P) ParaAvg, (S) SELF-COLLAB.

have lower quality than the original prompts in the dataset.
However, despite of the issue, ensembling the original one
with paraphrases by SELF-COLLAB could largely boost
the knowledge recall, indicating that the fusion of multiple
inference paths enables effective information integration.
Impact of Model Scale. The effectiveness of SELF-
COLLAB increases with model scale. Across both
datasets, larger models (8B and 14B) exhibit more consis-
tent performance gains, suggesting that sufficient represen-
tational capacity is essential for effective self-collaborative
inference. In contrast, smaller models display higher vari-
ance and even suffer performance degradation in certain
settings, such as the 5-shot MyriadLAMA evaluation with
the 0.6B and 1.7B models. An inspection of intermediate
outputs reveals that these smaller models often generate
low-quality paraphrases, including semantically meaning-
less tokens or repetitions of few-shot demonstrations. Such
noisy paraphrases propagate into the self-ensemble stage,
ultimately undermining the benefits of self-collaboration.

3 Ablation Analysis on Paraphrases
This section investigates how SELF-COLLAB improves

knowledge recall, and under which conditions it fails to
provide benefits. We systematically analyze the impact of
paraphrase quantity, quality, and linguistic diversity on
the performance gains through prompt ensemble.

3.1 Evaluation Settings

We consider four model scales, Qwen3-0.6B, Qwen3-
1.7B, Qwen3-4B, and Qwen3-8B, and focus our analysis
on the 5-shot prompting setting with greedy decoding. To
enable a systematic investigation of how paraphrases influ-
ence self-ensemble performance, we leverage the Myriad-
LAMA, which provides 100 paraphrases per query span-
ning diverse lexical choices, syntactic structures, and se-
mantic variations. This corpus includes both manually
crafted high-quality paraphrases and automatically gener-
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Figure 2 Quantity analysis to ensemble performance.

ated paraphrases produced by GPT-based models.
For each MyriadLAMA query, we uniformly sample 𝐾

paraphrases without duplication to form a paraphrase set.
Unless otherwise specified, we set 𝐾 = 5 and sample five
paraphrase sets per query, treating each set as an individual
evaluation instance. We randomly select 200 queries, re-
sulting in 1,000 paraphrase-set instances in total. Results
are reported separately for each model scale, using mean
accuracy aggregated across all sampled paraphrase sets.

3.2 Quantity

We vary the number of paraphrases 𝐾 in a set and exam-
ine how accuracy changes when the number of paraphrases
becomes larger. Concretely, for each question we sample
𝐾 ∈ {1, ..., 8} paraphrases from datasets. Form 1 to 8, we
add more and more paraphrases to the original question
and evaluate them under the same 5-shot greedy-decoding
setup. The results are shown in Figure 2. When we use only
a few paraphrases, adding more clearly improves accuracy.
But once we already have many paraphrases, adding extra
ones brings little benefit.

3.3 Quality

To measure paraphrase set quality, we measure the cor-
rectness of each paraphrase by evaluating when the para-
phrase is evaluated along and whether it can predict the an-
swer. We denote the set of such paraphrases as 𝑆correct ⊆ 𝑆.
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Figure 4 Diversity comparison from 3 linguistic dimensions.

Then, we measure the single-prompt correctness ratio
within a paraphrase set as:

𝑟correct (𝑆) =
|𝑆correct |

|𝑆 | . (2)

To compute the single-paraphrase correctness ratio, we
evaluate each paraphrase on its own to obtain 𝑆correct, and
then compute |𝑆correct | for each sampled set. In this exper-
iment, we fix the set size to |𝑆 | = 5, so we use the number
of correct paraphrases instead of 𝑟correct (𝑆).

The results are shown in Figure 3; it shows that Self-
Ensembling does not behave like a simple linear mixture.
When most paraphrases are good, the ensemble is quite
robust: adding a few bad paraphrases only slightly reduces
accuracy, much less than what a proportional dilution in-
tuition would predict. For example, replacing 1 out of 5
good paraphrases with a bad one lowers accuracy by less
than 10%, instead of the roughly 20% drop expected from
a linear view. In contrast, when most paraphrases are bad,
adding a few good ones can greatly improve accuracy. This
suggests that good paraphrases can have a stronger effect
than their fraction in the set.

3.4 Linguistic Diversity

We examine how linguistic diversity of paraphrase sets
influence the ensemble result, from three dimensions.

Lexical Diversity: we normalize each sentence into a set of
unique tokens by tokenizing, stemming and lemmatization,
compute all pairwise Jaccard similarities, and define lexical
diversity as one minus the mean similarity.
Syntactic Diversity: we obtain a dependency parse for
each sentence using spaCy, and compute the mean pairwise
distance among the corresponding dependency trees.
Semantic Diversity: we encode each sentence with Mod-
ernBERT, apply attention-mask-aware mean pooling fol-
lowed by L2 normalization, compute all pairwise Eu-
clidean distances between normalized embeddings, and
take the mean distance as the semantic diversity score.

For each paraphrase set, we computed three distinct di-
versity metrics. We ranked all sampled sets along each
dimension and partitioned them into five quintiles. This
ensures that sets within the same group represent a com-
parable level of diversity (e.g., the 𝑖-th lowest diversity
quintile) for that specific dimension.

As shown in Figure 4, we report the accuracy across
these different diversity dimensions and levels for four
Qwen3 models. The result demonstrates that increasing
diversity from three dimensions can all improve the recall
accuracy after ensemble. However, we notice such gains
exhibit a trend of diminishing returns. The performance
improvement tends to plateau or even fluctuate slightly
once the diversity reaches the highest quintiles (Group 4
and 5). This suggests that while introducing diversity effec-
tively breaks dominance loops or coverage gaps, excessive
divergence may introduce noise or irrelevant candidates
that the ensemble method cannot fully leverage.

4 Conclusion
We propose SELF-COLLAB, a self-collaborative

inference paradigm that improves the reliability of
factual knowledge recall in large language models.
SELF-COLLAB expands linguistic diversity via self-
paraphrasing and integrates evidence from multiple
prompts through logits-level ensembling. Experiments
across multiple model scales and two knowledge recall
benchmarks demonstrate consistent improvements in fac-
tual recall. Further ablation studies systematically analyze
the effects of paraphrase quality, quantity, and diversity,
providing new insights into the mechanisms underlying ro-
bust knowledge recall under linguistic variation. In future
work, we will extend the work to reasoning and logic tasks.
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