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Abstract

We present team Entropy of Void’s submissions to two QuantumCLEF 2026 tracks: Task 2 (noise-robust instance
selection for text classification) and Task 3A (document clustering for retrieval with quantum K-Medoids). Both
tasks are modeled as combinatorial optimization under resource constraints and addressed with Quadratic
Unconstrained Binary Optimization (QUBO) formulations solved using D-Wave quantum annealing, compared
against simulated annealing (SA) baselines. For Task 2, we propose a multi-objective QUBO that combines
class-aware diversity, boundary preservation, and kNN-based noise scores, plus a k-medoids decomposition
to fit current QPU topology. On 5-fold NYT Vader sentiment data with 20% label noise, QA/SA retain about
40% of training instances while matching full-data validation performance (avg Macro-F1: 0.9484) on training
data and (avg Macro F1: 63.9(std: 6.7)) in official evaluation. For Task 3A, we use a three-stage hierarchical
pipeline (MiniBatchKMeans compression, QPU K-Medoids on representatives, full-corpus assignment) over the
6,486-document ANTIQUE corpus. Across 15 variants and K € {10, 25, 50}, QPU outperforms SA in 5 variants
officially, with strongest gains at K = 10 (best iDCG@10 = 0.6363, highest among participating teams at this
K). Jointly, results indicate that current annealers are effective for medium-scale QUBO subproblems, with
performance sensitivity to embedding density, chain breaks, and decomposition design.
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1. Introduction

QuantumCLEF evaluates practical quantum optimization workflows for information retrieval and text
analytics [1, 2]. This paper combines our two team submissions in a single working note, as required
for final proceedings: Task 2 (instance selection under noisy labels) and Task 3A (quantum clustering
for retrieval).

Both tasks reduce to NP-hard subset selection. In Task 2, selecting a compact and noise-robust training
subset is a combinatorial problem akin to prototype selection and dataset reduction in supervised
learning [3]. In Task 3A, K-Medoids is NP-hard and requires selecting K representative documents
from large corpora [4, 5]. We adopt a unified strategy: formulate each task as QUBO [6, 7], solve via
quantum annealing [8, 9], and benchmark against SA [10, 11].

Main outcomes. For Task 2, QA and SA match full-data validation Macro-F1 while reducing training
size by approximately 60%. For Task 3A, QPU achieves best official nDCG@10 of 0.6363 at X = 10 and
beats SA in 5/15 variants, while SA is more stable at larger K where embedding pressure and chain
breaks increase.
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2. Related Work

Instance selection and noisy labels. Classical approaches include edited nearest-neighbor [12],
prototype selection taxonomies [3], and modern noisy label mitigation such as confident learning [13]
and co-teaching [14]. Our Task 2 contribution differs by casting instance selection as a constrained
QUBO with explicit diversity and boundary preservation terms.

QUBO and quantum optimization in ML. QUBO provides a common discrete optimization
interface for Ising hardware [7, 6]. Prior work has explored QUBO in feature selection and clustering [15,
16]. Practical annealing workflows often require decomposition or hybridization on NISQ hardware [17,
18].

Clustering for retrieval. K-Medoids (PAM/FastPAM) remains a robust clustering baseline [4, 5],
while MiniBatchKMeans provides scalable pre-clustering [19]. For retrieval evaluation we follow
nDCG@10 [20] on ANTIQUE [21].

3. Background: QUBO and D-Wave Constraints

3.1. QUBO Formulation and Ising Equivalence
A binary QUBO objective seeks

x* =arg min FE(x), E(x)=x Qx= Z Qiir; + Z Qijrix;. (1)
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The diagonal entries (Q;; act as linear biases on individual variables; the off-diagonal entries ();; encode
pairwise interactions. D-Wave hardware solves the equivalent Ising problem

H=> hioj+Y Jyoio}, of €{-1,+1}, 2)
%

1<j

obtained from Equation 1 via the substitution z; = (1—07)/2. Substituting into the diagonal terms gives
Qiir; = Qii(1 — 07)/2, and into each off-diagonal term gives Qj;x;x; = Q;;(1 — 0f — 07 + 0j07)/4.
Because () is upper-triangular, variable ¢ enters the sum twice: as the first index of every pair (7, j) with
J > i, and as the second index of every pair (j,7) with j < i. Collecting the o} coefficient from all
three sources— diagonal (—Q;;/2), row-i off-diagonal (—Q);;/4 for j > i), and column-i off-diagonal
(—Qji/4 for j < i)—yields:

hi:—@—} > Qi+ Qi Jij:%’ 0 <J. ®)

This mapping is standard [7, 6]; the shorthand —i > ji Qij found in some references assumes a
symmetric (), whereas for upper-triangular () the column-i contributions @;; (j < %) must be counted
separately as shown above. Note the negative sign on h;: minimising F(x) in QUBO space corresponds
to minimising H in Ising space, since higher ();; raises the diagonal penalty and therefore decreases
h; (making that spin prefer o7 = +1, i.e. ; = 0, deselecting that variable). The quantum annealer
is initialised in the ground state of a transverse-field Hamiltonian Hi,y = —I'), 07 (a uniform
superposition over all 2" spin states) and interpolates to Hgp, over anneal time Ty,. If T}, is long relative
to the inverse spectral gap, the adiabatic theorem guarantees convergence to the ground state of Hgp,;
in practice T}, is set to 20-2000 us, providing a heuristic rather than provable advantage.

3.2. Hardware Constraints and Decomposition Necessity

D-Wave Advantage implements the Pegasus P16 topology: 5,627 physical qubits each connected to
at most 15 neighbours [22, 23]. Because QUBO problems with fully connected interaction graphs
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Figure 1: PCA explained-variance curve for Fold 1 (LLaMA 3.1 8B, 768D — 50D).

require minor embedding—representing each logical variable as a chain of physical qubits—the effective
problem capacity is far below 5,627 logical variables. For a fully connected graph on n logical nodes,
the n(n — 1)/2 couplers required grow quadratically; in practice, problems with n > 150 began to
fail embedding in our experiments. Chain breaks arise when physical qubits within the same logical
chain disagree after annealing; the chain strength A (a ferromagnetic coupler penalty keeping chains
aligned) must satisfy A > max; ; |@Q;;| to suppress breaks, but larger A also reduces the effective energy
gradient driving the optimisation [24].

This hardware reality is central to both tasks. Task 2 decomposes the global instance-selection
problem into cluster-local QUBOs with an average of 20 variables for QA or 100 for SA each, making
every subproblem trivially embeddable. Task 3A compresses 6,486 documents to G < 80 macro-
clusters and selects 2 representatives per cluster (nearest and farthest from the centroid), before QUBO
construction, limiting the logical graph to 2G' < 160 nodes. In both cases, decomposition is not an
optimisation choice but a hardware necessity.

4. Task 2: Noise-Robust Instance Selection

4.1. Task and Data

Task 2 aims to select a compact training subset from noisy sentiment data while preserving classification
quality. We use NYT Vader-based sentiment data split into 5-fold for Cross Validation (CV) and 20%
injected label noise. Embeddings are generated from LLaMA 3.1 8B [25] and reduced from 768D to 50D
via Principal Component Analysis (PCA) [26]. As shown in Figure 1, 50 components capture ~98% of
variance, with the curve flattening sharply after the first 8-10 components; this indicates that most
semantic structure is encoded in a low-dimensional subspace, so reducing to 50D retains almost all
discriminative signal while reducing QUBO matrix density by a factor of (768/50)? ~ 236 x. Noise is
estimated with a kNN disagreement score (k = 15), following the intuition that mislabeled points are
locally inconsistent.

4.2. QUBO Formulation

We introduce a binary variable x; € {0, 1} for each instance, where z; = 1 means instance 1 is selected.
The QUBO objective is:

min XTQX (4)

where () € R™*"™ is an upper-triangular coefficient matrix defined as follows.



Diagonal terms (self-cost). For each instance ¢ with label ¢;:

count(/;
Qi = N( ) + A (5)
N ——

class-frequency bias noise penalty
The class-frequency term biases selection toward minority-class instances (which have a smaller
frequency ratio), promoting class balance. The noise penalty 1; € [0, 1] is a per-instance score, weighted
by hyperparameter A.
We estimate per-instance label reliability using k-nearest-neighbour (k-NN) consistency [12]:

~ i eNk(@) g5 = wi}|
k

ni=1 (6)
where N (i) denotes the k nearest neighbours of instance i (excluding i itself). Instances in homoge-
neous neighbourhoods receive n; ~ 0, while likely mislabelled instances on the “wrong side” of the
class boundary receive 7; ~ 1. We use k = 15 throughout all experiments.

Off-diagonal terms (pair-cost). For each pair (7, j) with i < j, let d;; = ||x; — X;||2/dmax be the
normalised Euclidean distance:

—d;; ifl; =4; (diversity reward)
Qij = { ’ ’ y )

+d;; if¢; # {; (boundary preservation)

Rewarding distant same-class pairs encourages diversity within each class. Penalising distant cross-
class pairs retains informative decision-boundary instances.

Cardinality constraint. We enforce the selection of exactly k = | pN | instances (with target ratio
p) via a quadratic penalty added to the BQM:

2
gl (Z T — k) v = AEmax (8)

where v is set to the maximum energy gap of the unconstrained BQM, ensuring the constraint dominates
the objective [7].

4.3. Decomposition and Solvers

To fit QPU limits, we partition points with k-medoids and solve cluster-local QUBOs. We use target
cluster size 20 for QA and 100 for SA, with global selection ratio p = 0.40 and noise weight A = 0.50.
QA runs on Advantage_system4.1 with 50 reads and 20 ys anneal time; SA uses dwave-neal with
1000 reads. Figure 2 shows the PCA projection for Training Fold 1 alongside the QA subproblem size
distribution; the majority of k-medoids clusters contain instances from both classes, enabling effective
boundary-aware QUBO construction as described in Equation 5-(7) above.

4.4. Hyperparameter Tuning

To assess whether more QPU resources yield improved results, we ran a second QA configuration using
num_reads= 100 and annealing_time= 50 us. As observed from the official QCLEF workspace
statistics, the selected subset and resulting Macro-F1 were comparable to those obtained under the
default configuration (num_reads= 50, annealing_time= 20 us) in respect to energy minimization
and QPU processing time, confirming that for QUBO subproblems of size < 20 variables on Pegasus, a
moderate number of reads is sufficient to find high quality solutions.
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Figure 2: Left: PCA projection of LLaMA 3.1 8B embeddings (768D — 50D) coloured by sentiment class across
one training fold. Right: Subproblem size distribution and class balance within k-medoids clusters (Fold 1,
target_cluster_size= 20).

Table 1

Task 2: 5-fold cross-validation on NYT Vader (20% injected noise), using Logistic Regression as a proxy classifier
(see protocol above). Both QA and SA retain ~40% of training data while matching full-data Macro-F1. Reduction
~ 60% is consistent across all folds.

Method Macro-F1 1 Retention Reduction QPU time

Full baseline 0.9482 100% 0% —
SA-selected subset 0.9484 ~40% ~60% —
QA-selected subset 0.9484 ~40% ~60% <1% of 160's budget

4.5. Task 2 Results

Internal validation protocol. Since fine-tuning the full LLaMA 3.1 8B model per fold was not
feasible within our compute budget, we use Logistic Regression as a proxy classifier to evaluate the
quality of QA- and SA-selected subsets prior to official submission. For each of the 5 folds, the fold’s
embeddings are split 80%/20% (stratified by class, fixed seed) into a training portion and a held-out
validation portion that is never touched by the selection process. From the 80% training portion we
retain only the instances selected by QA or SA (or all instances, for the baseline), train a Logistic
Regression classifier (¢3-regularised, 1bfgs solver, max 1000 iterations) on the retained subset, and
evaluate Macro-F1 on the untouched validation portion. Table 1 reports Macro-F1 averaged across all 5
folds. This proxy evaluation is used only to sanity-check subset quality internally; the official QCLEF
evaluation (Table 2) instead fine-tunes LLaMA 3.1 on the submitted subsets, which is why the two tables
are not directly comparable.

« Internal validation (Table 1) shows that QA and SA match full-data performance within 0.02
Macro-F1 points while discarding ~60% of training data.

« Official test-set results (Table 2) demonstrate one of the most aggressive data reduction rates
(~60%) among participating teams, while maintaining competitive Macro F1 scores (63.9% QA,
65.9% SA).

+ Our SA achieves the highest Macro F1 among methods using >50% data reduction, preserving
predictive quality under substantial filtering.

« Our QA achieves a good F1 score with the lowest standard deviation (6.7), indicating strong
robustness across folds.

« While a few competing methods achieve higher absolute F1 scores, they do so with significantly
lower reduction rates, highlighting the trade-off between data efficiency and predictive accuracy.

+ The validation-test gap suggests opportunities for further optimisation and improved generalisa-
tion.

As shown in Figure 3, both solvers closely track the 40% target selection ratio across folds, and
selected instances consistently have lower k-NN noise scores than discarded instances, confirming that
the QUBO noise penalty A - 7; effectively filters mislabelled instances.



Table 2

Task 2: Official QCLEF 2026 test-set results [27] (Macro-F1, mean =+ std across folds). Both QA and SA underper-
form the official full-data baselines on the held-out test set; the gap reflects distribution shift between the noisy
training folds and the clean test evaluation.

Method Official Macro-F1 =+ std
Full baseline (official) 88.9 0.8
Alternative baseline (official) 84.3 2.5
QA-selected (our submission) 63.9 6.7
SA-selected (our submission) 65.9 10.0

7 g £ 10
s mn B [ | s 50
25 25
o o 00 00
00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
_— a1 roe o N Noise score N Noise score

ssssssssssssssssssssssssssss

Figure 3: Left: actual selection ratio vs. the 40% target (dashed line). Right: Noise score density for selected
(blue) vs. discarded (red) instances under SA selection.

5. Task 3A: Quantum K-Medoids for Retrieval Clustering

5.1. Task and Data

Task 3A clusters 6,486 ANTIQUE documents for retrieval routing and ranking, with quality measured
by nDCG@10 over 50 queries and official labels [21, 20].

5.2. Hierarchical Pipeline
Direct Bauckhage QUBO at full corpus size is intractable. We use:

1. MiniBatchKMeans pre-clustering into G groups and selection of 2 representatives per group
(nearest and farthest from the centroid),

2. QPU K-Medoids on 2G representatives,

3. full-corpus assignment of all documents to the nearest selected medoid.

We run 15 variants over K € {10, 25, 50}, varying G, distance metric (Euclidean/cosine/correntropy),
and PCA use.

5.3. QUBO Construction: Bauckhage K-Medoids

Following [16], binary variable x; = 1 means representative i is selected as a medoid. The QUBO matrix
over the 2G representatives is

Qi =B Aij++(1 - 2K), )
J
Qij =v— 5 Ay, 1#7, (10)
where the correntropy loss [28]
Ajj=1-e%/2 ¢ [0,1] (11)

bounds all pairwise interactions to the unit interval regardless of embedding scale or dimensionality,
and the parameters are « = 1/K, 5 = 1/(2G), v = 2.

The diagonal term @;; (Equation 9) penalises outlier documents: a high > | j A;; (far from all others)
adds a positive 5 ; Aij to Qsi, making it less negative and therefore less preferred as a medoid when



Table 3
Best official n(DCG@10 per K block for Task 3A and comparison with same-variant SA.

Setting  Best QPU nDCG@10 Variant A(QPU-SA)
K =10 0.6363 V1 (G=80, Euclidean) +0.101
K =25 0.5858 V9 (G=380, Cosine) +0.035
K =50 0.5466 V12 (G=70, Euclidean) -0.009

minimising the QUBO energy. Central documents (low ) ; Aij) receive a more negative ();; and are
thus preferred—consistent with K-Medoids minimising total point-to-nearest-medoid distance. The
cardinality offset (1 — 2K) ensures the net Q;; is always large and negative, arising from the expansion
Y i —K)? =Y i —29vK Y mi+2y Y, ; i +const (the same quadratic cardinality penalty
used in Task 2). The off-diagonal term (Q;; (Equation 10) balances a global coverage reward () against
a co-selection penalty (5 A;;) that discourages choosing two near-identical documents as co-medoids.

Chain strength is set as A = 1.2 x max;; |Q;;|, where the maximum is taken over the off-diagonal
entries only. The diagonal entries Q);; = (1 — 2K) carry the linear bias (not the quadratic coupling),
so including them would inflate A by a factor of K and suppress the energy landscape on QPU. The
off-diagonal entries lie in [2y — a, 27] = [4 — 1/ K, 4] (the factor of 2 arises from the upper-triangular
QUBO convention), so A == 1.2 x 2y = 1.2 x 4 = 4.8, essentially constant across all K. Critically, A is
also independent of G: because A;; € [0, 1], adding more representatives does not change max |Q;;|,
so0 no retuning is needed as G varies—a direct practical benefit of the correntropy bounding that would
not hold for raw Euclidean distance (where max |Q;;| grows with G).

5.4. Hardware Behaviour: Chain Breaks

Across all 15 variants, chain break fractions are high (0.74-0.89), substantially above typical QUBO
experiment reports. Three structural factors contribute: (1) at G = 80 the minor embedding of 160
logical variables demands long physical chains; (2) the correntropy-bounded energy landscape is
relatively flat near the optimum (max |Q;;| ~ 4 in the upper-triangular QUBO passed to D-Wave),
so the chain-alignment penalty (A = 4.8) provides only =~ 20% headroom over the largest coupler
values, which is insufficient to reliably suppress chain breaks; (3) chain break rates increase with K
(from ~0.77 at K = 10 to ~0.88 at K = 50) as the number of active couplers grows. Despite these
rates, post-processing (reduce_medoids_to_k) ensures exactly K medoids are returned from each
restart; the best-of-restart strategy over three x 1,000 reads is sufficient to locate a cardinality-consistent
solution. Embedding entirely fails at G = 120 (Nyeps = 240, 28,680 couplers), setting the practical
ceiling at G = 80 on Pegasus P16 [22].

5.5. Task 3A Results

QPU outperforms SA in 5/15 official variants, concentrated at lower-to-mid K. QPU also shows lower
annealing-time scale in official logs, but quality advantage narrows as K grows and chain-break effects
intensify [27].

Figure 4 illustrates the best Task 3A result (V1, K = 10, G = 80, Euclidean, nDCG@10 = 0.6363): the
QPU panel shows 10 clusters spanning all major regions of the embedding space, with cluster sizes
ranging from ~200 to ~1,200 documents, reflecting natural density variation in the corpus.

Figure 5 compares Silhouette, Calinski-Harabasz, and local Query Coherence across all five methods
for V1. Ward achieves the highest Query Coherence (0.830), followed by K-Means (0.741); QPU ranks
third (0.601), ahead of PAM (0.562) and SA (0.540). K-Means and Ward also dominate on internal
geometry metrics (Silhouette, Calinski-Harabasz), yet QPU achieves the highest official nDCG@10
(0.6363) despite ranking fourth on Silhouette (0.0126) behind K-Means (0.028), Ward (0.016), and PAM
(0.0133)—suggesting that internal geometry metrics may not be reliable proxies for official retrieval
quality in this corpus.
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Figure 4: Task 3A best result: V1 (K = 10, G = 80, Euclidean, nDCG@10 = 0.6363). Left: t-SNE projection of a
3,000-document random subsample coloured by cluster assignment, shown side-by-side for all five methods
(PAM, K-Means, Ward, SA, D-Wave QPU). Right: violin plot of cluster-size distributions across all five methods.
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Figure 5: Method-comparison heatmap for V1 (X = 10, G = 80, Euclidean), showing Silhouette, Calinski-
Harabasz, and local Query Coherence scores across QPU, SA, PAM, K-Means, and Ward clustering (colour scale
spans the global data range; annotations show exact values).
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Figure 6: Task 3A hardware behaviour: V6 (K = 25, G = 80, Euclidean). Left: QPU QUBO energy distribution
across 1,000 reads from the best-energy restart. Right: Silhouette and Query Coherence scores across all methods
at K = 25.

Figure 6 shows V6 (K = 25, G = 80, Euclidean) hardware behaviour: the QPU energy distribution
(best of 3 restarts x 1,000 reads) shows a wide spread reflecting the high chain break fraction (~0.84),
yet post-processing (reduce_medoids_to_k) still ensures exactly K medoids from the best-energy
read. At K = 25, SA (red) slightly exceeds QPU (purple) on both Silhouette and Query Coherence (SA
QC= 0.564 vs. QPU QC= 0.547; SA Sil= 0.015 vs. QPU Sil= 0.014), illustrating the narrowing QPU
advantage at larger K under high chain-break pressure.



6. Cross-Task Discussion

A shared pattern emerges across both tasks:

« Decomposition is essential. Hardware-feasible subproblems are the dominant design lever for
both quality and runtime.

« QPU gains are regime-dependent. We see strong wins on medium-scale, well-structured sub-
problems (Task 2 local QUBOs, Task 3A at K < 25), but weaker gains under denser embeddings.

+ Metric alignment matters. In Task 3A, cosine assignment improves official nDCG at K = 25
(V9 is the best K = 25 variant); at K = 10 Euclidean assignment achieves the best score (V1).

« Hybrid robustness remains important. SA is a strong baseline and can dominate in larger
or noisier regimes, suggesting practical quantum pipelines should remain hybrid and adaptive.
We note that this practical advantage of hybrid approaches largely reflects the current Noisy
Intermediate-Scale Quantum (NISQ) era, in which annealers have a limited number of qubits
and are heavily affected by chain breaks and embedding overhead; as hardware connectivity and
coherence improve, this balance may shift toward fully quantum approaches becoming more
competitive at larger problem scales.

7. Conclusion

This combined team note reports two QuantumCLEF 2026 submissions under a single methodological
frame: QUBO-based discrete optimization with hardware-aware decomposition. For Task 2, we obtain
near-baseline classification quality with around 60% data reduction. For Task 3A, we achieve the
strongest official score at K = 10 while characterizing a clear scalability boundary at larger K" under
current NISQ constraints. Future work includes adaptive chain-strength calibration, decomposition
guided by embedding quality indicators, and evaluation on newer annealing topologies with improved
connectivity.
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