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—— Abstract

We propose a feature-free approach to algorithm selection that replaces hand-crafted instance

features with pretrained text embeddings. Our method, ZeroFolio, proceeds in three steps: it
reads the raw instance file as plain text, embeds it with a pretrained embedding model, and selects
an algorithm via weighted k-nearest neighbors. The key to our approach is the observation that
pretrained embeddings produce representations that distinguish problem instances without any
domain knowledge or task-specific training. This allows us to apply the same three-step pipeline
(serialize, embed, select) across diverse problem domains with text-based instance formats. We
evaluate our approach on 11 ASlib scenarios spanning 7 domains (SAT, MaxSAT, QBF, ASP, CSP,
MIP, and graph problems). Our experiments show that this approach outperforms a random forest
trained on hand-crafted features in 10 of 11 scenarios with a single fixed configuration, and in all
11 with two-seed voting; the margin is often substantial. On the three scenarios with published
AutoFolio results from the 2015 ASlib competition, ZeroFolio with two-seed voting matches or
outperforms AutoFolio without per-scenario configuration tuning. Our ablation study shows that
inverse-distance weighting, line shuffling, and Manhattan distance are the key design choices.
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1 Introduction

Algorithm selection is the fundamental problem of choosing the most suitable solver from a
portfolio for a given problem instance. Rice [11] formalized this as a mapping from instance
features to algorithm performance, establishing a framework that has guided decades of
research.

From problem instances, modern algorithm selection systems obtain strong performance
by extracting hand-crafted features and training machine learning models to predict solver
runtimes. SATzilla [15] pioneered feature-based selection for SAT, later automated by
AutoFolio [5]. The ASlib benchmark library [1] provides a standardized evaluation framework
with pre-computed features for scenarios across multiple domains.

The central challenge of this pipeline is domain-specific feature engineering. Each new
domain requires expert knowledge to design informative features. Feature computation can
itself be costly: SATzilla’s probing features run SAT solvers internally and can time out
or crash on hard instances. Shavit and Hoos [13] recently updated the SATzilla feature
extractor, reporting that the original tool failed to extract features from over 20% of modern
SAT competition formulas. Moreover, features designed for one domain (e.g., clause-variable
ratios for SAT) do not carry over to other domains (e.g., constraint satisfaction or answer set
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Figure 1 Percentage of the SBS-VBS gap closed. M RF on handcrafted features; M ZeroFolio.
ZeroFolio closes a larger fraction on all 11 scenarios; RF falls below SBS on two.

programming). This leaves practitioners with a trade-off between investing in domain-specific
feature engineering and accepting weaker selection performance.

We propose an approach that does not require feature engineering. The basic idea is to
read the raw instance file as plain text, embed it with a pretrained text embedding model,
and subsequently select an algorithm via weighted k-nearest neighbors. Our results show
that pretrained embeddings produce representations that distinguish instance structures well
enough for effective selection, without any task-specific training.

It is not obvious a priori that one fixed pipeline, applied to a 10,000-character window of
the raw instance file with no per-domain customization, would generalize across formats as
structurally diverse as DIMACS CNF, weighted CNF, QDIMACS, MiniZinc models, MPS
files, and graph adjacency lists. Our experiments show that, with appropriate serialization
and selector choices, it does.

Our contributions are:

= ZeroFolio,! a feature-free framework for algorithm selection that replaces hand-crafted
features with pretrained text embeddings, requiring zero domain knowledge.

= An evaluation on 11 scenarios across 7 domains, showing that embedding-based k-NN
outperforms random forest on hand-crafted features.

= A comparison against AutoFolio on the three scenarios with published 10-fold CV PAR10
numbers, showing that ZeroFolio matches or outperforms AutoFolio without per-scenario
configuration tuning.

= An ablation study characterizing the design choices that determine performance.

Figure 1 previews the main result: on all 11 scenarios, ZeroFolio closes a larger fraction
of the SBS-VBS gap than the feature-based baseline.

L ZeroFolio is available as a Python package: https://pypi.org/project/zerofolio/.
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2 Related Work

Classical algorithm selection.

Rice [11] formalized algorithm selection as a mapping from a feature space to algorithm
performance. SATzilla [15] instantiated this framework for SAT, extracting structural
features (clause-variable ratios, variable interaction graphs, probing statistics [9]) and training
regression models to predict solver runtimes. AutoFolio [5] automated the configuration of
the selection pipeline through algorithm configuration. The ASlib benchmark library [1]
standardized the evaluation of algorithm selection systems across domains. We refer the
interested reader to Kotthoff [4] for a comprehensive survey. Each of these systems requires
hand-crafted, domain-specific instance features as input.

Feature-free algorithm selection.

Loreggia et al. [8] proposed the first feature-free approach to algorithm selection. In their

method, problem instances are rendered as grayscale images and classified with a CNN.

Salinas-Pinto et al. [12] replaced image rendering with raw text input to a custom Transformer
encoder. While this approach improves over the CNN method, it still falls short of the single
best solver on SAT Industrial instances. Pellegrino et al. [10] fine-tune a BERT encoder
on high-level Essence specifications for constraint programming, obtaining competitive
performance within that single domain. In contrast, both Salinas-Pinto et al. [12] and
Pellegrino et al. [10] train task-specific neural models on algorithm selection labels. They
eliminate features but retain supervised training. Our approach does not require task-specific
training and uses a frozen pretrained embedding model.

Neural and LLM-based algorithm selection.

Zhang et al. [17] introduce GraSS, a GNN-based SAT solver selector that represents CNF
instances as tripartite literal-clause graphs with hand-designed node features. GraSS achieves
competitive results on SAT benchmarks but is inherently domain-specific, requiring CNF
parsing, expert-designed graph features, and a trained GNN. Wu et al. [14] use LLMs to
embed algorithm source code, combining the resulting representations with hand-crafted
instance features from ASlib. Their approach addresses a different aspect of the problem:
they embed the algorithm side while still relying on hand-crafted instance features. Gao et
al. [3] propose neural solver selection for combinatorial optimization. All these approaches
require either domain-specific instance representations or supervised training on runtime
data; our method requires neither.

Serialization for language models.

Fatemi et al. [2] study the encoding of graph-structured data as text for large language

models and show that the serialization format is a key determinant of model performance.

Yin et al. [16] benchmark serialization strategies for structured entity matching and find that
random attribute ordering improves robustness. Our line-shuffling strategy is based on this
observation. It randomly permutes the lines of an instance file before truncation, so that the

embedding model receives a more representative sample of the instance under truncation.

Our ablation study shows that line shuffling improves PAR10 by 11% compared to the fixed
sequential order.

XX:3
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Figure 2 The ZeroFolio pipeline: serialize, embed, select. The same three steps apply unchanged
across all problem domains. Multi-seed voting (dashed) is optional.

3 Method

We call our method ZeroFolio, reflecting its zero domain knowledge requirement. It proceeds
in three steps: serialize the raw instance file as text, embed it with a pretrained model, and
select an algorithm via weighted k-NN. Figure 2 illustrates the pipeline.

3.1 Zero Domain Knowledge Serialization

The input to our pipeline is the raw instance file as stored on disk. We treat this file as plain
text, without parsing, preprocessing, or feature extraction. Our approach does not require
domain-specific knowledge: the same procedure handles CNF formulas, WCNF (MaxSAT),
QDIMACS (QBF), MiniZinc models, answer set programs, MPS files, and adjacency lists.
For formats with separate model and data files (e.g., MiniZinc .mzn 4 .dzn), we concatenate
them into a single text.

To handle the token limit of the embedding model, we truncate the file to a character
budget b (we use b = 10,000 throughout). Because truncation discards everything beyond the
budget, a fixed file order means that later parts of the instance are never seen. We address
this with line shuffling: we randomly permute the lines of the file before truncation. This
way, different random seeds expose different parts of the instance to the embedding model.

Formally, let f denote an instance file with lines ¢y, ..., ¢,. Given a random seed s, the
serialization is

serialize(f, s) = truncate(os(l1,...,4n), b)

where o, is the random permutation determined by s and truncate retains the first b
characters. For formats where line order carries no semantic meaning (e.g., CNF clauses),
this is a lossless transformation up to truncation.

3.2 Embedding

We pass the serialized text to a pretrained embedding model to obtain a fixed-dimensional
vector e € RP via a single API call. We use the embedding model as a black box, with no
fine-tuning and no domain adaptation.

3.3 Algorithm Selection via k-NN

Given a test instance with embedding e, we compute a weighted score for each algorithm a
from its k nearest training instances under Manhattan distance:

k
score(a) = Zw -ty w; =
v 7 i,a 7 (5(6,61‘)
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Table 1 The 11 ASlib benchmark scenarios used in our evaluation. Inst.: number of instances
with available raw files. Algo.: number of algorithms in the portfolio. Cutoff: per-instance time
limit in seconds.

Scenario Domain  Inst. Algo. Cutoff (s) Format
SAT12-ALL SAT 1367 31 1200 CNF
SATO03-16_INDU SAT 1887 10 5000 CNF
MAXSAT12-PMS MaxSAT 875 6 2100 WCNF
MAXSAT-PMS-2016 MaxSAT 450 19 1800 WCNF
MAXSAT-WPMS-2016 MaxSAT 630 18 1800 WCNF
QBF-2016 QBF 825 24 1800 QDIMACS
ASP-POTASSCO ASP 848 11 600 LP
GRAPHS-2015 Graph 5725 7 10> SIP
MIP-2016 MIP 218 5 7200 MPS
CSP-MZN-2013 CSpP 3940 11 1800 MZN/XML
CSP-MZN-Time-2016 CSpP 100 20 1200 MZN

where 0 denotes Manhattan distance, e; is the embedding of the i-th neighbor, and ¢; , is the
PARI10 runtime of algorithm a on that neighbor. We select the algorithm with the lowest
weighted score. Our ablation study (Section 5.2) shows that this is the most consequential
design choice, improving PAR10 by 33% over uniform weighting.

Multi-seed voting.

Line shuffling with different seeds yields distinct embeddings for the same instance. We
exploit this by averaging algorithm scores across seeds:

1
SCOTeyote(a) = — Z scoreg(a)

where S is a set of random seeds and score,(a) is computed from the embedding produced
with seed s. This soft voting reduces the variance introduced by random truncation.

4 Experimental Setup

4.1 Benchmark Scenarios

We consider 11 scenarios from the Algorithm Selection Library (ASlib) [1], spanning 7
domains. Table 1 lists the scenarios with their key characteristics. We start from the union of

scenarios used in the Algorithm Selection Competitions [6] and the sunny-as2 evaluation [7].

Specifically, we require a runtime metric, a text-based instance format, publicly available
instances, and at least 5 algorithms in the portfolio.

We obtained instance files from public repositories: SAT/MaxSAT competition archives,
QBFLIB, and MiniZinc benchmarks. The instance counts reported in the table reflect
available files. Algorithm counts and cross-validation splits come from the ASlib data.

4.2 Evaluation Protocol

We use the 10-fold cross-validation splits provided by ASlib. We report PAR10 as the
performance metric (lower is better): the runtime if the selected algorithm solves the instance
within the cutoff, and 10 times the cutoff otherwise [1].

XX:5
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163 We compare against two baselines:

164 The single best solver (SBS): the algorithm with the lowest average PAR10 across all
165 instances.

166 A random forest (RF) trained on hand-crafted ASlib features, a standard supervised
167 baseline for algorithm selection [1]. We use 100 trees, median imputation for missing
168 features, and standard scaling, with no per-scenario tuning. The RF predicts the best
169 algorithm per instance (classification).

170 Our standard configuration uses k=10, Manhattan distance, inverse-distance weighting,

i and line-shuffle serialization with a 10,000-character budget. We fix this configuration across
w2 all 11 scenarios and perform no per-scenario tuning.

s 4.3 Embedding Model

s We use gemini-embedding-2 as the primary embedding model, a proprietary model by

s Google with 3072 output dimensions. We additionally compare three alternatives across

we all 11 scenarios: its predecessor gemini-embedding-001 (3072 dimensions), OpenAI’s

w  text-embedding-3-large (3072 dimensions, 8k token context), and the open-source qwen3-embedding-8b
ws (4096 dimensions, 32k token context). On SAT12-ALL we additionally evaluate bge-m3 by

w  BAAT (1024 dimensions); it is included only in the ablation. We access Gemini via the

1.0 Vertex AT API and all other models via OpenRouter. We use all models without fine-tuning.

11 Section 5.3 presents the model comparison.

w2 | D Results

s 5.1  Main Results

e The results are summarized in Table 2. With a single fixed configuration (k=10, Manhattan
s distance, inverse-distance weighting, single seed), ZeroFolio outperforms the RF in 10 of the
s 11 scenarios. SAT12-ALL is the only scenario where ZeroFolio falls short of the RF (1156
w7 vs. 1010). Adding two-seed voting closes this gap, yielding 1002 on SAT12-ALL. This gives
188 improvements across all 11 scenarios.

189 On ASP-POTASSCO, we obtain 539 versus the RF’s 775; on QBF-2016, we obtain 1979
100 versus 2387; on the two CSP scenarios, the improvements exceed 16%. Even on GRAPHS-
w1 2015, where the performance gap between SBS and VBS is small (8.8 vs. 8.0), our ZeroFolio
192 closes more of the gap than the RF (8.3 vs. 8.6).

103 On the three scenarios with published AutoFolio PAR10 from the 2015 ASlib competition
e (Table 2, AF*), ZF-v2 is within 1% of AutoFolio on ASP-POTASSCO and MAXSAT12-PMS
105 and improves on SAT12-ALL (1002 vs. 1066), despite using smaller instance subsets on two
s of the three scenarios and performing no per-scenario tuning.

107 A paired Wilcoxon signed-rank test across the 10 CV folds confirms statistical significance
s (p<0.05) for 6 of the 10 scenarios where ZeroFolio outperforms RF. The remaining 4 show
199 consistent but non-significant improvements, partly due to high PAR10 variance within folds.

w0 5.2 Ablation Study

20 We conduct an ablation study on SAT12-ALL to characterize the contribution of each design
22 choice. We use the standard configuration (k=10, Manhattan distance, inverse-distance
23 weighting, line shuffle) and vary the setting of one dimension at a time. Table 4 summarizes
24 the results.
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Table 2 Main results: mean PAR10 across 11 ASlib scenarios. ZF: ZeroFolio (k-NN on embeddings,
k=10); ZF-v2: ZeroFolio with two-seed voting. AF*: AutoFolio PAR10 from the 2015 ASlib
competition (Lindauer et al. [6], Appendix D.6, 10-fold CV); “~” indicates no published number. AF*
uses the full scenario (1294 and 1614 instances for ASP-POTASSCO and SAT12-ALL, respectively),
whereas our evaluation uses the subset with available raw files (848 and 1367); MAXSAT12-PMS
instance counts are nearly identical (876 vs. 875). Bold indicates the best result among RF, ZF, and
ZF-v2 per scenario. Gap%: percentage of SBS-VBS gap closed. Significance of ZF vs. RF assessed
via paired Wilcoxon signed-rank test across 10 folds (***p<0.001, **p<0.01, *p<0.05).

Gap%
Scenario SBS RF AF* 7ZF ZF-v2 VBS RF ZF
SAT12-ALL 3066 1010 1066 1156 1002 271 T4 T4
SATO03-16 _INDU 10097 9483 - 9218 9187 7152 21 31
MAXSAT12-PMS 4899 3748 3559 3658 3587 3131 656 74
MAXSAT-PMS-2016 2965 3186 - 2254** 2240 1833 —-20 64
MAXSAT-WPMS-2016 3893 3614 - 3376 3292 2630 22 48
QBF-2016 3667 2387 — 1979* 1958 1209 52 70
ASP-POTASSCO 1015 775 525 539** 526 440 42 85
GRAPHS-2015 8.8 8.6 - 8.3 8.3 8.0 25 63
MIP-2016 3008 3258 - 1977 1989 282 -9 38
CSP-MZN-2013 9461 5415 — 4524*** 4479 3950 73 90
CSP-MZN-Time-2016 3612 2781 - 2309 2418 2062 54 84

Inverse-distance weighting has the greatest impact on results: switching to uniform
weighting reduces PAR10 from 1156 to 1540 (+33%). Line shuffling is the second most

important factor: the raw file order yields 1287 versus 1156 for the shuffled order (+11%).

Manhattan distance has a smaller but consistent advantage over cosine (1195 vs. 1156,
+3.4%). The naive baseline (raw text, cosine distance, uniform weighting) reaches only 1670,
confirming that each design choice contributes.

Varying k shows that k=5 is optimal on SAT12-ALL (1088), while k=10 works well as a
cross-domain default. With two-seed voting and k=5, the PAR10 improves to 1002, matching
the RF baseline (1010).

To test whether pretrained embeddings are necessary, we replace them with TF-IDF
character n-gram features of the same dimensionality (3072) and apply the same k-NN
selector. The best TF-IDF variant achieves 1524 on SAT12-ALL. This is better than SBS
(3066) but substantially worse than Gemini embeddings (1156). This gap suggests that
pretrained representations capture information beyond what surface-level text statistics alone
provide, though differences in feature-space geometry may also contribute.

To verify that these choices generalize, we repeat the key ablation dimensions on three
additional scenarios (Table 3). Inverse-distance weighting remains important on QBF-2016
but has a negligible impact on ASP-POTASSCO and CSP-MZN-2013. Manhattan and cosine
yield nearly identical results on all three scenarios. The standard configuration transfers
without modification.

5.3 Embedding Model Comparison

Table 5 compares four embedding models across all 11 scenarios. Gemini 2 (proprietary, 3072
dimensions) outperforms the RF baseline on 9 of 11 scenarios. Its predecessor Gemini 1 (same
dimensions) beats RF on 8 of 11; OpenAl text-embedding-3-large (also 3072 dimensions)
also beats RF on 8 of 11. Among open-source models, Qwen3-8B (4096 dimensions, 32k
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Table 3 Cross-domain ablation (k=10, single seed). Each cell shows PAR10 when one dimension
departs from the standard configuration (Manhattan, 1/5). A: relative change from standard.

Cosine Uniform wt.
Scenario Std  PARI10 A PARI10 A
SAT12-ALL 1156 1195  +3% 1540 +33%
QBF-2016 1979 1959 —1% 2221 +12%
ASP-POTASSCO 537 537 0% 524 —2%

CSP-MZN-2013 4523 4523 0% 4526 +0%

Table 4 Ablation on SAT12-ALL. Standard configuration: k=10, Manhattan, 1/§ weighting, line
shuffle, single seed. Each row varies one dimension from the standard.

Dimension Variant PARI10
Standard configuration 1156
Naive baseline (raw + cosine + uniform) 1670
Serialization ~ raw (no shuffle) 1287
Distance cosine 1195
Weighting uniform 1540
k k=5 1088
k k=20 1262
Voting (k=5) 2 seeds 1002

token context) beats RF on 6 of 11.

The comparison between Gemini 2, Gemini 1, and OpenAl is informative because all
three share the same output dimensionality (3072). Performance differences thus reflect
model-specific factors such as training data and architecture rather than dimensionality or
context length.

5.4 Hybrid Selection

We combine ZeroFolio with an RF (on ASlib features) via soft voting. For each algorithm,
we average the normalized scores from both selectors with equal weight (a=0.5).

On SAT12-ALL, with single-seed ZeroFolio at k=5 (PAR10 1088) competitive with RF
(969 in this evaluation), the hybrid achieves 844, improving over both selectors individually.
However, on the three scenarios where ZeroFolio already outperforms RF (ASP-POTASSCO,
QBF-2016, CSP-MZN-2013), the hybrid outperforms RF but falls short of ZeroFolio alone
(e.g., ASP: 685 hybrid vs. 537 ZeroFolio). Hybrid fusion is most beneficial when both
selectors are competitive. When one selector dominates, the weaker selector degrades the
overall result. Concatenating the two feature vectors into a single representation performs
substantially worse than soft voting (PAR10 ~ 1027 on SAT12-ALL). This suggests that
keeping the feature spaces separate is more effective than concatenation, possibly because
the 3072-dimensional embeddings dominate the 115 hand-crafted features in a joint space.



248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

S. Szeider

Table 5 Embedding model comparison (k=10, Manhattan, 1/, single seed per model). Gem. 2
and Gem. 1: Google, 3072d. OAI: OpenAl, 3072d. Qwen3: open-source, 4096d. Within each row all
models use the same embedding seed; the seed used here may differ from that of the ZF column in
Table 2, which accounts for small differences in the Gem. 2 column. Bold: best embedding result per
scenario.

Scenario RF Gem.2 Gem.l1 OAI Qwen3
SAT12-ALL 1010 1156 1194 1339 1532
SAT03-16_INDU 9483 9387 10452 10548 12291
MAXSAT12-PMS 3748 3926 3709 3635 3806

MAXSAT-PMS-2016 3186 2319 2324 2478 2640
MAXSAT-WPMS-2016 3614 3378 3457 3542 3859

QBF-2016 2387 2263 2217 2566 3178
ASP-POTASSCO 775 595 574 576 646
GRAPHS-2015 8.6 8.3 8.5 8.5 8.4
MIP-2016 3258 2318 3313 2981 2002
CSP-MZN-2013 5415 4524 4537 4511 4680
CSP-MZN-Time-2016 2781 2309 2536 2188 2316
Beats RF — 9/11  8/11 8/11  6/11

6 Discussion

Why does it work?

Pretrained text embedding models are trained on broad web corpora that likely include
source code, configuration files, and structured data formats. While a CNF formula is not
natural language, it is a structured text file with regularities (token distributions, clause
length patterns, comment headers) that such models can plausibly capture. Our results show
that embedding-based similarity suffices to identify instances with similar solver performance
profiles. Figure 3 visualizes this: a t-SNE projection of SAT12-ALL embeddings reveals
clusters dominated by individual solvers, suggesting that the embedding space captures
solver-relevant instance structure.

Scope.

Our method applies to any problem domain with text-based instance formats, but binary
or image-based formats would require a different serialization step. Within this scope, the
same pipeline can handle CNF, WCNF, QDIMACS, MiniZinc, ASP, and MPS files without
modification, and no domain expertise is required. Unlike hand-crafted feature extractors,
our serialization has no failure modes beyond I/O errors: it reads the file as plain text
without parsing. Note that, like all supervised selection approaches, our method still requires
labeled runtime data per scenario.

Character budget.

The character budget b has negligible impact on performance: on SAT12-ALL, budgets of
5,000, 10,000, and 30,000 characters yield PAR10 scores of 1083, 1087, and 1087, respectively
(k=5). This plateau is consistent with an effective token limit of approximately 2,048 tokens
for Gemini Embedding, beyond which additional input text does not affect the embedding.
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SAT12-ALL: t-SNE of Gemini embeddings
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Figure 3 t-SNE projection of Gemini embeddings for SAT12-ALL (1367 instances), colored by
best solver. Instances with similar solver preferences cluster together in embedding space.

Limitations.

Our best results rely on proprietary embedding models (Gemini, OpenAl); as noted in
Section 5.3, open-source alternatives lag. As open embedding models improve, this gap
may narrow. A second limitation is the API cost: embedding all instances for one scenario
costs approximately $10 with Gemini. While this is modest compared to the computational
cost of running solvers, the reliance on a commercial service introduces risks to availability
and reproducibility. AutoFolio’s best reported PAR10 on SAT12-ALL is 890 with extensive
per-scenario SMAC tuning [5], 11% lower than ZeroFolio’s 1002. Under the standard tuning
budget of the ASlib competitions, AutoFolio scores 1066 on the same scenario (Table 2),
which ZeroFolio improves upon. Per-scenario configuration tuning is compatible with our
approach and could, in principle, be layered on top. Finally, we use embedding models out
of the box, without fine-tuning; whether task-specific fine-tuning would help, at the cost of
the zero-domain-knowledge framing, is outside the scope of this paper.

Feature computation cost.

A practical advantage of our approach is that it avoids the costs and failure modes associated
with feature extraction. Recall that the SATxzilla feature extractor fails on over 20% of modern
formulas (Section 1); feature computation can take minutes per instance [13]. Our entire
pipeline (serialize, embed, select) takes approximately one second per instance: serialization
and file I/O dominate the runtime, the embedding APT call takes 200-500 ms, and k-NN
retrieval is negligible. For domains where no established feature extractor exists, our method
offers an immediate off-the-shelf alternative.
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7 Conclusion

We present ZeroFolio, a feature-free approach to algorithm selection that replaces hand-
crafted instance features with pretrained text embeddings, without feature extraction or
task-specific training.

Our experiments show that ZeroFolio outperforms a random forest trained on hand-crafted
features across 11 scenarios spanning 7 domains using a single fixed configuration, and extends
this to every scenario with two-seed voting. On the three scenarios with published AutoFolio
competition results, ZeroFolio matches or outperforms AutoFolio without per-scenario tuning.
The ablation identifies inverse-distance weighting, line shuffling, and Manhattan distance as
the most consequential design choices. ZeroFolio applies unchanged to any problem domain
with text-based instance formats.
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