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Abstract. In recent years, the machine learning community has engaged on
training increasingly powerful large language models (LLMs) for text classi-
fication tasks. These LLMs demand huge computational capabilities, requiring
billions of parameters and enormous amounts of labeled data, which can make
them expensive to use, optimize, and deploy in practice. However, recent stud-
ies on compressor-based distance metrics for text classification have been pro-
posed, aiming to achieve competitive accuracy when compared with these LLM
models. Compression-based models are usually based on k-nearest neighbors
(KNN) and demand very few training parameters. In this paper, we propose a
compression-based method that uses a Burkhard-Keller tree (BKTree) for simi-
larity search, accelerating the KNN on compressed data. When compared with
the state-of-the-art, the proposed method achieved speedups of 20x, 25x, 7x,
6.6x, 8x, 10x, 1.4x, 1.9x, 11x, and 12x for the Brotli, FSST, LZ4, LZAV, LZF,
QuickLZ, Shoco, Smaz, Snappy, and ZLib compression algorithms, respectively.
The proposed method is able to achieve similar prediction performance results
while reducing the average runtime and computational resources, demonstrat-
ing its advantage in saving computational resources.

1. Introduction
Nearest neighborss (NNs) have significantly boosted the performance of text classifica-
tion, a core task in natural language processing (NLP). Most NNs require a lot of data to
train effectively, and this need grows as their number of parameters increases. Moreover,
for different datasets, hyperparameters require careful tuning with particular tokenization
and removing stop words—needs to be customized for each specific model and dataset.
While complex deep NNs present great performance on uncovering hidden connections
and patterns, they can be excessive for simpler tasks where less complex methods are
usually sufficient.

Among the efforts to develop less resource-intensive options than deep NNs, a
notable direction explores the use of compressors for text classification. For instance,
[Teahan and Harper 2003] and [Frank et al. 2000] are based on the idea that a text docu-
ment belongs to the class whose language model (created with a compressor) has the low-
est cross-entropy with that document. Despite their simplicity, these approaches have not
been able to achieve the same quality as NNs. However, more recently, [Jiang et al. 2023]
proposed NPC Gzip, a string classification method that combines a text compression
with a KNN classifier informed by a compression-based distance metric that achieved
comparable performance.

NPC Gzip uses compressors to identify patterns, converting these into similar-
ity scores via a compressor-based distance metric. It employs a naive implementation



of KNN for classification. This method was tested on seven in-distribution and five out-
of-distribution datasets showing compelling results. Even with a basic compressor like
gzip, the method rivalized with several NN on six of the seven in-distribution datasets,
surpassing state-of-the-art methods in few-shot learning scenarios. However, despite
the impressive classification performance of this method, [Jiang et al. 2023] proposed a
naive, brute-force KNN algorithm where, for each string to be classified, a distance matrix
is calculated between the the text under prediction against all training samples.

Addressing these shortcomings, we extend the work of [Jiang et al. 2023] to lever-
age its benefits while improving its computational complexity. Our work redesigns the al-
gorithm and implements data structures to improve NN search. More specifically, we em-
ploy a compressed BKTree to store the training data compactly, enabling a more efficient
KNN search and replacing the brute-force strategy used by [Jiang et al. 2023]. Moreover,
we extend [Jiang et al. 2023] experiments to evaluate additional compression algorithms
beyond gzip. These experiments were motivated by the fact that there is a myriad of
compression algorithms available in the literature. Some of these algorithms are faster
than gzip, although they may not compress as effectively. With these experiments, we
investigate how the compression rate affects the trade-off between prediction and compu-
tational efficiency.

The rest of this paper is organized as follows. Section 2 discusses relevant prior
work that formed the basis for this study. Section 3 describes the proposed methodology.
Sections 4 and 5 present the experimental setup and results, respectively. Lastly, findings
from the experiment and our views on future works are reported in Section 6.

2. Brief Review of NPC Gzip

The simplest form to implement a KNN algorithm consists of calculating the distance to
every single training point for each prediction. Consider a training datasetD, consisting of
pairs of strings and their corresponding class labels, an unlabeled query string q for which
a class prediction is sought, and an integer k representing the number of nearest neighbors
to consider. For each instance (si, ci) ∈ D, a string metric d (e.g., Leveinshtein, Simon-
White, Jaro-Winkler, etc) is used to calculate the distance between q and the training
string si, i.e., di = d(q, si). The collection of pairs {(di, ci)} is sorted in ascending order
based on their distance values di. The top k in this sorted list correspond to the k training
strings that are most similar to the q, i.e.,N = {(dj, cj)}kj=1. The counting of occurrences
of each class label ci within the set N determines the predicted class associated with q.
The class label that occurs most frequently among its k nearest neighbors is assigned to
the predicted class c. Algorithm 1 depicts these steps.

The time complexity of this naive and brute-force approach is dominated by the
distance calculations and sorting. Given that string metric distance calculation for two
strings of length r and n has complexity of O(rn), the overall prediction complexity for
a single query becomes O(mrn), where m is the amount of train instances. This com-
plexity can be computationally intensive for large training datasets or long strings. While
naive KNN algorithm has a considerable computational complexity, it has some distinct
advantages particularly in certain scenarios. For instance, this brute-force KNN approach
guarantees finding the true kvalue nearest neighbors. Tree-based and approximated KNN
algorithms, while faster, sometimes sacrifice perfect accuracy for speed. In situations



Algorithm 1 Brute-Force k-NN for String Classification

Require: Training dataset D = {(s1, c1), . . . , (sm, cm)}.
Require: Query string q.
Require: Number of neighbors k ∈ N+.
Require: String distance metric d(·, ·)
Ensure: Predicted class for q.

1: Initialize an empty list of (distance, class) pairs: L ← [ ]
2: for each (si, ci) in D do
3: Calculate the distance between q and si: disti ← d(q, si)
4: Add (disti, ci) to L
5: Sort L by distance in ascending order
6: Select the first k elements from the sorted list: N ← {(distj, cj) | first k elements}
7: Extract the classes of the KNNs: CNK

← {cj | (distj, cj) ∈ N}
8: Predict the class of q as the mode of the neighbor classes: c← Mode(CNK

)
9: return c

where the decision boundaries are intricate, brute-force ensures the most precise result.

[Jiang et al. 2023] adopted the Algorithm 1 but adopting normalized compression
distance (NCD) in place of string metrics such as Levenshtein, Sørensen-Dice, or Jaro-
Winkler. While these string metrics are based on edit operations (i.e., syntactic or lexical
similarity), NCD is a informational similarity metric. NCD is defined as:

NCD(x, y) =
C(xy)−min(C(x),C(y))

max(C(x),C(y))
, (1)

where C(z) is the compressed length of string z. It means that, while Levenshtein,
Sørensen-Dice, or Jaro-Winkler distances focus on the exact characters, their order, and
small structural variations, NCD considers whether the compared strings convey similar
information. In other words, NCD can implicitly capture some semantic aspects based on
string information (entropy) achieved by string compressibility.

3. Proposed Method
The naive brute-force characteristic of Algorithm 1 implies that for every new query input,
the distance calculation is performed against all m instances in the training dataset. This
is computationally intensive especially for large training datasets since the time complex-
ity for a single prediction is directly proportional to the size of the training dataset (O(m)
distance calculations plus sorting overhead). On the other hand, tree-based KNN algo-
rithms organize the data to make search faster since they can reduce the time per query
to O(log m) or sublinear, depending on data structure and dimension. Based on this,
we considered tree-based KNN because it makes nearest-neighbor search feasible and
efficient for large or complex datasets.

There are a myriad of tree-based KNN algorithms in the literature such as k-
dimensional tree (KDTree), ball tree (BTree), cover tree (CTree), metric tree (MTree),
vantage-point tree (VPTree), etc [Yianilos 1993]. Most of these algorithms are based on
the assumption that data lives in Euclidean space and each point is a vector of real num-
bers. In KDTree, for instance, splits are axis-aligned. Moreover, BTree assumes that data



Algorithm 2 BK-Tree Construction for NCD-based String Data

Require: Training dataset D = {(s1, c1), . . . , (sm, cm)}.
Require: Normalized Compression Distance (NCD) function d(·, ·).
Ensure: Root of the constructed BK-Tree (Troot)

1: Initialize BK-Tree root: Troot ← null
2: for each (si, ci) in D do
3: if Troot = null then
4: Troot ← create node(si, ci)
5: else
6: Call InsertNode(Troot, si, ci, d)

7: return Troot

8: procedure INSERTNODE(node, s, c, d)
9: d← d(node.string, s) ▷ Calculate NCD from current node to instance

10: if d is not in node.children distances then
11: node.children distances[d]← create node(s, c) ▷ Create a new child at this

distance
12: else
13: Call InsertNode(node.children distances[d], s, c, d) ▷ Recurse into existing

child

can be embedded in a Euclidean metric space to compute centroid and radius. There-
fore, these methods are unsuitable for enhancing [Jiang et al. 2023] because string metric
distances and NCD are non-Euclidean. Moreover, triangle inequality may still hold (Lev-
enshtein does, NCD may not), but no axes and no projection are guaranteed, disabling
split along numeric axes.

In order to reduce the computational complexity of the framework estab-
lished in [Jiang et al. 2023], we developed a compression-based BKTree based on
[Burkhard and Keller 1973], which represents a significant optimization over the brute-
force approach. The core idea remains the same: find the k nearest neighbors and take the
predicted class based on a majority vote. The change is in how those k nearest neighbors
are found. Instead of iterating through every single training string, BKTree provided a
highly efficient way to prune the search space. Differently from the naive brute-force ap-
proach, BKTree requires a “training” step, i.e., before any query string arrives, the training
dataset D must be organized into a data structure called ‘BK-Tree’.

The primary advantage of BKTrees lies in its search efficiency, especially for large
training datasets. We designed our method based on this data structure because, during
a query, a BKTree applies the distance metric to intelligently prune vast portions of the
search tree. If a branch of the tree cannot possibly contain a neighbor closer than the
current k-th best neighbor found so far, that entire branch is skipped, avoiding unnecessary
distance calculations. It implies on sublinear complexity, i.e., for typical real-world data,
the search time becomes much closer to O(m). Nevertheless, despite of this advantage in
terms of query speed, BKTrees demands a preprocessing step that can be computationally
intensive, as it involves many distance calculations to establish the tree structure. For a
training dataset of m points, the construction can take O(m2) distance calculations in
the worst case, though often much less in practice (O(mlog m) for efficient insertions.



Algorithm 3 Parallelized NCD-based KNN search using BKTree
Require: BKTree T (with Troot as its root, constructed using Algorithm 2).
Require: Query string q.
Require: Number of neighbors k ∈ N+.
Require: NCD function d(·, ·).
Require: Maximum number of parallel threads/tasks τ .
Ensure: Predicted class for q.

1: Initialize a shared, thread-safe min-priority queue PQshared of size k.
2: Initialize a shared, atomically updateable variable δshared ←∞.
3: Start a pool of τ worker threads.
4: Submit initial task to a task queue: TaskQueue.add((Troot,q, k,PQshared, δshared, d))
5: ▷ Worker threads continuously pull from TaskQueue and execute SEARCHBKTREE
6: while TaskQueue is not empty OR any worker thread is active do
7: Wait for all active tasks to complete.
8: Extract class labels from PQshared: CNK

← {c | (dist, c) ∈ PQshared}
9: Predict the class of q as the mode of the neighbor classes: c← Mode(CNK

)
10: return c
11: procedure SEARCHBKTREE(node, q, k, PQshared, δshared, d)
12: if node = null then return
13: dnode query ← d(node.string,q)
14: ACQUIRELOCK(PQshared)
15: if size(PQshared) < k then
16: PQshared.add(dnode query, node.c)
17: else
18: if dnode query < PQshared.peek max dist() then
19: PQshared.remove max()
20: PQshared.add(dnode query, node.c)
21: δshared.atomic update(min(δshared,PQshared.peek max dist()))
22: RELEASELOCK(PQshared)
23: for each (dedge, child node) in node.children distances do
24: if |dnode query − dedge| ≤ δshared then
25: SUBMITTASKTOQUEUE(TaskQueue, (child node,q, k,PQshared, δshared, d))

Therefore, our method is intended to be used in scenarios where many query strings must
be classified against the same training dataset, and the initial training cost is amortized
over many faster queries, making the overall process much more efficient.

The training and querying steps of the proposed method are depicted in Algo-
rithms 2 and 3, respectively. The tree construction itself is a sequential process due to
the dependencies in node insertion. Each node insertion requires traversing the tree based
on distance calculations, making it challenging to parallelize efficiently without complex
concurrent data structures that manage tree modifications. Thus, this phase is typically
executed as a preprocessing step (training).

However, once the tree is built, the search operation can significantly benefit from
parallel execution. More specifically, the search for nearest neighbors within a BKTree



is performed with parallelization, as different branches of the tree can be explored con-
currently. For effective parallel pruning and accurate nearest neighbor identification, two
crucial data structures are made globally accessible and thread-safe: shared priority queue
(PQshared) and global best distance bound (δshared). PQshared of size k stores the cur-
rently known k nearest neighbors discovered by any active thread. The operations (e.g.,
additions, removals, etc) must be protected by synchronization mechanisms (e.g., mu-
texes, locks, etc) to prevent race conditions. The variable δshared tracks the distance of the
k-th best neighbor currently residing in the PQshared. It is crucial for pruning and it is
updated atomically (or under lock protection) whenever PQshared modified to ensure that
all threads have access to the tightest possible pruning bound.

In Algorithm 3, instead of recursive calls in a single thread, the parallelized
SEARCHBKTREE procedure dispatches independent exploratory tasks. A task queue is
used to manage the pending branches to be explored. An initial task for the root of the BK-
Tree is submitted. A pool of worker threads continuously pulls tasks from this queue and
executes the SEARCHBKTREE procedure for that specific node and its potential subtrees.
Each worker thread, upon processing a node, computes NCD for query string. Before
updating PQshared or δshared, the thread must acquire a lock to ensure exclusive access,
thereby preventing race conditions and maintaining data integrity. Once the update is
complete, the lock is released.

Essentially, when deciding whether to explore a child branch, each thread com-
pares the potential range of distances from that child subtree against the globally updated
δshared. Since δshared is continuously updated by all active threads, the pruning decision
benefits from the collective discoveries, allowing for more aggressive and efficient elim-
ination of irrelevant branches across the entire parallel search. I.e., instead of making
direct recursive calls, children that pass the pruning test are submitted as new tasks to
the shared task queue, allowing another idle worker thread to continue the search concur-
rently. Finally, the parallel search concludes when the task queue is empty and all worker
threads have completed their assigned tasks, which implies in all reachable nodes have
been processed or pruned.

The combination a BKTree with parallelization, we distribute the computational
load across multiple processing cores, which reduces the total time required to find the
KNNs. Our method makes KNN queries much more scalable, allowing efficient classifi-
cation of strings against large training sets that would be prohibitive for the original naive
brute-force approach proposed by [Jiang et al. 2023].

4. Experimental Setup
The proposed method is compared with [Jiang et al. 2023] following the steps illustrated
in Figure 1. Although both algorithms presented in Sections 2 and 3 are generic enough to
be used on various datasets, we restrict our experiments to the “Low-Resource Fake News
Detection Corpora in Filipino”[Cruz et al. 2020]. This dataset contains 3,206 expertly-
labeled news samples, half of which are fake news and half of which are legit. The
dataset is primarily in Filipino language, with the addition of some English words com-
monly used in Filipino vernacular. Using the HuggingFace library [Huggingface 2020],
we implemented minimal text cleaning ensuring consistent experimental conditions.

Whereas [Jiang et al. 2023] considered only GZip as the compression algo-
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Figure 1. Flowchart of proposed methodology validation.

rithm [Gailly and Adler 1992], this paper extends that work by conducting extensive
experiments using several other lossless data compression algorithms. More pre-
cisely, we conducted our experiments using statistical compressors, such as Brotli
[Alakuijala et al. 2018], and Bz2 [Seward 1996], and also using dictionary-based meth-
ods like GZip [Gailly and Adler 1992], ZLib [Gailly and Adler 1995], Zstd [Collet 2016],
LZAV [Avaneev 2023], and LZF [Lehmann 2008]. Furthermore, we also considered
lightweight compressors – such as QuickLZ [Reinhold 2011], Shoco [Schramm 2015],
Snappy [Dean et al. 2011], FSST [Boncz et al. 2019], and Smaz [Sanfilippo 2012] – that
are designed to prioritize speed over compression rations.

In addition to comparing our proposed BKTree approach with [Jiang et al. 2023]
naive method, we also implemented a sequence-based version, as described in Sec-
tion 2, which does not incorporate string compression. More specifically, we im-
plemented the brute-force KNN using Levenshtein [Levenshtein 1966], Damerau-
Levenshtein [Damerau 1964], Jaro-Winkler [Jaro 1989] [Winkler 1990], and Simon-
White [White 2000], function as supplementary baselines instead of NCD.

Using a fixed value of k=5 for the k-nearest neighbors, we evaluated the predic-
tion performance of the compared algorithms using the following classification metrics:
accuracy, precision, recall, and f1-score. The comparison of computational complexity
between compared method were performed using the speedup. Specifically, we computed

• Relative Speedup(p) = Execution time of naive approach
Execution time of proposed approach with p threads ,

• Parallel Speedup(p) = Execution time of proposed approach with 1 thread
Execution time of proposed approach with p threads ,

• The theoretical speed-up, predicted by Amdahl’s Law

Stheo(N) =
1

(1− ρ) + ρ
N

with ρ =
1
SU
− 1

1
N
− 1

,

where SU is the speed-up (for N threads) and ρ is the parallelization fraction.

Core code and compressors were implemented in C/C++ (GCC 13.2) with Python
3.10 orchestration (SciPy). Experiments ran on an AMD Ryzen Threadripper 1950X (16
cores). The source is available.1

1https://gitlab.com/lisa-unb/comtext/



5. Experimental Results

We first conducted our experiments by varying the compression algorithms and apply-
ing them to both [Jiang et al. 2023] and the proposed frameworks. For each simulation,
we split the dataset into 80% for training and the remaining 20% for testing. We fixed
all randomness parameters in the splits, meaning that all simulations, regardless of the
framework, observed the same training and testing data. We did this to ensure a fairer
comparison. The results from these experiments are reported in Table 1. From this table,
the prediction results achieved by the proposed method is referred as “BKTree” (repre-
sented by symbol B). On the other hand, the method presented by [Jiang et al. 2023] is
designated as “Naive” (symbolized by N).

From Table 1, it noticeable that BKTree–based method performs similarly to
the naive implementation, yielding practically identical results and proving statistically
equivalent in nearly all cases. In fact, for most compressors, the BKTree–based method
achieved equal or slightly higher scores than the naive implementation, demonstrating
that the optimized search strategy delivers performance gains without sacrificing classifi-
cation accuracy. Furthermore, since the proposed framework is implemented as a parallel
algorithm, the columns denoted by symbols Topt and Smax indicate which parallelization-
related hyperparameters were used to achieve those f1-score, accuracy, etc. More specif-
ically, Topt indicates the number of threads that achieved the best relative speed-up, and
Smax reveals the relative speed-up achieved with that number of threads.

Table 1. Prediction performance metrics obtained using the proposed BKTree-
based method compared with the naive KNN approach when the max-
imum speedup was achieved. Smax represents the maximum relative
speedup reached, and Topt is the number of threads that yielded this op-
timal speedup. The symbols N and B represent the naive (baseline) and
BKTree (proposed), respectively.

C F1-Score Accuracy Precision Recall Topt Smax

N B N B N B N B

Brotli 0.90 0.92 0.90 0.92 0.91 0.92 0.90 0.92 12 19.74
FSST 0.89 0.88 0.89 0.88 0.89 0.88 0.89 0.88 24 24.73
LZ4 0.92 0.92 0.92 0.92 0.92 0.93 0.92 0.92 8 6.8
LZAV 0.88 0.89 0.88 0.89 0.89 0.90 0.88 0.89 8 6.36
LZF 0.90 0.91 0.90 0.91 0.90 0.91 0.90 0.91 16 8.03
Quicklz 0.81 0.92 0.81 0.92 0.83 0.92 0.81 0.92 12 9.93
Shoco 0.56 0.33 0.61 0.50 0.68 0.25 0.61 0.5 12 1.31
Smaz 0.43 0.54 0.52 0.55 0.57 0.56 0.52 0.55 8 1.89
Snappy 0.49 0.91 0.58 0.91 0.75 0.91 0.58 0.91 16 11.38
ZLib 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94 12 11.83
ZStd 0.95 0.94 0.95 0.94 0.95 0.94 0.95 0.94 24 6.1

The relationship between performance and efficiency is illustrated in Figure 2.
This figure presents a scatter plot comparing the maximum F1-score against the average
execution time for each model, where naive implementations appears in red, BKTree-
based approaches in blue, and compressionless sequence-based methods in green. An
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Figure 2. Scatter plot of maximum F1-score versus average execution time (log
scale) for all evaluated compressors. Model types are distinguished by
color: Naive (red), BKTree (blue), Sequence-based (green).

optimal model would be in the upper left quadrant, indicating minimal execution time
and maximum classification accuracy. BKTree-based models predominantly occupy this
region, showcasing superior efficiency in both speed and accuracy. In contrast, naive
implementations, despite competitive accuracy, exhibit longer execution times, position-
ing them to the right regions of the plot. Compressionless sequence-based models show
similar temporal characteristics to their naive counterparts.

The hyperparameters Topt and Smax depicted in Table 1 correspond to the max-
imum points on the oranges graphs displayed in Figure 3. This figure shows multiple
graphs depicting the number of threads versus speedup curve, with each graph corre-
sponding to the results obtained by a different compressor. The blue curves represent the
parallel speedup, indicating how many times faster the parallel BKTree is compared to the
serial BKTree when utilizing a certain number of threads. The orange curves correspond
to the relative speedup. As stated in Section 4, the relative speedup indicate how many
times the parallel BKTree-based is faster than the naive approach with same compressor.

The graphs in Figure 3 indicate that while parallelization offers gains in resource
utilization, its scalability quickly saturates, i.e., the speedup stops increasing even with
more threads. Nevertheless, when comparing the curves in each graph, we can observe
that the orange curve is almost always asymptotically above the blue one. This indi-
cates that the proposed method’s main advantage lies not in parallelization, but in its
BKTree-based approach, which has a significantly lower computational complexity than
the naive alternative. For instance, FSST achieves a 25× relative speed-up against the
naive baseline and nearly 20× parallel speed-up over single-thread execution, showing
that additional threads significantly reduce runtime. Other compressors also benefit from
multithreading, with even less scalable algorithms exhibiting several-fold throughput im-
provements. Together, these results highlight the effectiveness of the proposed approach.



6. Conclusions
In this paper, we proposed a BKTree-based approach for compression-based string classi-
fication. Our method achieves accuracy comparable to [Jiang et al. 2023], which demon-
strated performance on par with neural network classifiers on in-distribution datasets and
superior to both pretrained and non-pretrained models on out-of-distribution datasets.
While the prediction metrics are comparable to state-of-the-art methods, the proposed
method’s primary advantage lies in its computational efficiency. The BKTree integration
dramatically reduces comparison operations in nearest neighbor searches, while evalu-
ating various compression algorithms reveals key trade-offs between compression ratio
and computational efficiency. Experimental results show substantial speedups over the
[Jiang et al. 2023] brute-force baseline. Snappy and QuickLZ offer exceptional time ef-
ficiency, whereas ZLib and Zstd provide high classification accuracy at superior speeds.
Future work will expand evaluation to diverse textual domains. Exploring alternative par-
allelization strategies for the BKTree and integrating lightweight learning techniques are
promising directions to enhance the applicability of compression-based methods.
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Figure 3. Per-compressor relative, parallel, and theoretical speedup curves.


