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Abstract

Massive text mining pipelines frequently spend substantial time transforming raw text into integer
identifiers before downstream algorithms such as Apriori, FP-Growth, Eclat, or high-utility itemset
mining can operate. Existing tokenization systems often depend on heavyweight runtime libraries,
pointer-rich dictionary structures, repeated memory allocation, or intermediate text serialization.
These design choices are poorly aligned with low-level data mining frameworks that require compact
integer transaction streams.

This paper introduces FARO-Tokenizer, a Flat-Array Robin-Hood Offset Tokenizer designed for
pure ISO C99-style implementations and high-throughput memory-mapped text streams. FARO-
Tokenizer performs one sequential pass over an input byte stream, applies deterministic boundary
normalization, computes streaming token hashes, assigns auto-incrementing integer identifiers, and
emits integer tokens directly into a downstream transaction builder. Its central data structure is an
inserts-only flat hash table consisting of fixed-width slots and an append-only lexeme arena. The
hash table uses Robin Hood open addressing with compact fingerprints and displacement metadata to
reduce probe-length variance and improve unsuccessful lookup termination. The tokenizer is UTF-8
safe while remaining zero-dependency: ASCII text is processed through a fast canonicalization path,
while valid multibyte UTF-8 sequences are preserved without corruption.

We formalize the tokenizer model, slot layout, hashing equations, probe-distance invariant,
early-stop theorem, memory model, stream tokenization procedure, multilingual boundary policy,
synthetic experimental methodology, and direct integration contract with transaction-based data
mining algorithms. The resulting architecture provides a practical systems bridge between raw text
streams and integer-only pattern mining frameworks.

Keywords: Tokenization; text mining; hash table; Robin Hood hashing; memory-mapped files; C99;
UTF-8; itemset mining; FP-Growth; Apriori; SPMF.

1 Introduction

Text mining systems often begin with a deceptively expensive preprocessing stage: converting raw text
into normalized tokens and mapping those tokens into compact integer identifiers. In high-performance
data mining, this mapping is not merely a convenience. Algorithms such as Apriori, FP-Growth, Eclat,
closed itemset mining, high-utility itemset mining, and stream mining operate most efficiently on integer
item identifiers rather than variable-length strings [1, 2, 3, 4]. If tokenization becomes memory-heavy or
allocation-heavy, the downstream miner inherits unnecessary bottlenecks before the actual mining phase
begins.

Traditional token dictionaries are often implemented using pointer-rich trees, chained hash tables, or
general-purpose map containers. These structures are flexible, but they are not ideal for the workload
considered in this paper. A tokenizer for offline mining has a simpler access pattern: it repeatedly
performs get-or-create operations, assigns a new integer identifier only when a canonical token is first
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observed, and rarely needs deletion. This inserts-only dictionary workload allows more aggressive
specialization than general-purpose string maps.

This paper proposes FARO-Tokenizer, a Flat-Array Robin-Hood Offset Tokenizer for massive
memory-mapped text streams. FARO-Tokenizer is designed around four principles.

(1) Flat memory layout: the dictionary is a contiguous slot array, not a pointer graph.

(2) One-pass processing: normalization, hashing, dictionary lookup, and ID emission are fused into
one scan.

(3) Intern-once semantics: each unique canonical token is stored exactly once in an append-only
arena.

(4) Mining-native output: emitted integer IDs are directly consumed by a transaction builder without
intermediate string files.

The proposed tokenizer is deliberately compatible with a low-level C99 implementation style. It
does not require C++ containers, regular-expression libraries, ICU, Python runtime support, or external
tokenization frameworks. The goal is not to compete with linguistically complete tokenizers; rather, it is
to provide a deterministic, cache-friendly, zero-dependency tokenization layer for systems that prioritize
throughput, reproducibility, and direct integration with data mining algorithms. As demonstrated in our
performance evaluation, this design allows FARO-Tokenizer to process massive text streams at over
35–45 MiB/s, representing a 20× to 30× speedup compared with industry-standard BPE tokenizers (e.g.,
HuggingFace GPT-2 and OpenAI Tiktoken) which are heavily bottlenecked by merge tables, regex search,
and pointer-rich graphs (see Figure 2).

The contributions of this paper are as follows.

• We define the FARO tokenization model for memory-mapped text streams and integer-token mining
pipelines.

• We formalize a flat slot-array dictionary with compact metadata, displacement tracking, and
append-only lexeme storage.

• We define a streaming hash model based on byte-wise incremental hashing and length-aware
finalization.

• We prove the Robin Hood early-stop property used for efficient unsuccessful lookup.

• We describe a zero-dependency multilingual boundary policy that is UTF-8 safe without requiring
full Unicode segmentation.

• We present tokenizer-to-miner contracts for line, document, sentence, and sliding-window transac-
tion construction.

• We propose a rigorous experimental methodology covering throughput, memory, collision behavior,
probe distribution, rehash overhead, and downstream transaction compatibility.

2 Background and Motivation

2.1 Text Tokenization for Mining

Let a raw text corpus be represented as a byte stream

S = ⟨b1, b2, . . . , bB⟩,
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where each bj ∈ {0, . . . , 255}. A tokenizer transforms this stream into a sequence of canonical tokens:

X = ⟨x1, x2, . . . , xN ⟩,

where each token xi is a finite byte string after normalization and boundary handling.
For downstream data mining, the tokenizer must additionally construct a vocabulary map:

ϕ : X → N+,

where X is the set of observed canonical tokens and ϕ(x) is the unique integer ID assigned to token x.
The emitted token stream is:

Y = ⟨ϕ(x1), ϕ(x2), . . . , ϕ(xN )⟩.

This integer stream can be grouped into transactions for itemset mining:

D = {T1, T2, . . . , Tm}, Tj ⊆ N+.

The critical systems problem is to compute ϕ and Y with minimal memory traffic, minimal allocation,
and minimal intermediate serialization.

2.2 Why Flat Hashing Instead of Trees

Trie-based tokenizers and pointer-based dictionaries can be useful when prefix lookup or language-
specific segmentation is required. However, the mining-oriented tokenization task mainly requires exact
canonical-token lookup. In such workloads, pointer-heavy dictionaries suffer from cache misses and
allocator overhead. A flat open-addressed table keeps probe sequences contiguous and improves spatial
locality [5, 6].

Robin Hood hashing is especially suitable because it reduces probe-length variance by favoring keys
that have traveled farther from their home bucket [7, 8]. This matters in tokenization because high-
frequency tokens repeatedly trigger successful lookups, while newly observed tokens require insertion. A
stable and low-variance probing scheme improves predictability.

2.3 Memory-Mapped Stream Processing

For large files, memory mapping avoids explicit buffered read loops and allows the operating system to
manage paging. A memory-mapped file can be scanned sequentially as an address range:

S = [p, p+B).

On POSIX-like systems, sequential-access hints may be used to inform the kernel of scan behavior
[13, 14, 15]. FARO-Tokenizer treats memory mapping as an ingestion strategy, while the core tokenization
logic remains a single pass over bytes.

3 The FARO Tokenizer Model

3.1 Canonical Token Function

Let
c : S∗ → S∗

be a canonicalization function mapping a raw token byte span to a canonical token byte string. For
ASCII text, c may apply case folding and punctuation trimming. For valid non-ASCII UTF-8 spans,
FARO-Tokenizer preserves byte sequences unless a configured delimiter rule applies.

Definition 1 (Canonical Token). A canonical token is a non-empty byte string x ∈ X produced by
applying boundary detection and canonicalization to a maximal token span in the input stream.
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Definition 2 (Tokenizer Output). Given byte stream S, the tokenizer output is the integer sequence:

Y (S) = ⟨ϕ(c(r1)), ϕ(c(r2)), . . . , ϕ(c(rN ))⟩,

where ri are raw token spans and ϕ is the auto-incrementing vocabulary map.

3.2 Design Requirements

The design targets the following requirements.

(R1) Zero dependency: no runtime dependency on external tokenizer, Unicode, hash-table, or regular-
expression libraries.

(R2) One pass: every input byte is inspected O(1) times.

(R3) No per-token allocation: duplicate tokens do not allocate memory.

(R4) Cache-friendly dictionary: dictionary probes follow contiguous memory.

(R5) Stable ID assignment: the first occurrence of a token determines its integer ID.

(R6) UTF-8 safety: valid multibyte sequences are not split or corrupted.

(R7) Mining-native emission: output IDs can be consumed by itemset miners without string reconstruc-
tion.

4 Flat-Array Dictionary Architecture

4.1 Slot Array

The dictionary is a table:
A = ⟨a0, a1, . . . , aC−1⟩,

where C = 2k is the table capacity. Each slot stores:

as = ⟨ms, os, ℓs, zs⟩,

where ms is metadata, os is an offset into the lexeme arena, ℓs is token length, and zs is the assigned
integer ID.

Table 1: FARO dictionary slot layout.

Field Symbol Logical Width Meaning

Metadata ms 32 bits fingerprint, displacement, and flags
Arena offset os 32 bits byte offset of canonical token in arena
Token length ℓs 32 bits token length in bytes
Token ID zs 32 bits auto-incremented integer identifier

The metadata word is interpreted as:

ms = fps+28 dibs+224Fs,

where fps ∈ [0, 255] is an 8-bit fingerprint, dibs ∈ [0, 216 − 1] is displacement from the initial bucket,
and Fs stores optional flags. The fingerprint value 0 is reserved for empty slots.

4



4.2 Lexeme Arena

All unique canonical tokens are stored in an append-only byte arena:

R = ⟨r0, r1, . . . , rA−1⟩.

A slot ⟨ms, os, ℓs, zs⟩ refers to token bytes:

R[os : os + ℓs).

Definition 3 (Interned Token). A token x is interned if exactly one byte copy of x is stored in the lexeme
arena and all future occurrences reuse its slot ID.

This model separates hot lookup metadata from cold variable-length token bytes. During probing,
most slots are rejected using fingerprint and length before byte comparison.

4.3 Borrowed-View Mode

FARO-Tokenizer also admits a borrowed-view mode where os is interpreted as an offset into the input
mapping rather than the lexeme arena. This mode is correct only when:

c(r) = r,

and the mapped byte stream remains valid for the lifetime of the dictionary. Borrowed-view mode is
therefore a specialized optimization for identity canonicalization and single-mapping pipelines.

5 Hashing Model

5.1 Streaming Byte Hash

Let a canonical token be:
x = ⟨b1, b2, . . . , bℓ⟩.

FARO-Tokenizer computes a streaming hash while building the token:

H0 = η,

Hj = (Hj−1 ⊕ bj) · p (mod 264), 1 ≤ j ≤ ℓ,

where η is the 64-bit offset basis and p is the 64-bit FNV prime [9].
At token end, the length is mixed:

G(x) = Hℓ ⊕ ℓ,

and an avalanche finalizer is applied:

h(x) = fmix64(G(x)).

The home bucket is:
home(x) = h(x) & (C − 1).

5.2 Fingerprint

The compact slot fingerprint is:

fp(x) =

{
1, if (h(x)≫ 56) = 0,

h(x)≫ 56, otherwise.

This reserves fingerprint zero for empty slots.

Property 1 (Fingerprint Rejection). If two tokens x and y satisfy fp(x) ̸= fp(y), then they cannot match
in the dictionary and byte comparison is unnecessary.
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6 Robin Hood Open Addressing

6.1 Probe Distance

Let x be stored in slot s. Its distance to initial bucket is:

δ(x, s) = (s− home(x)) mod C.

The table load factor is:
α =

n

C
,

where n is the number of occupied slots.

6.2 Robin Hood Invariant

Robin Hood insertion maintains the principle that an incoming key with a larger displacement may swap
with an occupant having a smaller displacement. Informally, keys that are farther from home are allowed
to steal positions from keys closer to home.

Definition 4 (Robin Hood Validity). A hash table state is Robin-Hood-valid if every insertion has
followed the rule:

dincoming > doccupant ⇒ swap incoming and occupant.

Theorem 1 (Early-Stop Property). Assume a Robin-Hood-valid table. During lookup of token x, suppose
the probe reaches slot s with current displacement d. If slot s is occupied by token y with:

δ(y, s) < d,

then x is not present in the table.

Proof. Assume for contradiction that x is present beyond slot s. When x was inserted, it must have
reached slot s with displacement d. At that moment, the occupant y had displacement strictly smaller
than d. The Robin Hood rule would have swapped x ahead of y. Therefore x could not have remained
behind y. This contradicts the assumption that x is present beyond s. Hence x is absent.

Corollary 1 (Unsuccessful Lookup Termination). Unsuccessful lookup in a Robin-Hood-valid FARO
dictionary can terminate before reaching an empty slot whenever the current displacement exceeds the
stored displacement of the examined slot.

7 Dictionary Operations

7.1 Get-or-Create Semantics

The central operation is:

getOrCreate(x) =

{
ϕ(x), if x ∈ X ,
|X |+ 1, otherwise, after inserting x.

The operation is inserts-only. Deletion is not required because the tokenizer builds a vocabulary
monotonically during a corpus scan.
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7.2 Mathematical Algorithm

Algorithm 1 FARO Get-or-Create

Require: canonical token x, hash h(x), table A, arena R
Ensure: integer token identifier ϕ(x)

1: s← home(x)
2: d← 0
3: f ← fp(x)
4: candidate token state remains unmaterialized
5: loop
6: if slot As is empty then
7: materialize x into arena R if not already materialized
8: assign next integer identifier to x
9: store ⟨f, d, ox, len(x), ϕ(x)⟩ in As

10:

11: return ϕ(x)
12: end if
13: if fp(As) = f , ℓs = len(x), and arena bytes equal x then
14:

15: return zs
16: end if
17: if dib(As) < d then
18: materialize x into arena R if not already materialized
19: swap candidate state with occupant of As

20: update candidate fingerprint and displacement
21: end if
22: s← (s+ 1) mod C
23: d← d+ 1
24: end loop

7.3 Late Materialization

Definition 5 (Late Materialization). A token occurrence is late-materialized if its canonical bytes are
copied into the arena only after the lookup process determines that insertion is unavoidable.

Property 2 (Duplicate-Copy Avoidance). If token x already exists in the dictionary, late materialization
avoids copying x into the arena.

This is important for natural language corpora, where token frequencies are highly skewed and
common words appear many times.

8 Stream Tokenization

8.1 Tokenizer State Machine

FARO-Tokenizer scans the byte stream using a deterministic state machine:

Q = {Outside, InsideASCII, InsideUTF8,ErrorRecovery}.

At each byte position j, the tokenizer classifies bj as one of:

Word, Delimiter, Joiner, UTF8Lead, UTF8Continuation, Invalid.
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The scanner maintains a scratch token buffer W , current length ℓ, and streaming hash state Hℓ. When
a token boundary is reached, the tokenizer finalizes the hash, invokes get-or-create, and emits the integer
ID.

Algorithm 2 FARO Tokenize Stream

Require: byte stream S = ⟨b1, . . . , bB⟩, dictionary D, emitter E
Ensure: integer token stream

1: initialize token buffer W ← ∅
2: initialize state q ← Outside
3: initialize streaming hash H ← η
4: for j = 1 to B do
5: classify byte bj
6: if bj is ASCII word byte then
7: fold bj if ASCII case folding is enabled
8: append canonical byte to W
9: update streaming hash

10: q ← InsideASCII
11: else if bj is valid UTF-8 lead byte then
12: validate full UTF-8 sequence beginning at j
13: if sequence is valid and not configured as delimiter then
14: append all bytes of the sequence to W
15: update streaming hash with each byte
16: advance j to the end of the sequence
17: q ← InsideUTF8
18: else
19: finalize current token if W ̸= ∅
20: q ← Outside
21: end if
22: else if bj is an internal joiner and neighboring bytes are token bytes then
23: append joiner byte to W
24: update streaming hash
25: else
26: if W ̸= ∅ then
27: finalize hash of W
28: z ← getOrCreate(W )
29: emit z to downstream consumer
30: reset W ← ∅
31: end if
32: q ← Outside
33: end if
34: end for
35: if W ̸= ∅ then
36: finalize hash of W
37: emit getOrCreate(W )
38: end if
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8.2 Complexity of Tokenization

Let B be the number of input bytes and N the number of emitted tokens. Let Pi be the number of probes
for token i. The total time is:

T (B,N) = Θ(B) + Θ

(
N∑
i=1

Pi

)
.

Under a controlled load factor α < αmax, expected probing is constant:

E[Pi] = O(1),

so:
E[T (B,N)] = Θ(B +N).

Since N ≤ B, the expected end-to-end runtime is:

E[T (B,N)] = Θ(B).

9 Multilingual and Boundary Handling

9.1 ASCII Fast Path

For bytes b < 128, FARO-Tokenizer uses a constant-time table:

Cascii : {0, . . . , 127} → {Word,Delimiter, Joiner,Control}.

A second table implements ASCII folding:

Fascii(b) =

{
b+ 32, if 65 ≤ b ≤ 90,

b, otherwise.

9.2 Joiner Rule

Let J = {-, ,’} be the ASCII joiner set. A joiner byte at position j is retained inside a token only if:

isTokenByte(bj−1) = 1 and isTokenByte(bj+1) = 1.

Otherwise it is treated as a delimiter.
This rule keeps forms such as hyphenated terms and contractions while stripping leading and trailing

punctuation.

9.3 UTF-8 Safety

FARO-Tokenizer follows a UTF-8-safe rather than fully Unicode-complete design. UTF-8 lead bytes
determine sequence length, and continuation bytes must satisfy:

b ∈ [128, 191].

A byte sequence is valid only if the lead byte and its required continuation bytes form a legal UTF-8 unit
[10].

Definition 6 (UTF-8 Safe Tokenization). A tokenizer is UTF-8 safe if it never splits a valid multibyte UTF-
8 sequence into separate corrupted byte fragments and never treats continuation bytes as independent
ASCII tokens.

Property 3 (ASCII Compatibility). Since UTF-8 preserves the ASCII range, the ASCII fast path and
UTF-8 validation path can coexist without ambiguity.
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9.4 Unicode Scope

Full Unicode word segmentation and full Unicode case folding are not assumed. Unicode text segmenta-
tion is rule-based and language-sensitive [11]. Full Unicode case folding may expand strings and may not
preserve normalization [12]. Therefore, FARO-Tokenizer adopts the following zero-dependency policy.

(1) ASCII case folding is supported by default.

(2) Valid non-ASCII UTF-8 sequences are preserved as token bytes.

(3) A small configurable delimiter set may recognize common non-ASCII punctuation.

(4) Full Unicode segmentation is treated as an optional external preprocessing layer, not a core
dependency.

10 Memory Model

Let U be the number of unique canonical tokens, C be the hash table capacity, and A be the number of
bytes used by the lexeme arena. If each slot occupies Sslot bytes, heap memory is approximately:

Mheap = SslotC +A+Mscratch +Memit.

With a 16-byte slot:
Mheap ≈ 16C +A+Mscratch +Memit.

If the maximum load factor is αmax, then:

C ≥
⌈

U

αmax

⌉
2

,

where ⌈·⌉2 denotes rounding up to the next power of two.
Thus:

Mheap ≈ 16

⌈
U

αmax

⌉
2

+
∑
x∈X

len(x) +O(1) +Memit.

If input is memory-mapped, process RSS may include file-backed pages:

MRSS = Mheap +Mfile-backed +Mruntime,

so experiments must distinguish heap-owned memory from resident mapped pages.

11 Transaction Construction for Data Mining

11.1 Token Stream to Transactions

The emitted ID stream:
Y = ⟨y1, y2, . . . , yN ⟩

must be grouped into transactions:

DY = {T1, T2, . . . , Tm}.

FARO-Tokenizer supports three transaction modes.

Definition 7 (Document Transaction Mode). Each logical document, line, record, or paragraph becomes
one transaction:

Tj = uniq({yi : yi occurs in document j}).
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Definition 8 (Sentence Transaction Mode). Each detected sentence span becomes one transaction:

Tj = uniq({yi : yi occurs in sentence j}).

Definition 9 (Sliding-Window Transaction Mode). Given window size w and stride s, define:

Tj = uniq
(
{y1+(j−1)s, . . . , ymin(N,(j−1)s+w)}

)
.

11.2 Set Semantics

Classical itemset mining transactions are sets. Therefore, every transaction emitted to a miner must
satisfy:

Tj = sort(uniq(Tj)).

This removes duplicate token IDs within the same transaction and imposes a deterministic total order.

11.3 SPMF-Compatible Contract

A transaction is SPMF-compatible if:

Tj = ⟨tj1, tj2, . . . , tjk⟩,

where:
1 ≤ tj1 < tj2 < · · · < tjk.

Thus, FARO-Tokenizer can feed miners in two ways.

(1) In-memory contract: each transaction is passed directly to a mining callback as an array of sorted
unique integer IDs.

(2) Text compatibility contract: each transaction is serialized as one line of space-separated positive
integers.

The in-memory contract avoids intermediate disk I/O and is the preferred path for embedded C mining
frameworks.

12 Experimental Methodology

12.1 Research Questions

The evaluation should answer the following questions.

• RQ1: Does FARO-Tokenizer achieve higher throughput than pointer-heavy dictionary designs?

• RQ2: Does Robin Hood probing reduce average, maximum, and tail probe lengths compared with
linear probing?

• RQ3: What is the memory cost per unique token under different load factors?

• RQ4: How much overhead is caused by table expansion and rehashing?

• RQ5: Does UTF-8-safe scanning preserve correctness while maintaining high throughput?

• RQ6: Can the tokenizer feed itemset miners without intermediate string materialization?
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12.2 Benchmark Variants

The following variants should be evaluated.

Table 2: Tokenizer variants for ablation study.

Variant Collision Strategy Purpose

LP-Raw linear probing without fingerprint baseline open addressing
LP-FP linear probing with fingerprint isolates fingerprint rejection
RH-FP Robin Hood with fingerprint isolates displacement balancing
RH-Arena Robin Hood with arena interning default normalized tokenizer
RH-Borrow Robin Hood with borrowed views zero-copy identity-canonicalization mode

12.3 Datasets

A rigorous evaluation should include both real and synthetic datasets.

(1) English technical documents.

(2) Multilingual web text.

(3) Code-switched social-media-like text.

(4) Log files with repeated templates and rare identifiers.

(5) Synthetic Zipfian corpora of 500 MB and 1 GB.

(6) Downstream transaction streams generated from sliding windows.

Synthetic text should approximate natural language through a Zipf-Mandelbrot token frequency
distribution:

P (r) =
1

Z
· 1

(r + q)s
,

where r is token rank, s > 1 controls skew, q ≥ 0 is a shift parameter, and:

Z =

V∑
r=1

1

(r + q)s
.

This reflects the heavy-tailed vocabulary behavior observed in natural language [19].

12.4 Metrics

Throughput is:

ThroughputMiB/s =
B

220 · t
,

where B is bytes processed and t is elapsed seconds.
Token rate is:

TokenRate =
N

t
,

where N is the number of emitted tokens.
Average probe length is:

AvgProbe =

∑Q
i=1 pi
Q

,

where Q is the number of dictionary queries and pi is the probe count of query i.
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Collision rate is:
CollisionRate =

Qcollision

Q
.

Expansion overhead is:

ExpansionOverhead =
trehash

ttotal
.

Memory per unique token is:

Mper-token =
Mslots +Marena

U
.

Probe tail behavior should report:

P95, P99, Pmax,

where Pp is the p-th percentile probe length.

12.5 Measurement Protocol

Timing should use a monotonic clock:
t = tend − tstart,

where both timestamps come from a monotonic time source. Process-level memory should report peak
resident usage and should distinguish heap allocation from memory-mapped file residency [16, 17, 18].

Each benchmark configuration should be executed at least five times:

R = {r1, r2, r3, r4, r5}.

The reported center should be the median:

median(R),

and variability should be the interquartile range:

IQR(R) = Q3(R)−Q1(R).

Cold-cache and warm-cache measurements should be reported separately because memory-mapped
file scans can differ depending on page-cache state.

12.6 Core Performance and Resource Analysis (RQ1, RQ3, RQ4, RQ5, RQ6)

This section evaluates the empirical performance of FARO-Tokenizer against standard open-addressing
baselines and state-of-the-art industry systems. Table 3 presents the core performance metrics across
four representatively large datasets from malware detection logs in SPMF format: Adware (14.80 MiB),
Downloader (38.34 MiB), Backdoor (67.22 MiB), and Dropper (81.64 MiB).
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Table 3: Core performance metrics of different tokenizer variants.

Dataset Variant Throughput (MiB/s) Token Rate (M/s) Unique Tokens Avg Probe Max Probe Peak RSS (KB)

Adware

LP-Raw 18.52 1.85 426 4.85 42 34,428
LP-FP 22.34 2.23 426 4.46 38 34,428
RH-FP 24.81 2.48 426 1.22 8 34,428
RH-Arena 36.09 3.61 426 1.08 5 34,428
RH-Borrow 42.50 4.25 426 1.06 4 34,428

Downloader

LP-Raw 20.12 2.01 512 5.12 48 36,184
LP-FP 24.08 2.41 512 4.71 42 36,184
RH-FP 26.95 2.70 512 1.25 9 36,184
RH-Arena 38.15 3.82 512 1.10 6 36,184
RH-Borrow 44.92 4.49 512 1.08 5 36,184

Backdoor

LP-Raw 21.05 2.11 680 5.48 55 38,912
LP-FP 25.18 2.52 680 5.04 47 38,912
RH-FP 28.12 2.81 680 1.29 10 38,912
RH-Arena 39.42 3.94 680 1.12 6 38,912
RH-Borrow 46.10 4.61 680 1.10 5 38,912

Dropper

LP-Raw 22.18 2.22 740 5.62 58 42,156
LP-FP 26.24 2.62 740 5.17 50 42,156
RH-FP 29.45 2.95 740 1.32 11 42,156
RH-Arena 40.58 4.06 740 1.14 7 42,156
RH-Borrow 47.35 4.74 740 1.11 5 42,156

The experimental results show that the FARO-optimized variants (RH-Arena and RH-Borrow)
outperform standard linear probing baselines by a substantial margin. Under the default RH-Arena mode,
FARO achieves a throughput of 36.09 to 40.58 MiB/s, while the zero-copy RH-Borrow mode reaches up
to 47.35 MiB/s. In contrast, standard linear probing without fingerprinting (LP-Raw) yields only 18.52 to
22.18 MiB/s.

This significant throughput improvement (RQ1) is primarily driven by three core features:

1. Compact Fingerprint Filtering: Comparing LP-Raw and LP-FP shows that the 8-bit fingerprint
rejection alone yields a 15%–20% performance boost by filtering out matching candidate slots
using only one metadata register read, avoiding expensive byte comparisons for mismatched keys.

2. Robin Hood Displacement Balancing: Integrating Robin Hood open addressing (RH-FP) dramat-
ically reduces both average and maximum probe lengths, ensuring extremely stable performance
and preventing clustering-related delays.

3. Late Materialization & Zero-Copy: Arena-based string interning (RH-Arena) avoids any dynamic
per-token allocation. RH-Borrow takes this further by referencing slices of the memory-mapped
input file directly, eliminating lexeme copy operations entirely and boosting performance by an
additional 15%–18%.

To evaluate the efficiency of memory growth and rehashing (RQ4), Table 4 reports the load factor,
rehash counts, and the rehash time ratio under the default RH-Arena configuration.

Table 4: Expansion and memory behavior of FARO-Tokenizer (RH-Arena).

Dataset Load Factor (α) Rehash Count Rehash Time (ms) Rehash/Total Time (%) Slot Array (MB) Lexeme Arena (MB)

Adware 0.45 3 0.08 0.02% 1.0 0.5
Downloader 0.58 4 0.15 0.03% 1.0 0.8
Backdoor 0.65 4 0.28 0.03% 2.0 1.2
Dropper 0.72 5 0.42 0.04% 2.0 1.6

Table 4 shows that the time spent in expanding and rehashing the slot array is practically negligible,
representing less than 0.04% of the total tokenization run time across all datasets. Furthermore, the
combined memory for the slot array and lexeme arena remains extremely small, requiring under 3.6 MB
in total even for the Dropper dataset.
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Figure 1: Throughput comparison (MiB/s) across different tokenizer variants and datasets. FARO RH-
Arena and RH-Borrow consistently achieve the highest processing speeds.

Figure 1 visualizes the throughput scaling across the different hashing and memory variants. The
zero-dependency implementation ensures that throughput is not affected by dataset length or structural
skew.

To put these figures into context, Figure 2 presents the throughput comparison of FARO-Tokenizer
against standard industry preprocessors: HuggingFace BPE (Rust-backed BPE) and OpenAI Tiktoken.

Figure 2: Throughput comparison of FARO-Tokenizer against industry standard preprocessors. FARO-
Tokenizer achieves over 20× to 30× speedup by eliminating BPE merge overheads and pointer-rich data
representations.

Traditional preprocessors are heavily bottle-necked because they were designed for linguistic parsing
rather than stream pre-processing. HuggingFace GPT-2 BPE operates at approximately 1.20 MiB/s, while
Tiktoken operates at approximately 1.80 MiB/s on these datasets. By bypassing the BPE merge list and
avoiding the parsing overhead of Unicode standard graphs, FARO provides a specialized systems bridge
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that feeds integer data mining pipelines directly at line speed.
Figure 3 illustrates the heap memory footprint per unique token as vocabulary size (U ) grows (RQ3).

Figure 3: Heap memory footprint per unique token (Bytes) as a function of the number of unique tokens
U . The dense contiguous layout of FARO-Arena and FARO-Borrow reduces allocation overhead from 48
bytes to 24 and 16 bytes per token, respectively.

Due to standard pointer-rich structures, pointer-based hash tables (like LP-FP or standard RH-FP
with individual allocations) suffer from high allocator metadata overhead (around 48 bytes per unique
token, including malloc chunk metadata and 64-bit string pointers). By employing a dense contiguous
arena, FARO RH-Arena reduces the memory consumption to exactly 24 bytes per token (16-byte slot
plus average 8-byte token length stored sequentially). Under the zero-copy borrow mode (RH-Borrow),
this footprint is further optimized to exactly 16 bytes per unique token, demonstrating extreme memory
efficiency suited for high-density log mining.

12.7 Algorithmic Analysis: Collision and Probing (RQ2)

The core stability of open-addressing hash tables relies on controlling the probe sequence length under
high load factors (α). Figure 4 plots the average probe length as a function of the table load factor α for
different variants.
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Figure 4: Average probe length vs. table load factor α. As the table load factor increases beyond 0.8,
standard linear probing variants (LP-Raw, LP-FP) experience exponential probe length explosion. In
contrast, FARO’s Robin Hood variants (RH-FP, RH-Arena, RH-Borrow) remain virtually flat near 1.0.

Under standard linear probing (LP-Raw and LP-FP), the average probe length exhibits exponential
growth as α → 1.0, exploding from 1.5 probes at α = 0.5 to over 8.5 probes at α = 0.95. This is a
well-known consequence of primary clustering, where long contiguous runs of occupied slots repeatedly
attract new collisions.

In contrast, FARO-Tokenizer’s Robin Hood open-addressing variants (RH-FP, RH-Arena, RH-
Borrow) remain remarkably stable. By actively swapping keys during insertion to favor elements
with smaller displacements (dincoming > doccupant), the displacement variance is minimized. The average
probe length of the FARO-optimized variants remains below 1.2 even at a load factor of 0.95. This low
variance not only speeds up successful lookups but also ensures that unsuccessful lookups terminate early
(Theorem 1) without scanning through long collision chains, validating the core design choice of FARO’s
open-addressed dictionary.

13 Theoretical Evaluation

13.1 Time Complexity

Let B be input bytes, N emitted tokens, U unique tokens, and Pi probe count for token i. FARO-Tokenizer
performs:

T (B,N) = Θ(B) + Θ

(
N∑
i=1

Pi

)
.

Under controlled load factor and non-adversarial hashing:

E[Pi] = O(1),

so:
E[T (B,N)] = Θ(B +N) = Θ(B).
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13.2 Memory Complexity

With slot size Sslot, capacity C, arena byte count A, and transaction buffer memory Mtxn:

M = O(SslotC +A+Mtxn).

Since:

C = O

(
U

αmax

)
,

we obtain:
M = O(U +A+Mtxn).

If average canonical token length is ℓ̄, then:

A ≈ Uℓ̄,

and:
M = O(Uℓ̄+ U +Mtxn).

13.3 Output Sensitivity

The tokenizer is output-sensitive with respect to emitted token count and vocabulary size:

T = Θ(B) +O(N · P̄ ),

M = O(Uℓ̄+ C).

Thus, repeated tokens increase runtime through lookups but do not increase dictionary storage.

14 Correctness

Theorem 2 (Vocabulary Uniqueness). For every canonical token x, FARO-Tokenizer assigns exactly one
integer ID ϕ(x).

Proof. If x is absent, get-or-create inserts x into exactly one empty or swapped slot and assigns the next
unused integer ID. If x is present, the dictionary lookup finds a slot with matching fingerprint, length, and
byte sequence, and returns the existing ID. Since insertion occurs only when no existing equivalent token
is found, no two IDs are assigned to the same canonical token.

Theorem 3 (Token Stream Determinism). Given the same input byte stream, canonicalization policy,
hash function, initial capacity policy, and transaction boundary policy, FARO-Tokenizer emits the same
integer sequence across runs.

Proof. The byte scan order is deterministic. Canonicalization is deterministic. The hash function and
probing rule are deterministic. IDs are assigned in first-occurrence order. Therefore the emitted integer
sequence is deterministic.

Theorem 4 (Transaction Set Correctness). For any transaction span Sj , the transaction emitted under
set semantics is:

Tj = sort(uniq({ϕ(x) : x occurs in Sj})).

Proof. The transaction builder accumulates token IDs from the span, sorts them under the configured
total order, and removes duplicates. Therefore each emitted transaction is exactly the sorted unique set of
token IDs occurring in the span.
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15 Discussion

FARO-Tokenizer is not intended to replace full linguistic tokenizers. Its purpose is narrower and systems-
oriented: it converts massive raw text streams into deterministic integer streams suitable for mining. This
design choice explains why full Unicode segmentation is outside the core architecture. Full segmentation
requires extensive rule tables and language-specific behavior, while FARO-Tokenizer prioritizes pure
C99 portability, predictable memory, and direct integration with low-level miners.

The architecture is especially appropriate for data mining tasks where token identity and co-occurrence
matter more than linguistically perfect token boundaries. Examples include log mining, keyword
co-occurrence mining, document transaction construction, sliding-window itemset mining, and high-
throughput preprocessing for integer-only mining algorithms.

16 Limitations

FARO-Tokenizer has several limitations.
First, it is not a full Unicode word segmenter. It is UTF-8 safe but does not implement the full

Unicode text segmentation algorithm.
Second, ASCII folding is simple and deterministic but does not cover full Unicode case folding.
Third, Robin Hood hashing assumes a non-adversarial workload. If the input is adversarially

constructed to collide under the hash function, performance may degrade.
Fourth, borrowed-view mode is safe only when the input mapping remains valid and canonicalization

is identity.
Fifth, ID assignment is first-occurrence based. If distributed tokenization is required, an additional

vocabulary merge protocol is needed.

17 Conclusion

This paper introduced FARO-Tokenizer, a flat-array Robin-Hood offset tokenizer for zero-dependency
high-performance text mining pipelines. FARO-Tokenizer performs one-pass tokenization over memory-
mapped text streams, uses streaming hash computation, stores unique canonical tokens exactly once,
assigns auto-incrementing integer IDs, and emits mining-ready integer transactions.

The proposed architecture replaces pointer-heavy dictionaries with a flat contiguous hash table and
append-only lexeme arena. Its Robin Hood probing model reduces probe variance and enables early
unsuccessful lookup termination. Its UTF-8-safe boundary policy preserves multibyte text without
requiring external Unicode libraries. Its output contract allows direct integration with Apriori, FP-Growth,
Eclat, and SPMF-style transaction formats.

Future work includes parallel vocabulary construction, NUMA-aware table partitioning, adversarial
hash hardening, optional generated Unicode case-fold tables, streaming compression of emitted ID
sequences, and direct coupling with high-utility and high-occupancy itemset miners.
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