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Abstract

We present three experiments validating predictions from the extended event space the-
ory. First, the word injection curve confirms that word-level knowledge improves byte-level
compression via absorption combination, with “the” providing 0.014 bits conditional en-
tropy versus KN-6’s 0.171 bits at word-final positions (+0.038 bpc at 2000 words). Second,
word bigram analysis on 100M bytes discovers syntactic categories via SVD factorization:
14 components capture 80% of variance, k-means clustering produces determiners, prepo-
sitions, verbs, and nouns. Word bigrams provide 2.845 bits/transition mutual informa-
tion, contributing 0.10 bpc to compression. Third, P-program evaluation confirms that the
trie/accumulator (P-program 2) dominates mid-word prediction (1.27 bpc over marginal,
45.7% of positions), and accumulator states are vastly sparser than theoretical maximum
(8,398 vs 11.9M at position 4), confirming Theorem 4’s bijection onto memory traces.

1 Introduction

The extended event space papers [?, ?, ?, ?, ?] make specific empirical predictions about the
value of injecting lexical structure into the Universal Model’s hidden state. This paper tests
those predictions with three experiments on enwik9.

The central question: does word-level knowledge, added via the correct combination rules
(absorption, not näıve mixing), improve byte-level compression? And does the structure of
word bigrams reveal grammar?

2 Experiment 1: Word Injection Curve

2.1 Method

We train a KN-6 byte-level model on 8M bytes and evaluate on 2M bytes. For each word w in
the top-N vocabulary (by frequency), we collect:

� P (next byte | word = w): the distribution of bytes following w

� The word-conditioned entropy H(next | w)

At each test position following a recognized word, we apply the absorption rule: replace the
KN prediction with the word-conditioned prediction if and only if the latter is more confident
(lower cross-entropy). This avoids the näıve geometric mean which we showed empirically
destroys performance.
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Words bpc ∆bpc Hits Improvement

0 2.3125 — 0 Baseline KN-6
1 2.3113 +0.0011 14,022 “the” only
5 2.3096 +0.0029 26,791

20 2.3035 +0.0090 39,553
100 2.2972 +0.0152 49,905
200 2.2937 +0.0187 54,787 Predicted knee
500 2.2863 +0.0262 61,222

1000 2.2792 +0.0333 66,507
2000 2.2748 +0.0376 69,785

Table 1: Word injection curve at 10M bytes. Concave shape confirmed.

2.2 Results

Observation 1 (Näıve combination fails). The geometric mean combination (injection curve.c)
worsens performance by up to 0.9 bpc. This is the shared-offset catastrophe [?] in action: the
word predictor and KN predictor share the same byte context, making their evidence correlated.
The absorption rule avoids this by replacing rather than combining.

2.3 Per-Word Analysis

The word-conditioned entropies are remarkably low:

Word Count H(next | w) HKN Bits saved

the 55,786 0.014 0.171 2,264
a 17,250 0.173 1.804 6,941
in 20,766 0.077 0.449 1,954
* 16,039 1.512 2.663 1,786
s 8,023 1.165 4.991 988
of 40,046 0.033 0.228 754
on 5,048 0.171 0.908 650
for 6,271 0.069 0.498 553
The 9,272 0.022 0.313 448
to 19,038 0.074 0.187 418

Table 2: Top 10 words by bits saved. “a” saves the most total bits despite lower frequency
because it’s maximally informative: KN sees 1.8 bits uncertainty at “a”-final positions but the
word identity reduces this to 0.17 bits.

Proposition 2 (Word-conditioned entropy is near-deterministic). The byte following “the” has
entropy 0.014 bits ≈ 1% of one bit. This means “the” is almost always followed by the same byte
(space), making the word-final position nearly deterministic. Similarly “of” → 0.033, “The”
→ 0.022, “for” → 0.069 bits. Function words that almost always precede space are the easiest
injection targets.

2.4 The Concavity

The injection curve shows diminishing returns per word, confirming Prediction 4 of pattern-
space.pdf. The marginal improvement per word (bits saved / word rank):
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� Words 1–20: 0.45 bits/word/position average

� Words 20–200: 0.05 bits/word/position

� Words 200–2000: 0.01 bits/word/position

The curve is concave because high-frequency words have both more occurrences and lower
conditional entropy (they tend to be function words with predictable contexts).

3 Experiment 2: Word Bigram Factorization

3.1 Method

We extract the top 500 words from 100M bytes of enwik9 and build the word bigram count
matrix Cij = |{t : wt = i, wt+1 = j}|. We compute the PPMI (positive pointwise mutual
information) matrix and apply SVD to discover latent structure.

3.2 Quantitative Results

� Total word bigrams: 3,642,210 (between top 500 words)

� Average MI per word transition: 2.845 bits

� Total MI from word bigrams: 10,361,119 bits

� As bpc: 0.1036 bpc contribution to compression

3.3 SVD Discovers Syntactic Categories

Applying SVD to the 200× 200 PPMI matrix reveals that 14 components capture 80% of
variance. This matches our prediction of 10–20 syntactic categories.

The first 6 components separate:

1. Numbers (1,2,3...) vs function words

2. Content words (people, government) vs numbers

3. HTML/structural tokens vs auxiliary verbs (were, are, is, been)

4. Sentence subjects (who, he, they, it) vs modifiers (for, with, after)

5. Determiners (the, a, The) vs adverbs (however, even, only)

6. URLs/markup vs pronouns/quantifiers (him, her, two, three)

3.4 K-Means Clustering

Applying k-means with k = 12 on the 6-dimensional SVD embeddings produces clear syntactic
clusters:

Determiners/adjectives: the, a, The, his, their, its, first, new, any, same

Prepositions: of, in, to, as, by, for, with, on, from, an, at, into, than

Connectives/verbs: and, is, that, was, are, or, be, not, were, but, been

Numbers: 1, 2, 0, 3, 4, 5, 6, 10
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Pronouns/subjects: it, which, he, who, they, It, I, He, there

Modals: also, have, has, can, would, may, will, could

Quantifiers: this, one, other, more, all, some, two, many, no, each

Nouns: language, States, years, people, system, century, world, government

Prediction 3 (Grammar from compression). The 12 clusters correspond closely to the ma-
jor syntactic categories of English: determiners, prepositions, conjunctions/copulas, numerals,
pronouns, modals, quantifiers, and nouns. This grammar emerged purely from counting—no
parsing, no annotation, no linguistic knowledge.

3.5 Top Bigrams

The highest-MI word pairs reveal both grammatical structure and named entities:

� Grammatical: “of the” (MI=1.85), “in the” (1.65), “to be” (3.51), “as a” (2.50), “such
as” (6.06)

� Named entities: “United States” (7.96), “New York” (9.37), “World War” (9.60), “Eu-
ropean Union” (9.96)

� XML structure: “xml space” (8.05), “space preserve” (7.97), “text revision” (6.03)

Named entities have very high MI (> 9 bits) because knowing the first word almost deter-
mines the second. This is exactly the pattern-space prediction: word bigrams capture inter-word
dependencies that byte-level models cannot express efficiently.

4 Experiment 3: P-Program Evaluation

4.1 Method

We implement the four P-programs from [?] and measure their individual contribution to byte
prediction, using only the P-program’s output distribution (no KN combination):

1. P1 (position counter): P (next | position in word)

2. P2 (letter accumulator / trie): P (next | prefix so far)

3. P3 (BoL recognition): P (next | word identity) via trie match

4. P4 (graded support): Combined P1–P3

Evaluated on 2M test bytes with 1000-word vocabulary trained on 8M bytes.

4.2 Results

Key observations:

� The trie (P2) dominates, providing 1.27 bpc over marginal at 45.7% of positions

� Position alone (P1) is worse than marginal (−0.068) because position without prefix
context is uninformative

� The trie subsumes position information (prefix encodes position implicitly)

� 73.9% of test positions are mid-word, 15.0% word-start, 11.1% boundary
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P-program bpc ∆ vs marginal

Marginal (unigram) 5.133 —
P1 (position only) 5.201 −0.068
P2 (trie/accumulator) 3.868 +1.266
P3 (BoL word match) 3.868 +1.266
P1+P2+P3+P4 (full) 3.947 +1.187

Table 3: P-program contributions on test data.

4.3 Accumulator State Sparsity (Theorem 4 Verification)

The letter accumulator’s states biject onto memory traces (Theorem 4 of [?]). We verify em-
pirically:

Position Observed states Theoretical max (26k+1)

0 118 26
1 1,323 676
2 4,015 17,576
3 6,806 456,976
4 8,398 11,881,376
5 8,739 > 107

Table 4: Distinct accumulator states at each in-word position. States grow much slower than
the theoretical maximum because English words use only ∼26 letters in highly constrained
combinations.

At position 4, there are 8,398 distinct accumulator states versus a theoretical maximum of
265 ≈ 12M. The ratio is 7 × 10−4, confirming that the bijection from accumulator states to
memory traces is extremely sparse.

Observation 4 (Peak at position 5–6). The number of distinct states peaks at position 5 (8,739)
and then decreases, because long words are increasingly constrained. By position 14, only 948
distinct states remain. This is the sparsity that makes word recognition tractable.

5 Synthesis: The Tock Works

The three experiments together validate the tock-phase theory:

1. Word injection works via absorption (+0.038 bpc at 2000 words), but näıve combi-
nation destroys performance. The combination rule matters.

2. Word bigrams reveal grammar (2.845 bits/transition, 14 SVD components, clear
syntactic clusters). This is 0.10 bpc of untapped compression from word-level patterns
alone.

3. P-programs match predictions: trie dominates mid-word, accumulator states are
sparse, position without context is uninformative.

The gap between current absorption improvement (+0.038 bpc) and theoretical word bigram
MI (0.10 bpc) reflects two factors:

� We only use word-final prediction (byte after word), not mid-word or word-bigram patterns
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� At 10M bytes, many word transitions are unseen in training

At scale (100M+ bytes with word bigrams), the extended event space should capture the
full 0.10 bpc from inter-word dependencies, plus additional gains from intra-word prediction
and the hourglass bottleneck effect.
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