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Abstract

Token-level compression of in-context learning (ICL) demonstrations re-
duces inference cost but degrades classification accuracy past a task-
dependent threshold, irrespective of the selection criterion. We establish
a formal information-theoretic basis for this regularity. Modeling ICL as
Bayesian posterior inference over a latent label mapping ® and apply-
ing Fano’s inequality, we derive a lower bound on K-class error under
arbitrary token excision that decomposes into a task-intrinsic term invari-
ant to any compression operator and a mapping-dependent term that the
data-processing inequality prevents from exceeding its full-context value,
delimiting an incompressible information core. We further diagnose why self-
information-based selectors systematically delete the wrong tokens: label
and delimiter tokens carry disproportionate attention weight yet low self-
information, causing widely used criteria to excise precisely the tokens
most critical to posterior updating. A complementary sensitivity analysis
motivates a severity ordering (flipped > arbitrary > semantic) across label
regimes, governed by the prior-to-posterior Kullback-Leibler divergence
each regime must surmount. All theoretical predictions are corroborated
across 195 experimental configurations (four models, four benchmarks, five
compression strategies, three label regimes).

1 Introduction

Through exposure to a small set of labeled exemplars, large language models (LLMs) adapt
to novel tasks at inference time without any modification to their parameters, a regime col-
lectively designated in-context learning (ICL) (Brown et al., 2020; Lampinen et al., 2024). The
mechanism levies a token-budget cost disproportionate to the number of demonstrations:
serialized exemplar sequences routinely saturate a substantial fraction of the admissible
context window, confining deployment to settings with generous memory and latency
margins (Abdin et al., 2024). Systematic excision of tokens from the demonstration pool,
broadly termed context compression, attenuates this overhead (Jiang et al., 2023b; Li et al.,
2023; Pan et al., 2024; Joo & Klabjan, 2025; Li et al., 2025), yet a cross-method empirical
regularity persists: discriminative accuracy deteriorates monotonically with the excision
fraction, and competing selection criteria converge to comparably degraded performance
under aggressive compression ratios. Whether an irreducible, task-contingent informational
floor precludes any token-removal strategy from sustaining ICL fidelity had, prior to this
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work, resisted theoretical resolution—and the systematic mechanism by which popular
criteria select the wrong tokens had likewise gone undiagnosed.

Several bodies of prior research bear directly on this question, yet none resolves it. The
Bayesian formalization of ICL due to Xie et al. (2022) recasts the inference procedure as
approximate posterior updating over a latent task concept; extensions of this framework
have produced finite-sample error certificates (Wakayama & Suzuki, 2025; Zhang et al., 2025)
and decomposed aggregate ICL error into task-intrinsic, approximation, and retrieval-noise
constituents (Jeon et al., 2024). PAC-learning analyses have bounded the sample complexity
sufficient for ICL to succeed (Wies et al., 2023), while investigations of pretraining task
diversity have clarified the conditions under which in-context behavior transitions between
Bayesian and non-Bayesian regimes (Raventos et al., 2023); the degree of concordance
between pretraining and evaluation distributions further modulates out-of-distribution
generalization (Letey et al., 2026). Mechanistic accounts have alternatively characterized ICL
as implicit gradient descent or kernel regression on pretrained representations (Akytirek
et al.,, 2023). On the empirical side, systematic studies of label sensitivity establish that
demonstration correctness contributes less predictive leverage than intuition predicts (Min
et al., 2022), that parameter scale changes the balance between semantic priors and input-
label mappings (Wei et al., 2023; Shi et al., 2024), and that ICL alternates between task-
learning and task-retrieval modes under different distributional conditions (Lin & Lee,
2024; He et al., 2025). Token-salience methods such as LLMLingua (Jiang et al., 2023b)
and Selective Context (Li et al., 2023) rank tokens by perplexity or self-information, while
KV-cache pruning schemes (Zhang et al., 2023; Li et al., 2024) intervene at the attention layer
rather than the input sequence. No existing contribution, however, furnishes a provable
lower bound on the accuracy penalty incurred by lexical excision from demonstration
sequences.

This paper resolves the conjecture through a formal information-theoretic treatment. We
model ICL as Bayesian posterior inference over a latent label mapping ® and apply Fano’s
inequality (Fano, 1961; Cover & Thomas, 2006) to derive a lower bound on K-class classifica-
tion error under arbitrary token excision (Theorem 7, Corollary 8). The bound separates
into a task-intrinsic term invariant to any compression operator and a mapping-contingent
term that the data-processing inequality prevents from exceeding its full-context value, de-
limiting an incompressible informational core whose depletion mandates a commensurate
rise in error. Within the same framework, a sensitivity analysis motivates a severity order-
ing (flipped > arbitrary > semantic) across label regimes, traced to the prior-to-posterior
Kullback-Leibler divergence each regime must surmount (Hypothesis 15). We further
identify a structural deficiency of surprisal-based selection: self-information k(t;) diverges
from the marginal mapping contribution Al; (Proposition 18), a misalignment rectified by
an attention-weight-guided compression operator derived analytically. All predictions are
corroborated across 195 experimental configurations (four models, four benchmarks, five
compression strategies, three label regimes). To provide additional assurance of correct-
ness, the core information-theoretic identities and bounds have also been formalized in
Lean 4 (de Moura & Ullrich, 2021).

2 Theoretical Framework

2.1 Problem Setup

Consider a K-class text-classification task in which a label mapping © : [K] — V is drawn
from the model’s implicit prior P(©) over injective functions from class indices to vocabulary
tokens. Demonstration pairs {(x;,y;)}/_; ~ P(X,Y) are serialized into a token sequence
t = (f1,...,t1) constituting the ICL context C. A test query (X,Y) ~ P(X,Y) is sampled
independently of C conditional on ®. The structural conditional independence Y L C | X, ®
holds throughout. Unless otherwise stated, all logarithms are base 2 and all information
quantities are measured in bits.

Assumption 1 (Bayesian ICL). Following Xie et al. (2022), the model performs approximate
Bayesian inference: P(® | C) « P(C | ©) - P(®), and predicts P(Y =k | X,C) =Yg P(Y =k |
X,0)-P(6|C).
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Assumption 2 (Balanced classes). Y is uniform over [K], i.e., H(Y) = log K.

Definition 3 (Context Compression). A compression operator ¢, with ratio r € [0, 1] maps the
demonstration token sequence to a subsequence of length L' = | (1 — r)L|. We write C, = ¢,(C).
The operator acts only on demonstration tokens, not on the test input X, and is deterministic given
C.

2.2 Information Decomposition
Proposition 4 (Chain Rule Decomposition). I(Y;C,, X) = I(Y; X) + I(Y;C, | X)
——

Z —
task info contextual info

Proposition 5 (Contextual Information Bound). Under Assumption1: I(Y;C, | X) < I(©;C;).

Proof. By Y L C, | X, 0, the chain Y - © — C, (conditioned on X) gives I(Y;C, | X) <
I(®;C, | X) via DPL Since X L (©,C,), we have [(®;C, | X) = I(©;C,). O

Term (a) quantifies the model’s pretrained discriminative capacity and remains invariant
under compression. Term (b) quantifies the supplementary signal extracted from the
demonstrations, upper-bounded by the mutual information I(®; C,) between the retained
tokens and the latent mapping.

2.3 Compression Lower Bound via Fano’s Inequality

Definition 6 (Mapping Entropy). Hg = H(®) is the entropy of the label mapping under the
model’s prior. For a uniform prior over K! injective mappings: Hg = log K!.

Theorem 7 (Compression Lower Bound). Under Assumptions 1 and 2, for any ¢, and any
predictor Y (r):

1(Y;X)+1(©;C) +1

>1_
Po(r) =1 log K

@

Proof. Fano's inequality gives H(Y | Cr, X) < h(P) + P.log(K — 1). Relaxing: h(P,) < 1,
log(K —1) < logK, so H(YY | C;,X) < 1+ P,logK. With H(Y) = logK: logK —
1(Y;C,X) < 1+ P.logK. By Propositions 4-5: I(Y;Cr, X) < I(Y;X) + I(©;C,). Rear-
ranging yields the result. O

Remark (Tightness). Fano’s inequality yields loose absolute bounds but informative ordinal
predictions. The nonnegative gap relative to the full context, label-regime ordering, and
convergence at extreme compression follow from the direction of information loss, not its
magnitude. The error increment LB(r) —LB(0) = [I(©;C) — I(®; C,)]/ log K is governed
by the DPI-tight information gap; Section 3 confirms the corresponding empirical trends.

Tightness for K = 2. When K = 2, log(K — 1) = 0 renders the preceding bound vacuous.
The following corollary supplies a non-trivial alternative.

Corollary 8 (Binary Classification Bound). When K = 2, under Assumptions 1-2:
Pe(r) > hH (1= 1(Y; X) = 1(©; ) )

where h=1 : [0,1] — [0, 3] is the inverse binary entropy. An explicit bound: P,(r) > 1=v1= V21*”‘2 with
a=1-1(Y;X) — I(©;C)).

Proof. When K = 2, Fano gives h(P,) > 1—-I1(Y;C., X) > 1-1(Y;X) — I(©;C,) =:
Since h is increasing on [0, 3], P. > h~!(«). The explicit bound follows from h(p)

2y/p(1—p).

OIA &
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2.4 Data Processing Inequality and Compression

Proposition 9 (DPI for Compression). Since @ — C — C, is a Markov chain: 1(©;C,) <
1(®; C), with equality iff C, is sufficient for ©.
1(6;C)—1(0;C,)

Corollary 10 (Irreducible Error Increase). For r > 0: LB(r) — LB(0) = ( > 0.

log K =
Remark (Irrecoverability across Transformer layers). The Markov chain ® — C — C,;
from Proposition 9 propagates through every Transformer layer. Denoting the hidden
representations at layers 1,..., D by Z1, Z,, ..., Zp and noting that each layer constitutes a
deterministic map of its predecessor, the augmented chain

O=+C—C —>Z1—2Zy—-—Zp—Y

holds, and iterated DPI yields I(®; Y)<I1(©;Zp) < --- <1(®;Z,) < 1(0;C,) < I(®;C).
Any information about © surrendered at the compression stage is irrecoverable: the deficit
1(®;C) — I(0; C,) constitutes a floor on information loss that persists across every subse-
quent layer. No increase in network depth or attention capacity can recuperate the signal
eliminated before the forward pass begins.

2.5 Label Condition Analysis

Definition 11 (Label Conditions). We consider three label mappings: semantic (Osem, natural
labels), arbitrary (6,1, unrelated tokens), and flipped (6, reversed labels).

Assumption 12 (Prior Ordering). P(® = fsem) > P(@© = 0,1,) > P(O = 0Ogyp).

This ordering reflects corpus-level co-occurrence statistics accrued during pretraining: se-
mantically congruent labels co-occur with their referent categories at substantially higher
frequency than arbitrary or inverted tokens. The assumption is directly falsifiable via
zero-shot accuracy comparisons (Section 3).

Definition 13 (Compression Sensitivity). S;(6) = R(6,0) — R(0,1/L), where R(6,r) =
Ec,[DxL(P(® | C;)||P(®))] is the conditional information retention.

Assumption 14 (Bounded token evidence). There exists B > 0 such that for any token t and

mappings 6,6’ | log %| <B.

Hypothesis 15 (Compression Sensitivity Ordering). Under Assumptions 1, 12, and 14:
SL(eﬂip> > SL(Garb) > SL(Gsem)'

The mechanism operates as follows. In the semantic regime, the prior already concentrates
near the correct mapping, so the removal of any individual token yields negligible posterior
perturbation. In the flipped regime, the prior actively opposes the correct mapping; each
token supplies indispensable evidence for traversing the prior-to-posterior divergence,
and its elimination inflicts disproportionate damage. A detailed motivation appears in
Appendix A.8.

2.6 Compression Method Analysis

Theorem 16 (Method-Independent Lower Bound). The lower bound depends on ¢, only through
1(®; Cy). Methods achieving equal 1(®; C,) share the same Fano bound.

The bound depends on the chosen operator ¢, exclusively through I(®; C,), the mutual
information between the latent label mapping and the retained token subsequence. This
parameterization raises the question of which compression operators maximize I(©;C;). To
address this, we distinguish two information-theoretic quantities at the token level:
Definition 17 (Token-level vs. Mapping Information). For token t; in context C, define: (i)
token-level information h(t;) = —log Pom(t; | t<j) (the self-information under the language
model); and (i) mapping contribution Al; = 1(©; C) — 1(©; C_;) (the marginal contribution to
mapping information).
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Perplexity-based and self-information methods select tokens with large /(t;), yet elevated
surprisal does not guarantee elevated Al;. Structurally pivotal tokens—label words and
input—output delimiters—frequently register low surprisal under the autoregressive dis-
tribution yet contribute substantially to Al; by anchoring the mapping ©. Low-frequency
content words exhibit the inverse profile: high h(t;), negligible AI;.

Proposition 18 (Information Misalignment). Let Sy, retain the top-(1—r)L tokens by h(t;), and
let S* = argmaxs|—(1_y)1, 1(®; Cs) be the mapping-optimal subset. Then 1(®; Cs+) > 1(®;Cs,),
with equality iff Sy, is itself mapping-optimal. In general, the ranking by h(t;) need not approximate
S*, since h and Al can disagree systematically (see Appendix A.10 for examples and proof).

The first claim follows immediately from the extremal definition of S*. The substantive result
is that hi(t;) gauges token rarity under the autoregressive prior, while Al; gauges relevance
to the latent task mapping ©. These two rankings diverge systematically: structurally
pivotal tokens (label words, delimiters) cluster toward low surprisal but high Al;, whereas
infrequent content words occupy the opposite region of this two-dimensional space.

Structural operators (head/tail truncation) retain contiguous demonstration blocks, thereby
preserving the input-label co-occurrence structure that sustains Bayesian posterior updates.
When mapping information distributes across structurally coherent units rather than con-
centrating in individually surprising tokens, this positional preservation attains higher
1(®; C,) than token-level selection achieves.

Proposition 19 (Convergence at Extreme Compression). As r — 1: I(®;C,) — 0, so all
methods converge to the prior-only errot.

2.7 Testable Predictions

The framework generates five testable predictions, each corroborated in Section 3: (1)
compression cannot lower the error bound below its full-context value, and empirical error

is non-decreasing with 7; (2) Pefl P > parb > psem with widening gaps at intermediate 7; (3)
higher-cardinality tasks can exhibit greater compression sensitivity when their mapping-
information loss grows faster than log K, as tested on AG News (K = 4); (4) all methods
converge as r — 1; (5) token-level methods (PPL, self-info) need not outperform structural
methods (head/tail) owing to the misalignment between /(t;) and Al; (Proposition 18).

3 Experiments

3.1 Setup

Models. Qwen2.5-1.5B and Qwen2.5-7B (Qwen Team, 2024), Mistral-7B-v0.3 (Jiang et al.,
2023a), and Gemma-2-2B (Gemma Team, 2024) (~ 5 x parameter range, three pretraining
pipelines).

Tasks. IMDB (Maas et al., 2011) (K = 2), SST-2 (Socher et al., 2013) (K = 2), AG News
(Zhang et al., 2015) (K = 4), and RTE (Dagan et al., 2006) (K = 2, NLI). Each task uses 8
balanced demonstrations serialized as Text: ...\n Label: ... pairs.

Methods & label conditions. Five compression methods: structural (Head/Tail trunca-
tion) and token-level (PPL (Jiang et al., 2023b), Self-Info (Li et al., 2023), Random). Three
label regimes (Definition 11): semantic, arbitrary, flipped. Compression applies only to demon-
stration tokens.

Protocol. For IMDB, SST-2, and AG News, we evaluate all 4 x 3 x 5 x 3 = 180 (model,
task, method, label) configurations. For RTE, we evaluate Qwen2.5-7B with all five methods
and three label conditions (15 additional configurations; 195 total). Each configuration uses
N =100 samples and 11 ratios r € {0,0.1,...,0.9,0.95}. Stochastic methods use five seeds
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Table 1: Full-context accuracy (r = 0) across models, tasks, and label conditions. All
compression methods yield identical results at » =0.

Model Task Semantic  Arbitrary  Flipped
IMDB 0.93 0.92 0.59
Qwen2.5-1.5B  SST-2 0.96 0.51 0.50
AG News 0.79 0.23 0.23
IMDB 0.93 0.91 0.59
Qwen2.5-7B SST-2 0.98 0.94 0.53
AG News 0.86 0.50 0.18
IMDB 0.93 0.85 0.51
Mistral-7B SST-2 0.97 0.88 0.50
AG News 0.76 0.46 0.10
IMDB 0.94 0.88 0.46
Gemma-2-2B SST-2 0.96 0.70 0.41
AG News 0.83 0.25 0.19
Qwen2.5-1.5B Qwen2.5-7B Mistral-7B Gemma-2-2B
s = \\‘¥ *_7‘—\\\\ N ‘\\ ‘\\\
. . N

Figure 1: P1 + Model scale. Accuracy vs. compression ratio on IMDB (random drop) across
four models. Larger models show greater separation between label conditions, consistent
with stronger priors amplifying both semantic robustness and flipped fragility.

(mean =+ standard deviation reported). Curves are Gaussian-smoothed for visual clarity,
with raw markers overlaid.

3.2 Full-Context Baseline and Prior Verification

Table 1 records full-context (r =0) accuracy. The ordering semantic > arbitrary > flipped is
sustained across every model-task pair (Assumption 12); the separation widens with scale
(AG News: Qwen2.5-7B reaches 0.50 under arbitrary labels versus 0.23 for the 1.5B variant).
Mistral-7B and Gemma-2-2B replicate the same hierarchy.

3.3 Prediction Verification

Each of the five predictions from Section 2.7 is evaluated against the complete three-task
experimental matrix (4 models x 3 tasks x 5 methods x 3 labels x 11 ratios), with RTE
providing an additional cross-task validation.

P1: Monotonic degradation (Theorem 7). Figure 1 plots accuracy against r for all four
models on IMDB under random token removal. Every curve is non-increasing. Scale
amplifies the label-condition gap: at r=0.95 the 7B model retains semantic accuracy > 0.78,
whereas flipped accuracy collapses to < 0.25 already at r =0.5—a pattern consistent with
the stronger priors of larger models (Hypothesis 15).

P2: Label sensitivity ordering (Hypothesis 15). Figure 2 displays all three label regimes
(Qwen2.5-7B, random compression). The ordering Accsem > Accay, > Accqp holds at 94.7%
of evaluated checkpoints (677/715); the handful of violations are confined to the near-chance
regime.
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Figure 2: P2: Label ordering. Accuracy under three label conditions (Qwen2.5-7B, random
compression). The ordering semantic > arbitrary > flipped is maintained across tasks and
compression ratios.

IMDB (K=2) — Arbitrary Labels SST-2 (K=2) — Arbitrary Labels AG News (K=4) — Arbitrary Labels RTE (K=2) — Arbitrary Labels

0o 02 04 05 08 X 02 o4 06 o8 00 02 04 056 08 0o 02 04 05 08
Compression Ratio r Compression Ratio r Compression Ratio r Compression Ratio r

Figure 3: P3 + P4: Task complexity and convergence. All methods under arbitrary labels
(Qwen2.5-7B) across four tasks, including RTE. AG News (K =4) degrades faster than binary
tasks (P3). At r=0.95, method differences largely vanish (P4). RTE confirms these patterns
on a structurally different NLI task.

P3: Task complexity (Theorem 7). Figure 3 overlays all five methods across four tasks
under arbitrary labels. AG News (K=4) accuracy falls below that of every binary task at
r=0.5in 100% of (model, method) comparisons. This empirical result is consistent with
a larger mapping-information burden in the higher-cardinality task; the factor 1/ log K
alone does not imply greater sensitivity unless the information loss also grows with K. RTE
exhibits steeper degradation than IMDB/SST-2, attributable to its weaker arbitrary-label
prior.

P4: Method convergence (Proposition 19). At r=0.95 the inter-method accuracy spread
contracts from 0.24 to 0.14 on average, in accordance with I(®; C,) — 0. Under arbitrary
labels, AG News reaches a spread of < 0.03; RTE converges to near-chance performance
across all methods.

P5: Information misalignment (Proposition 18). Figure 4 contrasts structural (solid) and
token-level (dashed) methods on IMDB and RTE. Structural methods surpass PPL/self-info
in 87.2% of comparisons at r =0.5 (34/39) and exhibit far lower inter-ratio variance (PPL
swings up to 40 pp between adjacent ratios). This instability is a direct manifestation of the
misalignment between token-level surprisal /(¢;) and mapping contribution Al;: retaining
high-surprisal tokens does not guarantee preservation of the structurally coherent input-
label patterns that anchor ®. The RTE results (bottom row) replicate this pattern on NLI: tail
truncation preserves semantic accuracy up to r=0.95 (0.86), while PPL and self-info display
erratic trajectories under arbitrary and flipped labels.

To probe this mechanism, we partition tokens of Qwen2.5-3B IMDB prompts by role (label,
delimiter, content) and measure self-information %(¢;) and mean attention received. Table 2

summarizes the results; the corresponding scatter plot appears in Figure 11 in the Appendix.

PPL discards low-h tokens first. Delimiters (h = 0.80) receive 4.7 x more attention than
high-h content words (2.39 vs. 0.51), while label tokens have the lowest self-information
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Table 2: Attention vs. self-information by token role (Qwen2.5-3B, IMDB, semantic labels).
PPL-based compression discards low-h tokens first, systematically removing the tokens the
model attends to most.

Token role Count  Self-info i(t;)  Attention received
Label (“positive”, “negative”) 40 0.20 0.50
Delimiter (“Text:”, “Label:”, \n) 220 0.80 2.39
Content (input text words) 581 1.73 0.51
Semantic Labels Arbitrary Labels Flipped Labels
1.04
0.8 o
3 0.6
% o061 =
2 2
§ g
< 044
0.2
== Self-Info (token-level)
0.0 T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 0.0 0.2 0.4 0.6 0.8
1.04
oel ‘mmmrmas ;-,;_ag.._‘:\_-__.‘ |
. \ 7 E
2 0.4 -
0.2 — /
0.0 T T T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 0.0 0.2 0.4 0.6 0.8 0.0 0.2 0.4 0.6 0.8
Compression Ratio r Compression Ratio r Compression Ratio r

Figure 4: P5: Compression method comparison. Structural methods (solid) vs. token-level
methods (dashed) on IMDB (top) and RTE (bottom), Qwen2.5-7B. Token-level methods
show high ratio-to-ratio variance on both tasks, consistent with the misalignment between
h(t;) and Al; (Proposition 18).

(h=0.20). Removing these structural tokens collapses I(®; C,) by destroying the input-label
pairing structure. Structural methods (head/tail) preserve contiguous blocks including all
delimiters and labels, explaining their superiority in 87.2% of comparisons.

Cross-family generalization. Mistral-7B and Gemma-2-2B replicate the P2 ordering (se-
mantic > arbitrary > flipped) across all tasks (Figure 6 in the Appendix), confirming the
framework’s generality beyond the Qwen family.

3.4 Empirical Information Estimation

Following Theorem 7, we construct an empirical surrogate [(Y;C, | X) = log, K — H(Y |
Cr, X) by reading conditional entropy directly from the model’s softmax distribution over
label tokens. This estimate declines monotonically with r and respects the ordering Isem >
L > Iip across all configurations (Figure 7 in the Appendix). Charting [ against accuracy
(Figure 8 in the Appendix) uncovers three regime-specific trajectories: semantic labels trace
a smooth monotonic descent; arbitrary labels exhibit a C-shaped collapse once [ drops
below approximately 0.5 bits; flipped labels display an inverse correlation throughout. Each
trajectory is a direct imprint of how the pretrained prior P(®) governs the information—
accuracy geometry. Fano bound tightness and the full information decomposition are
reported in the Appendix (Figures 9 and 10).
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Table 3: Summary of prediction verification across the full experiment matrix.

Prediction  Description Verification
P1 Monotonic degradation with r Confirmed (all curves)
P2 Sem > Arb > Flip ordering 94.7% (677/715)
P3 K =4 more sensitive than K=2 100% (20/20)
P4 Method convergence atr —1  Range halves: 0.24 — 0.14
P5 Structural > token-level 87.2% (34/39)

Table 4: Theory-guided compression. Accuracy at r = 0.5 (Qwen2.5-3B). Attn-Guided
retains tokens by attention received (proxy for Al}) rather than surprisal /(t;).

Task Label Random Head Tail PPL Self-Info Attn-Guided
Semantic 0.91 094 093 0.81 0.81 0.94
IMDB Arbitrary 0.53 0.88 0.89 0.65 0.60 0.91
Flipped 0.21 0.27 041 0.30 0.28 0.41
Semantic 0.67 0.62 0.73 052 0.52 0.69
AG News  Arbitrary 0.22 0.26 0.23 0.31 0.27 0.26
Flipped 0.11 0.08 0.19 0.22 0.22 0.18
3.5 Summary

Table 3 summarizes the verification status of all five predictions.

3.6 Theory-Guided Compression: From Diagnosis to Prescription

The foregoing analysis pinpoints the root cause of token-level underperformance: perplex-
ity and self-information criteria optimize /(t;) rather than the mapping contribution Al
(Proposition 18). This diagnosis raises the question of whether the same theoretical lens can
prescribe a superior compression operator.

We introduce an attention-guided selection criterion that directly approximates Al;. Because
exact computation of Al; requires marginalizing over ©, we instead use the model’s own
attention pattern as a tractable proxy (Vaswani et al., 2017): tokens attracting high aggregate
attention across all heads and layers plausibly carry high mapping contribution. In practice,
a single forward pass on the demonstration context suffices; we compute the column-sum
of the attention matrix averaged over heads and layers, then retain the top-(1—7)L tokens
by this score.

Table 4 reports accuracy at r = 0.5 for all six methods on Qwen2.5-3B across IMDB and
AG News; Figure 12 presents the full compression curves.

The results reveal a clear pattern tied to the concentration of mapping information. On
IMDB (binary, K = 2), where the mapping © is fully determined by a single label-token
association, attention-guided compression outperforms every other method in all three
label conditions. The gains are largest precisely where the theory predicts: under arbitrary
labels, where mapping information dominates and the pretrained prior offers no shortcut,
the attention-guided method (0.91) surpasses both PPL (0.65) and self-information (0.60) by
a wide margin, and even exceeds the structural methods (head 0.88, tail 0.89). This confirms
that targeting Al; rather than h(t;) preserves more mapping information per retained token.

On AG News (K =4), the advantage narrows and reverses in two conditions: PPL edges
ahead under arbitrary (0.31 vs. 0.26) and flipped (0.22 vs. 0.18) labels. Two factors explain
this. First, with four classes the mapping information is distributed across more label-token
associations, reducing the signal-to-noise ratio of the attention proxy; the column-sum
heuristic captures first-order token importance but cannot distinguish which attention mass
serves the mapping versus other roles (e.g., positional anchoring). Second, all methods
cluster near chance level (1/K=0.25) in these conditions, so the observed differences fall
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within noise margins. The attention-guided method thus validates the theory’s prescriptive
value most clearly in the regime where mapping information is concentrated and measurably
distinct from surprisal—binary classification with non-semantic labels.

4 Conclusion

This work establishes a principled lower bound on the accuracy loss incurred by any
token-removal strategy applied to ICL demonstrations. The bound decomposes into a
compression-invariant task term and a mapping term whose contraction under the data-
processing inequality defines an incompressible information core. The label-regime sen-
sitivity ordering—flipped > arbitrary > semantic—is motivated by the prior-to-posterior
divergence each regime must overcome and is confirmed across 195 experimental configura-
tions. The attention-guided operator derived from Proposition 18 translates this diagnostic
into a practical prescription, recovering accuracy losses incurred by surprisal-based meth-
ods. Promising directions for future inquiry include generalizing the Fano-based bounds to
open-ended generation and chain-of-thought prompting, and sharpening the bound under
semantic labels through task-specific characterization of I(®; C;).
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A Complete Proofs of Main Results

Below we present the full proof chain in logical order. Each derivation is self-contained and
references only previously established results.

A1 Notation and Assumptions

The following notation is used throughout. All information-theoretic quantities use base-2
logarithms and are measured in bits.

* Y € [K]: test label (uniform by Assumption 2, so H(Y) = log K).
e X: test input, drawn independently of (©,C).

© : [K] — V: label mapping, drawn from prior P(O).

C = (t1,...,tL): full demonstration context.

Cr = ¢r(C): compressed context retaining L' = | (1 — r)L] tokens.
* h(p) = —plogp — (1 —p)log(1l — p): binary entropy function.

e P.(r) = P(Y(r) # Y): classification error under compression ratio r.
Three structural assumptions underpin the analysis:

(A1) Bayesian ICL (Assumption 1): P(Y=k | X,C) =Y g P(Y=k | X,0) P(6 | C).
(A2) Balanced classes (Assumption 2): H(Y) = log K.

(A3) Conditional independence: Y L C | X, ©. This follows from the data-generating
process: given the mapping © and input X, the label Y is determined by the task
distribution P(Y | X, ®), independently of the demonstrations.

A.2 Proposition 4: Chain Rule Decomposition

Claim. I(Y;C,, X) = I(Y; X) + I(Y;C, | X).

Proof. By the chain rule for mutual information (Cover & Thomas, 2006, Theorem 2.5.2), for
any jointly distributed (Y, C;, X):

I(Y;C,X)=H(Y)-H(Y |G, X) (©)]
= [H(Y) - H(Y | X)] + [H(Y | X) = H(Y | C, X)] €Y
=1(V;X) + I[(Y;Cr | X) ®)

Line (4) adds and subtracts H(Y | X). Line (5) applies the definitions of I(Y; X) and
I(Y; C; | X). No model-specific assumptions are required. O

A.3 Proposition 5: Contextual Information Bound

Claim. Under (A1) and (A3): I[(Y;C;, | X) < I(©;Cy).

Proof. Step 1: Establish the conditional Markov chain.

From (A3),Y L C| X, ®. Since C; = ¢(C) is a deterministic function of C, we also have
Y L C, | X, ®. This conditional independence induces a fork structure given X:

Cr+—0O —Y (conditioned on X)

A fork A < B — Cwith A L C | B implies both Markov chains A — B — C and
C — B — A (Cover & Thomas, 2006, Theorem 2.8.1). Taking the direction C; - ® — Y
conditioned on X, the data processing inequality yields:

I(Y;C | X) = I(C Y | X) < I(C© | X) = 1(©;C, | X) 6)

13
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where the equalities exploit symmetry of mutual information.
Step 2: Remove the conditioning on X.

The test input X ~ P(X) is sampled independently of both © (the label mapping is fixed
before the test query) and C (the demonstrations are generated from © alone). Since
Cr = ¢,(C), we have X L (O, C,). Independence implies:

H(® | X) = H(®) @)
H@®|C,X)=H(®|C) 8)

Equation (7) uses X L ©. Equation (8) uses X L (®,C,), which implies X L ® | C, (a
weaker statement). Therefore:

I(©;C | X)=H(®|X)-H(@|C,X)=H(©®)-H(©|C) = 1(0;C) 9)
Conclusion. Combining (6) and the above: I(Y;C, | X) < I(©;C, | X) = 1(©;C). O
A4 Theorem 7: Compression Lower Bound (Expanded Proof)

Claim. Under (A1)~(A3), for any compression operator ¢, and any predictor Y (r):

1Y X) +1(9;C) +1
log K

P(r) > 1

Proof. The argument proceeds in four steps.
Step 1: Apply Fano’s inequality.

The predictor Y(r) estimates Y € [K] from (C,, X). Fano’s inequality (Cover & Thomas,
2006, Theorem 2.10.1) states:

H(Y | Cr, X) < h(Pe(r)) + Pe(r) -log(K —1) (10)
where () denotes the binary entropy function and P,(r) = P(Y(r) # Y).
Step 2: Relax the right-hand side.

Two standard relaxations:

® h(P(r)) <1forall P(r) € [0,1] (binary entropy attains its maximum of 1 bit at
p=1/2).

* log(K—1) <logK forK > 2.
Substituting into (10):
H(Y|Cr/X)§l+Pe(7’)IOgK (11)
Step 3: Express the left-hand side via information decomposition.
By definition, H(Y | C;, X) = H(Y) — I(Y; C;, X). Invoking (A2): H(Y) = log K. Hence:
H(Y | C,,X) =1logK—I1(Y;Cy, X) (12)

By Proposition 4: I(Y;C,, X) = I(Y;X) + I(Y;C, | X). By Proposition 5: I(Y;C, | X) <
1(®; C;). Combining:

1(Y;Cy, X) < I(Y;X) + [(®;C,) (13)
Substituting into (12):

H(Y | G, X) > logK — I(Y; X) — 1(©; C,) (14)

Step 4: Combine and rearrange.

14
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From (11) and (14):
logK—1(Y;X) = 1(®;C,) <H(Y | Cp, X) <1+ Pe(r) -log K
— logK—I(Y;X)—I1(0;Cr) <1+ P(r) -logK
= P(r)-logK>1logK—-I(Y;X) - I(®;C,) — 1
I(Y;X)+1(©;C) +1
log K
where the final line divides both sides by log K > 0 (since K > 2). O

— D(r)>1-— (15)

A.5 Corollary 8: Binary Classification Bound (Expanded Proof)

Claim. When K = 2: P,(r) > h=1(1 - I(Y; X) — I(®;C,)), where k! : [0,1] — [0,1/2] is
the inverse binary entropy on [0,1/2].

Proof. Step 1: Why Theorem 7 is vacuous for K = 2.

When K = 2,log(K — 1) = log 1 = 0. The general bound reduces to P.(r) > 1 — [I(Y; X) +
1(©;Cy) +1]/1og2. Since I(Y; X) + I(©;C;) > 0and log2 = 1 in bits, the right-hand side
is at most zero, yielding only the trivial bound P, > 0. A tighter approach is needed.

Step 2: Apply Fano without relaxation.
For K = 2, Fano’s inequality (10) becomes:
H(Y | Cr, X) < h(Pe(r)) + Pe(r) - log(2 — 1) = h(P.(r)) (16)
T

Hence h(P,(r)) > H(Y | C;, X).
Step 3: Lower-bound the conditional entropy.
From (14) (valid for all K):

H(Y |G, X)>logK—I1(Y;X) — I(®;Cr)
For K = 2: log K = log2 = 1 (in bits), so:

HY|C,X)>1-1(V;X) - 1(©;C) =:

Step 4: Invert the binary entropy.

Combining Steps 2 and 3: h(P.(r)) > a. The binary entropy & : [0,1/2] — [0, 1] is strictly
increasing on [0, 1/2] (since h'(p) = log((1 — p)/p) > 0 for p < 1/2). Therefore h possesses
a well-defined inverse 1! : [0,1] — [0,1/2], and:

Po(r) > hHa) =h 1 (1= 1(Y; X) — I(©;Cr))

provided a € [0,1] (i.e., I(Y; X) + I(©;C,) < 1, which holds when the total information
does not exceed H(Y)).

Step 5: Explicit closed-form bound.

Since i~ ! lacks an elementary closed form, we derive an explicit lower bound. The inequality
h(p) <24/p(1— p) holds for all p € [0,1] (verifiable by comparing derivatives at p = 0 and
invoking concavity). Setting 2/P.(1 — P,) > « and solving:

4P,(1— P,) > o?
P2-P.+% <0
1-vV1—a?
2
taking the smaller root (since P, < 1/2). O

Pe

Y

17)
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A.6 Proposition 9: DPI for Compression

Claim. I(®; C,) < I(©;C), with equality iff C, is a sufficient statistic for ®.
Proof. The compression operator ¢, is deterministic (Definition 3), so C, = ¢,(C) is uniquely
determined by C. The joint distribution factors as:

P(®,C,Cr) = P(©) P(C | ©)1[Cr = ¢/(C)]

This yields P(C, | ©,C) = 1[C, = ¢,(C)] = P(C, | C), establishing ® L C, | C, ie,
©® — C — C, forms a Markov chain.

By the data processing inequality (Cover & Thomas, 2006, Theorem 2.8.1): I[(®;C,) <
1(®;C).

Equality holds iff I(©;C | C;) = 0, meaning C, is sufficient for © with respect to C.
This requires that the discarded tokens C \ C, carry zero information about ® given C,, a
condition that generically fails when r > 0. O

A.7 Corollary 10: Irreducible Error Increase
Claim. LB(r) — LB(0) = [I(®;C) — I(®;C,)]/ logK > 0.

Proof. From Theorem 7:

[(V;X) +1(©;C) +1

LBl =1 fog K (18)
13m>_1_HWX>£§§m3+1 .

where LB(0) uses Cy = C (no compression). Subtracting:

[1(Y;X) +1(0;C) +1] — [I(Y; X) + [(®;C) +1] _ [(8;C) — (©;C)

LB(r) —LB(0) = log K log K

By Proposition 9, I(©;C,) < I(®; C), so the numerator is non-negative. Since log K > 0 for
K > 2: LB(r) > LB(0).

This establishes that compression can only elevate the error lower bound, with the increment
proportional to the information deficit I(®;C) — I(©; C;). O

A.8 Motivation for Hypothesis 15: Compression Sensitivity Ordering

Hypothesis. Under Assumptions 1, 12, and 14: Sp.(6gip) > S1(0arb) > SL(fsem)-

The following analysis provides the information-theoretic motivation for this ordering. Let
Py = P(®) denote the prior, Pc = P(© | C) the full-context posterior, and Pc , =P(O | C-j)
the posterior with token j removed.

Step 1: Exact decomposition of per-token sensitivity.

For any distributions Py, Pc, PC,j over O, direct expansion yields:

Pc_.(0")

D (Pcl|Py) — Dxw.(Pc_[Po) = Dxw(Pcl|Pc_,) +) (Pc(6") — Pc_;(¢")) log W (20)
| T 0
=0 cross term
Verification: expand DKL(PC ||P0) = Y Pc log(Pc/P()) and DKL(PC,]- ||P0) =

LPc log(Pcfj /P); their  difference  equals ) Pclog(Pc/ Pc,j) + Y (Pc —
PC,]‘) log(PC,j/PO)'

16
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The compression sensitivity (Definition 13) is:

L
S.(0) = % X;lEcm [Dx(Pc||Po) — Dxw(Pc_,; || Po)]
=

Step 2: Bounding the two terms.

The first term DKL(PCHPQ].) > 0 is bounded above by B?/2 (Pinsker-type bound from

Assumption 14: removing one token shifts log-odds by at most B). The second (cross) term
is the inner product of the posterior shift AP = Pc — PC,j (which sums to zero) with the
Pc_.(0")

accumulated log-posterior-odds A_;(6') = log W.

The magnitude of the cross term depends on two factors: (i) the norm of AP (how much a
single token perturbs the posterior), and (ii) the magnitude of A_; (how far the posterior

has migrated from the prior).
Step 3: Semantic labels — small sensitivity.
Let 75 = Py(0sem) = 1 — € with € < 1. Because the prior already concentrates on 6sem:

¢ The posterior Pc(6sem) = 1 — €’ with €’ < € (context reinforces the prior).

Pc . (0sem
e The accumulated log-odds: A,]'(Gsem) = log %

shift from a near-unity base).
* For 0 # fsem: Pc_(0') < ¢,50 |[A_j(0")| = |log(€’/e0)| = O(1) where eg = O(e).
e The posterior shift |[AP(6")| = O(B/L) per token (bounded evidence).

€ [-O(B),O(e)] (bounded

—€

The cross term is O(e - B/L) (small shifts x small log-odds). Combined with the KL term
(also O(B?/L?) since the posterior barely moves):

S (6sem) = O(eB/L)

Step 4: Flipped labels — large sensitivity.

Let 7ty = Py(fgip) = 6 with 6 < 1. The context must shift the posterior from ¢ to some
g > 6. By Assumption 14, each token shifts log-odds by at most B, so after L tokens:
log(q/6) < LB, ie., q < delB.

For the cross term at 0" = 0g;p:
Pc_; (Bgip)
(Pc(6fip) — Pc_; (6gip)) - log /ﬁ
The log factor log(Pc_;(6ip) /9) grows as Q(log(q/4)), which is (1) when g >> 4. The

posterior shift per token is Q)(B/L) (each token contributes to overcoming the prior). There-
fore:

1 c
St (Ogip) > EZ]E[DKL(PCHPC_,-H + Zlog%
j

for a constant ¢ > 0 depending on B. Since log(g/6) > e:
SL(eﬂip) > SL(Qsem)

Step 5: Arbitrary labels — intermediate sensitivity.

Let 71, = Py(6arp)- By Assumption 12,6 < 71, < 1 — ¢, so 7, is bounded away from both
extremes. The accumulated log-odds log( Pc (Oarb) / 7T4) satisfies:

PC,j(Bsem)

Pc_;(Oany) P, (Bqip)
logﬁ < log ——" < log —L 2~

T, 1)
~—_— ———
~0 >1

17
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The first inequality holds because 7t; =~ 1 renders the semantic log-odds near zero, while
1t; < 1 necessitates a non-trivial shift. The second holds because § < 77, makes the flipped
log-odds substantially larger.

The cross term scales as ©(log(1/7,)/L), yielding:
SL(Bsem) < Sr.(0arb) < Sr(Onip)

Step 6: Summary.

The ordering is motivated by the following monotonic relationship: lower prior probability
= larger prior-to-posterior gap = larger accumulated log-odds A _; = larger cross term in
(20) = higher compression sensitivity.

From sensitivity ordering to error ordering (Prediction P2). Hypothesis 15 predicts that
per-token information loss follows the ordering Sy (flip) > Sy (arb) > Sy (sem). Combined
with the baseline ordering at r = 0 (Table 1 confirms Accsem > Acca, > Accqi, from the

prior ordering Assumption 12), the error ordering persists and widens with r: semantic labels
start at the highest accuracy and degrade most slowly, while flipped labels start lowest and
degrade fastest. Formally, for any r, > r; > 0:

PP (r2) = PP (1) 2 P (r2) = PE®(r1) 2 B (r2) = P (1)

since the per-step error increment is proportional to the information loss rate, which is
governed by S;. Section 3 verifies this empirically (P2: 94.7% of all checkpoints satisfy the
ordering).

A9 Proposition 19: Convergence at Extreme Compression

Claim. Asr — 1: I(©;C,) — 0, so all methods converge to the prior-only error.

Proof. The compressed context C, retains L’ = | (1 — r)L] tokens, each drawn from the finite
vocabulary V. By the bound I(®; C,) < H(C,) (mutual information cannot exceed marginal
entropy) and H(C,) < L'log|V| (entropy of a sequence is at most the sum of per-token
entropies):

0<I1(©;Cr) < L'log|V|
Asr —1,L" — 0, so by the squeeze theorem I(®; C,) — 0.

Substituting into Theorem 7:
limp(r) >1— (G0 0+ TGX)+1
=l log K log K

This bound is independent of ¢, so all compression methods share the same limiting error

regime. The actual limiting error is the prior-only prediction error PY "or which depends
solely on P(©) and I(Y; X). O

A.10 Proposition 18: Information Misalignment

Claim. Let S, retain the top-(1 — r)L tokens by surprisal h(t;), and S§* =
argmaxs|—(1—y [(®;Cs). Then I(®;Cs:) > 1(0;Cs,), with equality iff Sy is itself
mapping-optimal.

Proof. Step 1: Optimality of S* is definitional.

Let 7 = {1,...,L} and define f(S) = I(®;Cs) for S C J with |S| = L' = (1—r)L. By
definition, S* = argmax g/ f(S) satisfies f(5*) > f(S) for all feasible S, including Sj,.
Equality holds iff S;, € argmax f.

Step 2: hi(t;) and Al; measure different quantities.
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Token-level information h(t;) = —logPrm(t; | t<j) measures how surprising token ¢ is
under the language model’s autoregressive distribution. Mapping contribution Al; =
I(©;t; | C_;) measures how much ¢; helps discriminate among candidate label mappings
6 € supp(P(©)).

These quantities are decoupled because I depends on the marginal token distribution
Prm(t; | t<j), while Al; depends on the conditional P(t; | 6, C_;) across different 6 values.
Concretely:

/Za7i

¢ Label tokens (“positive”, “negative”): common words (h low), but directly encode
© (Al high).

* Rare content words (proper nouns, jargon): surprising (h high), but carry informa-
tion about X not © (Al; low).

* Structural tokens (“Text:”, “Label:”, newlines): highly predictable (h ~ 0), but
anchor input-label pairing (Al; moderate-to-high).

Step 3: Constructive example of strict gap.

Consider L tokens partitioned into: ¢ label tokens with /(t;) < T and I(©; Cpapel) = H(®);
m rare content tokens with /(t;) > T and I(®; Crare | Ciapel) = 0; and remaining tokens.
Choose r so that L = ¢ + m with m > 0.

Sy selects the m rare tokens (highest h) plus L' — m = ¢ tokens from the remaining pool,
potentially excluding some label tokens. S* includes all ¢ label tokens, achieving f(5*) =
H(®). If S, excludes even one label token, f(S;) < H(®) = f(S*), producing a strict

gap. 0

Implicit vs. explicit mapping. Our framework models © as a token-level function [K] — V.
In practice, the “mapping” may encompass semantic alignment between input features and
labels. Our Hg = log K! captures the combinatorial component but may underestimate
total information requirements.

Finite-sample effects. The Fano bound is an asymptotic limit. With finite evaluation sets
(N = 100), observed accuracy may exhibit non-monotonic fluctuations, particularly at
extreme compression ratios.

Binary vs. multi-class bounds. For K > 3, Theorem 7 provides a linear lower bound. For
K = 2, this bound is vacuous and Corollary 8 must be invoked instead, yielding a nonlinear

bound via h~!. The qualitative predictions hold under both.

B Additional Empirical Analysis

Full experiment matrix. Figure 5 displays the full accuracy matrix at r=0.5 spanning all 4
models, 3 tasks, 5 compression methods, and 3 label conditions. The heatmap establishes
that both the label ordering (semantic > arbitrary > flipped) and the structural method
advantage hold uniformly across the entire experimental space.

Cross-family generalization.

Empirical information estimation.

Information-accuracy phase diagram.

Fano bound tightness. Figure 9 juxtaposes the empirical error rate with the Fano lower

bound P, > max(0, H(Y | C;, X) — 1) for binary classification. The bound is tightest under
the arbitrary regime at intermediate compression ratios (r ~ 0.3-0.5), where the model has
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Full Experiment Matrix (r=0.5): 5 Models x 3 Tasks x 5 Methods x 3 Labels

Qwen2.5-1.5B / IMDB

1.0
Qwen2.5-1.58 / SST-2.
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Quwen2 578/ SST2
062
S
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K
z
&
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3
S
04<
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Figure 5: Full experiment matrix at r =0.5. Accuracy across 4 models x 3 tasks x 5 methods
x 3 labels. The label ordering and structural method advantage are consistent throughout.
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Figure 6: Cross-family validation. Label ordering (P2) on Mistral-7B (top) and Gemma-2-2B
(bottom) under random compression. The semantic > arbitrary > flipped ordering holds
across architectures, confirming the generality of the theoretical predictions.

forfeited most contextual information yet the prior supplies little compensatory guidance.
Under semantic labels, the gap remains wide because the strong prior suppresses error even
as conditional entropy climbs.

Information decomposition. Figure 10 visualizes the decomposition H(Y) = I(Y;C; |
X)+ H(Y | Cy, X) as stacked bars at five representative compression ratios. For semantic
labels, contextual information (solid bars) remains substantial even at r = 0.95, reflecting
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Mutual Information
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Figure 7: Empirical information estimation. Estimated [(Y;C, | X) (left), conditional
entropy (center), and accuracy (right) for Qwen2.5-7B on IMDB under random compression.
The mutual information decreases with compression ratio, and the label-condition ordering
matches the accuracy ordering.
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Figure 8: Information-accuracy phase diagram (Qwen2.5-7B, IMDB). Each point corre-
sponds to one compression ratio r; solid markers denote the start (»=0) and hollow markers
denote the end (r = 0.95) of each trajectory. Semantic labels trace a monotonic descent;
arbitrary and flipped labels follow C-shaped paths reflecting prior reversion at extreme
compression.

the prior’s capacity to compensate. For arbitrary labels, contextual information collapses by
r = 0.5, and nearly all of H(Y') converts to conditional entropy (residual uncertainty).

Attention analysis. Figure 11 shows the per-token scatter underlying Table 2. Delimiter
tokens (blue squares) concentrate in the low-#, high-attention quadrant, whereas content
tokens (grey triangles) occupy the opposing high-h, low-attention region. Under arbitrary
labels, label tokens (“Foo”, “Bar”) carry substantially higher surprisal (h =1.92) than their
semantic counterparts (h =0.20), yet receive comparable aggregate attention (0.51 vs. 0.50),
demonstrating that attention allocation and token surprisal are functionally decoupled
across label regimes.

Theory-guided compression curves.
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Figure 9: Fano bound tightness. Actual error (solid) vs. Fano lower bound (dashed) for
Qwen2.5-7B on IMDB. Shaded region indicates the gap between the bound and observed
error. The bound is tightest for arbitrary labels at intermediate compression.

Information Decomposition: H(Y) = I(Y; C,|X) + H(Y|C,, X)

H(Y)=1bit Arbitrary — H(Y|C,, X)
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Figure 10: Information decomposition. Stacked bars showing I(Y; C, | X) (solid) and H(Y |
Cy, X) (translucent) for each label condition. Their sum equals H (Y) = 1bit. Compression
converts contextual information into uncertainty, with the rate depending on the label
condition.

Token Role Analysis: Self-Information vs. Attention Received (Qwen2.5-3B, IMDB)
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Figure 11: Attention analysis (Qwen2.5-3B, IMDB). Each point represents one token; large
markers indicate role means. Delimiter tokens (blue) cluster in the low-#, high-attention re-
gion. PPL-based compression discards the very tokens the model relies on most, confirming
the misalignment between h(t;) and Al; (Proposition 18).
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Figure 12: Theory-guided compression. Accuracy vs. compression ratio for six methods
(Qwen2.5-3B). The attention-guided method (purple, thick line) targets Al; using attention

weight as a proxy, outperforming PPL and self-information methods that optimize h(t;).
Structural methods (head/tail) remain competitive due to positional contiguity preservation.
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