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The key–value (KV) cache is a growing memory bottleneck for long-context autoregressive inference,

but low-bit cache policies are frequently selected from perplexity alone. We implement native packed

mixed-precision KV caching in llama.cpp, including Q3 formats, a four-level non-uniform Q2 value

codebook, direct quantized cache writes, and mixed-format CUDA FlashAttention. A direct key-

precision ablation on Qwen3-4B shows that Q3 keys increase held-out perplexity by approximately

20% and Q2 keys are catastrophic, whereas Q4 and Q8 keys have similar likelihood on the tested

subsets; a 200-example GSM8K pilot nevertheless favors Q8 keys by 13 points, exposing a second

likelihood–behavior mismatch. For values, the conservative Q4K-Q3V policy reduces KV storage by

13.89% and is statistically indistinguishable from Q4K-Q4V on full GSM8K, HumanEval, and MBPP.

The aggressive Q4K-MixV-21 policy reduces KV storage by 20.99% and slightly lowers held-out

perplexity, yet its strict GSM8K accuracy falls by 2.81 points (paired 95% CI  ). At 32K

populated context, it saves 272 MiB of process VRAM. Occupancy-verified RULER experiments from

8K to 32K show task- and context-dependent changes rather than monotonic degradation. Offline

sensitivity analysis further shows that the fixed NU-Q2 codebook is within 1.1% of the deployment-

data MSE optimum and reduces reconstruction MSE by 73.7% relative to uniform Q2. These results

support a two-point deployment frontier and demonstrate that perplexity-preserving KV compression

is not necessarily behavior-preserving.
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1. Introduction

Autoregressive transformers [1] retain a key–value (KV) cache to avoid recomputing prior attention states.

For   layers,   KV heads, head dimension  , context length  , and effective storage costs   and   in

bytes per element, the cache requires

The linear dependence on    makes cache memory increasingly important for long contexts,

concurrency, and consumer GPUs. Grouped-query attention reduces  [2], paged allocation improves

utilization [3], and IO-aware kernels reduce attention traffic [4]; numerical representation remains a direct

lever on memory footprint and bandwidth.

KV-cache quantization has developed rapidly. KIVI introduced asymmetric key/value treatment  [5];

KVQuant combined non-uniform datatypes, outlier handling, and pre-RoPE key quantization  [6]; QAQ

studied quality-adaptive precision  [7]; and later work introduced rotations, sliding windows, layer-wise

allocation, query-aware precision, and rate–distortion optimization  [8][9][10][11][12][13]. KVarN further

shows that low-bit errors can accumulate during reasoning-oriented decoding  [14]. These methods

demonstrate that aggressive KV compression is possible, while also making comparisons difficult:

published systems differ in model family, bit accounting, calibration, quantization axis, outlier storage,

kernels, and benchmark harness.

This work focuses on a deployment-oriented question: what quality–memory frontier is obtained when

mixed cache types are implemented natively inside llama.cpp [15] and evaluated beyond perplexity on

an 8-GB consumer GPU? We do not claim numerical superiority over published methods that were not

rerun under the same model and runtime. Instead, we contribute:

native packed Q3 and non-uniform Q2 value formats across the relevant GGML, CPU, cache-write, and

CUDA attention paths;

a direct key-precision ablation showing that Q4 is the practical key floor under the tested scalar

formats, while Q8 can retain more reasoning behavior at much higher storage cost;

a conservative 13.89%-saving value policy that is statistically indistinguishable from Q4 values on the

tested downstream tasks, and an aggressive 20.99%-saving policy that preserves perplexity but

reduces mathematical reasoning;

L Hkv d T bK bV

(T ) = TL d( + ).BKV Hkv bK bV (1)

T

Hkv
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calibration, long-context uncertainty, and correctness analyses that expose several initially invalid

experiment paths rather than hiding them.

Figure 1. System overview. Policy selection is offline. At inference, each layer writes directly into its packed

cache representation and the selected CUDA attention path consumes mixed K/V types without materializing

a full FP16 cache.

2. Related Work and Scope

Asymmetric quantization.

Keys determine attention scores, whereas values are aggregated after the softmax. Prior work reports

different outlier structure and preferred axes for the two tensors [5][6][7]. Our direct ablation in section 5.1

confirms strong asymmetry for the tested Qwen3-4B runtime: reducing keys from Q4 to Q3-64 increases

perplexity by roughly 20%, while reducing values from Q4 to Q3-64 does not measurably reduce

downstream accuracy.

Mixed precision and calibration.

KVTuner searches layer-wise key/value pairs  [10], KVmix uses gradient-based layer importance  [11],

MixKVQ includes query relevance  [12], and RateQuant calibrates quantizer-specific distortion curves

before rate allocation [13]. Our policy is deliberately coarser: values are assigned one of three native packed

formats per layer. This sacrifices allocation flexibility in exchange for a simple static runtime layout and

direct integration with llama.cpp.

Why no numerical head-to-head.

KIVI, KVQuant, QAQ, MixKVQ, KVarN, and RateQuant use different base models, average-bit definitions,

quantization granularity, transforms, outlier budgets, and serving stacks. Copying their reported scores

into a common table would not create a controlled comparison, and a rushed reimplementation would be
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less credible than an explicit limitation. We therefore compare method properties in the discussion, but

restrict numerical claims to policies run through the same model file, binaries, datasets, and harnesses.

Evaluation beyond perplexity.

RULER [16], GSM8K [17], HumanEval [18], MBPP [19], and TruthfulQA [20] complement held-out likelihood.

LongBench [21] could not be executed in the available environment and is reported as missing evidence

rather than replaced by a claim of equivalent coverage.

3. Design

3.1. Packed formats

Table 1 reports physical storage, including one FP16 scale per block. The custom NU-Q2 format uses the

64-element Q2 layout but changes the reproduction levels; Q3-64 reduces scale overhead relative to the

32-element Q3 block.

Format Values Payload Total Eff. bpv

Q2 / NU-Q2 64 16 B 18 B 2.25

Q3 32 12 B 14 B 3.50

Q3-64 64 24 B 26 B 3.25

Q4 32 16 B 18 B 4.50

Q8 32 32 B 34 B 8.50

Table 1. Packed cache formats. Payload excludes the FP16 scale.

For a block scale   and index  , NU-Q2 reconstructss i ∈ {0, 1, 2, 3}

x̂

c

= s ,ci

= (−0.619326, −0.186363,

0.186363, 0.619301).

(2)
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The codebook was derived from a modeled clipped Gaussian in block-normalized space, not fitted to

captured deployment activations. The adjacent midpoint thresholds are approximately 

. Offline analysis on rotated deployment values later found the fixed levels to be

within 1.1% of the runtime-MSE optimum and stable across calibration sizes and text/code windows

(section 6.2).

3.2. Layer policies and byte accounting

For Qwen3-4B,  ,  , and  , giving 1,024 key and 1,024 value elements per layer and

token. Effective costs are 0.5625 B/element for Q4, 0.40625 for Q3-64, and 0.28125 for the 64-element Q2

layout. The resulting core policies are shown in table 2.

Policy B/token Relative Saving

Q8K-Q8V 78,336 1.889 –

Q4K-Q4V 41,472 1.000 0.00%

Q4K-Q3V 35,712 0.861 13.89%

Q4K-MixV-21 32,768 0.790 20.99%

All-NU-Q2 V 31,104 0.750 25.00%

Uniform-Q2 V 31,104 0.750 25.00%

Table 2. Total K+V storage per token. “Relative” is versus Q4K-Q4V.

All paper policies keep keys at Q4 except explicit key-precision controls. Q4K-Q3V uses Q3-64 values in all

layers. C2 protects value layers   at Q4, uses Q3-64 at  , and assigns NU-Q2 to the

remaining 28 layers.

3.3. Native execution path

The implementation adds type traits, CPU quantize/dequantize functions, CUDA dequantizers, vector-dot

kernels, row write/read operations, and mixed K V FlashAttention dispatch. Per-layer cache types are

(−0.402845, 0, 0.402832)

L = 36 = 8Hkv d = 128

×

×

×

×

×

×

{0, 7, 20, 23} {9, 14, 16, 34}

×
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validated before packed buffers are allocated and are written directly into the GPU cache, without a

persistent full-precision mirror or a CPU/disk memory tier. The production CUDA paths are Q4K Q4V,

Q4K Q3-64V, and Q4K NU-Q2V. Quantized values require FlashAttention, and unsupported

combinations fail explicitly. A dispatch gap prevents K=Q3-64, V=Q4 from using the fused path, so that

pair is used only in the controlled perplexity ablation with FlashAttention disabled.

4. Experimental Methodology

4.1. Models and hardware

The primary model is Qwen3-4B-Instruct with Q4_K_M weights [22]. Same-family evidence uses Qwen3-

1.7B, and cross-family transfer uses Llama-3.2-1B-Instruct. All primary experiments ran on one NVIDIA

RTX 3070 Laptop GPU with 8 GB VRAM. The environment records CUDA toolkit 13.3, driver 610.43.03,

CMake 4.4.0, Python 3.13, and an Intel i7-12700H. No second GPU, multi-GPU configuration, or non-CUDA

backend was tested.

4.2. Data separation and likelihood evaluation

Calibration, policy selection, and final evaluation use disjoint files. Final WikiText-derived  [23]  and

OpenWebText-derived  [24]  test files were not used to define the codebook or layer map. The primary

frontier uses context 4,096 and reports aggregate PPL over 149,431 and 542,455 scored tokens. A separate

paired OpenWebText chunk analysis is used only for its paired confidence interval. The key-precision

ablation uses a fixed first-64-chunk subset at context 2,047 and is not numerically mixed with the

primary PPL table.

4.3. Downstream and long-context evaluation

GSM8K uses strict first-attempt exact match over 1,319 examples. HumanEval and MBPP use

deterministic pass@1 over 164 and 500 examples. TruthfulQA reports mean bleu_max over 817 examples

and is treated as supporting evidence.

The final RULER matrix contains four policies, five tasks, and 8K, 16K, and 32K contexts with 100

examples per cell. No cell has a null output, truncation, or prompt-occupancy violation. RULER evaluates

task quality through 32K. The systems evaluation reports populated-context behavior through 32K.

Analytical cache accounting is also reported at 64K, while task quality and decode throughput are not

×

× ×
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claimed at that length. Native fractional scores are analyzed with paired bootstrap intervals. A secondary

thresholded pass/fail analysis is reported separately where relevant and is never substituted for the native

score.

4.4. Statistics

Shared benchmark examples are paired. We report exact two-sided McNemar tests for binary outcomes

and paired percentile-bootstrap 95% confidence intervals for score differences. The central Q4K-Q3V

family includes GSM8K, HumanEval, MBPP, and 15 RULER cells; Holm correction is applied within that

declared family. Exploratory all-policy comparisons are not promoted to confirmatory claims.

5. Results

5.1. Keys are more sensitive than values

Tables  3 and  2 closes the design gap that previously motivated Q4 keys only qualitatively. With values

fixed at Q4, Q3-64 keys increase PPL by 19.6% on the Wiki subset and 20.1% on the OWT subset. Q2 keys

are catastrophic, reaching PPL 2,151.9 on the 16-chunk gate. Q8 and Q4 keys are close in subset PPL, but a

200-example GSM8K pilot favors Q8 keys by 13.0 points (paired CI  , McNemar  ).

Key type Wiki PPL OWT PPL GSM8K-200

Q8 12.3683 20.3589 77.5%

Q4 12.3227 20.3030 64.5%

Q3-64 14.7401 24.3900 not run

Q2 2,151.9† – stopped

Table 3. Key-precision ablation with Q4 values fixed. PPL uses 64 chunks at context 2,047; Q2 is a 16-chunk

stop gate.

†  Sixteen Wiki chunks; 174.6  Q4 PPL. Q3-key GSM8K was not run because the fused-attention dispatch lacks

K=Q3-64, V=Q4.

[6, 20] p = 0.0007

×
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Figure 2. Q4 is the practical key floor under the tested scalar formats, but Q8 keys retain substantially more

GSM8K accuracy in the bounded pilot. Similar PPL is therefore not evidence of behavioral equivalence even on

the key axis.

The scoped conclusion is not that four bits are universally sufficient. It is that Q3 and Q2 keys are

unsuitable for the tested memory-efficient scalar path, while Q8 represents a larger quality-oriented

reference.

5.2. The main frontier separates likelihood from reasoning

Tables 4 and 3 presents the primary Qwen3-4B policies. Q4K-Q3V saves 13.89% and changes Wiki/OWT

PPL by only  . C2 saves 20.99% and slightly improves both aggregate PPL values. All-

layer non-uniform Q2 is materially better than uniform Q2 at identical storage, but it still degrades

downstream quality.

+0.43%/ + 0.33%
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Cache policy KV B/token Save Wiki PPL OWT PPL GSM8K HumanEval MBPP TQA BLEU

Q8K-Q8V 78,336 – 12.2680 18.5222 75.21 76.83 53.80 13.73

Q4K-Q4V 41,472 0.00% 12.2919 18.4667 65.43 71.34 51.80 11.39

Q4K-Q3V 35,712 13.89% 12.3452 18.5276 67.10 73.17 52.60 –

Q4K-MixV-21 32,768 20.99% 12.2435 18.3585 62.62 71.95 50.60 11.94

All-NU-Q2 V 31,104 25.00% 12.5368 18.7619 58.53 65.85 48.00 11.12

Uniform-Q2 V 31,104 25.00% 15.1708 23.5082 31.01 65.85 30.80 7.79

Table 4. Primary Qwen3-4B quality–memory frontier. All rows use the same Q4_K_M weight model. Task

scores are percentages.

Figure 3. The likelihood and reasoning frontiers disagree. C2 is favorable under PPL but worse on GSM8K,

while uniform Q2 collapses both.

The paired downstream comparison in table 5 supports conservative wording for Q4K-Q3V. Its positive

point estimates on GSM8K, HumanEval, and MBPP are statistically unresolved. We therefore call it

quality-preserving in the tested samples, not quality-improving.
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Task  (pp) 95% CI McNemar 

GSM8K +1.67 0.249

HumanEval +1.83 0.728

MBPP +0.80 0.741

Table 5. Paired Q4K-Q3V minus Q4K-Q4V differences. Confidence intervals are paired bootstrap intervals.

C2 demonstrates the central mismatch. Strict GSM8K falls by 2.81 points relative to Q4K-Q4V; the paired

CI is   and exact McNemar  . This is a borderline pre-specified result and would

not survive an indiscriminate correction over every benchmark cell, but it is directionally consistent with

the larger Q8-to-Q4 key pilot and with recent work on error accumulation  [14]. HumanEval changes by 

 point and MBPP by   points, with both intervals including zero.

5.3. Long-context effects are task- and length-dependent

Figure 4 replaces the dense five-panel line plot with native-score deltas and paired uncertainty. Q4K-Q3V

improves multi-key retrieval by 12.0 points at 8K (CI  ) and 4.5 points at 16K (CI  ); the

latter effect is similar in magnitude to the empirical self-resampling noise floor and should be treated

cautiously. At 32K its multi-key difference is   point with an interval spanning zero.

C2 increases native variable-tracking score by 26 and 60 points at 8K and 16K, while its 32K difference is 

  points. Its native multi-key deltas are  ,  , and    points. The 32K native fractional

interval includes zero, although a separate thresholded pass/fail analysis detects a significant reversal (

). These are distinct metrics and are not presented interchangeably.

Δ p

[−1.06, 4.32]

[−4.88, 8.54]

[−2.80, 4.40]

[−5.53, −0.08] p = 0.047

+0.61 −1.20

[8.0, 16.0] [0.25, 8.5]

−0.25

−2 +6.5 +2.5 −3.25

p = 0.0013
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Figure 4. Native RULER score deltas versus Q4K-Q4V (100 paired examples per cell). Borders indicate that the

paired 95% bootstrap interval excludes zero; they do not imply survival of every multiple-comparison

correction. The response to quantization is non-monotonic.

The large positive cells must not be interpreted as compression increasing intelligence. Deterministic

quantization changes token trajectories, and finite benchmark cells can move in either direction. The

defensible conclusion is that stable PPL does not imply stable long-context behavior.

5.4. Memory savings translate into process VRAM

The byte model predicts an 8,704 B/token gap between Q4K-Q4V and C2. Measured process-VRAM

differences are 18, 34, 68, 136, and 272 MiB at 2K, 4K, 8K, 16K, and 32K populated contexts. At 32K, peak

process VRAM falls from 4,188 to 3,916 MiB. The 6.5% process-level reduction is smaller than the 20.99%

KV-only saving because weights and other buffers are unchanged.
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Figure 5. Systems results on the RTX 3070 Laptop. C2’s process-VRAM advantage scales linearly with

populated context; prompt-processing and generation throughput decrease by roughly 1–3%.

Prompt-processing throughput is 2.7%, 2.5%, and 1.4% lower at batch sizes 1, 2, and 4. Generation

throughput is 2.3%, 1.1%, and 1.0% lower. Two-slot latency rises by approximately 1.1%, and warm cache-

reuse latency changes from 0.664 to 0.674 s.

6. Ablations and Transfer

6.1. The non-uniform codebook is load-bearing

At identical all-Q2 storage, uniform Q2 produces Wiki/OWT PPL 15.1708/23.5082, whereas NU-Q2

produces 12.5368/18.7619. The end-to-end difference is supported by separate binary hashes and distinct

output fingerprints, avoiding an earlier phantom-control failure in which both settings used the same

kernel.

6.2. Calibration robustness

The fixed codebook was designed from a clipped Gaussian rather than captured deployment values. To

test fragility, eight post-rotation value windows (six text, two code) were refit using whole quantization

blocks and the runtime scale convention. Across 12 size/seed fits, maximum level drift is 0.0371 in

normalized units. The fixed codebook’s MSE is 1.008–1.011 times the fitted optimum, and text/code fits
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select the same rounded levels. On real deployment captures, NU-Q2 reduces reconstruction MSE by

73.7% relative to uniform Q2; the larger 96% figure applies only to the design Gaussian.

Figure 6. Calibration sensitivity. The fitted levels are stable from 12.5% to 100% of the available windows, and

the fixed codebook remains within 1.1% of the runtime-MSE optimum.

6.3. Layer selection is useful, not optimal

At the 21% budget, C2 beats 30 of 32 random equal-memory maps on the selection PPL, but random-23

(exploratory/post-hoc) performs better. The heuristic is therefore informative but not globally optimal,

and exact layer placement remains a search problem. The main conclusions depend more strongly on the

precision budget and codebook choice than on claiming an optimal map.

6.4. Transfer does not establish generality

On Qwen3-1.7B, a transferred C2-style policy lowers paired Wiki PPL from 18.4777 to 16.6803 and OWT

PPL from 23.4825 to 22.3532, but GSM8K falls from 65.43% to 62.02%. This repeats the likelihood–

behavior mismatch at smaller scale. On Llama-3.2-1B, Qwen-derived and heuristic maps remain worse

than the Q4 baseline; no Llama-specific Lloyd–Max codebook was fitted. These experiments are transfer

probes, not evidence of broad family generalization.
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7. Correctness, Failures, and Reproducibility

Validation includes packing round trips, CPU/CUDA parity, row writes, mixed-attention checks, backend-

operation tests, end-to-end inference, and Compute Sanitizer. The reported Q4K–Q3V, C2, and all-NU-Q2

value paths complete without selected-path test or sanitizer failures. Invalid policy configurations

terminate explicitly rather than falling back silently.

A central methodological contribution is the explicit failure ledger in table  6. Several initially plausible

results were invalid and were replaced rather than rationalized.
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Issue  Symptom  Fix / verification  Impact on evidence 

Q2 packed-

index bug 

Potential out-of-bounds access

for positions within a 64-value

block 

Corrected byte/bit indexing;

dedicated boundary tests and

sanitizer runs 

Earlier affected kernels

invalidated; final selected

path re-run 

Missing C2

runtime map 

Mixed policy could silently

execute as uniform Q4 values 

Use an explicit validated per-

layer map and verify the

resolved runtime types 

RULER matrix restarted

before any C2 cell was

accepted 

Short “long-

context”

prompts 

Nominal 8K–64K cells contained

only hundreds of tokens 

Rebuilt generators; enforced

occupancy and truncation

audits 

Earlier results discarded; the

8K–32K matrix was

regenerated 

Code harness

floor 

HumanEval/MBPP near zero for

every policy 

Corrected chat tasks, stop

strings, fence extraction, and

execution harness 

Full 164/500-example code

results regenerated 

Uniform-Q2

phantom 

Uniform control silently reused

non-uniform kernels 

Separate binaries with distinct

hashes and logit fingerprints 

NU-vs-uniform ablation

rerun end-to-end 

Calibration

metric errors 

Offline refits reported large false

gaps or degenerate levels 

Use runtime scale, whole

blocks, and global grid-refine

optimizer 

Calibration robustness

results regenerated; fixed

codebook within 1.1% 

Q3-key FA

dispatch gap 

K=Q3-64, V=Q4 crashes in the

fused path 

Exclude that pair from fused

downstream runs; use non-FA

PPL only 

Key ablation is scoped; no

Q3-key GSM8K claim 

Table 6. High-impact failures discovered during the study. “Impact” states how the paper evidence changed.

All reported results use the corrected implementation and validated cache policies.

8. Deployment Guidance

Table 7 turns the two-point frontier into an explicit decision rule.
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Workload  Policy  Save Guidance 

Reason/code sensitive  Q4K-Q3V  13.9% No resolved decline on the three tested tasks 

Capacity constrained  Q4K-MixV-21  21.0% PPL favorable; GSM8K and context-specific RULER risk 

Maximum compression study  All-NU-Q2 V  25.0% Better than uniform Q2; downstream loss remains 

Avoid  Uniform-Q2 V  25.0% Severe likelihood and downstream degradation 

Table 7. Practical policy selection under the tested Qwen3-4B setting.

9. Limitations

The primary frontier is Qwen3-4B on a single RTX 3070 Laptop GPU. No 7B/8B primary model, second

GPU architecture, multi-GPU setup, or non-CUDA backend is evaluated.

No published KV quantizer is reimplemented head-to-head. Cross-paper scores are not treated as

controlled baselines because bit accounting, transforms, models, kernels, and harnesses differ.

The key-precision PPL ablation uses 64 chunks at context 2,047, and its GSM8K result is a 200-

example Q8/Q4 pilot. The Q3-key fused path remains unsupported.

RULER task quality and measured decode performance are evaluated through 32K, and LongBench

could not be executed. Analytical cache accounting extends to 64K, but no 64K task-quality claim is

made.

TruthfulQA uses bleu_max, and long free-generation degeneration is based on one prompt per task;

both are supporting rather than headline evidence.

The static codebook is not per-model data-optimal, although it is near-optimal on the tested

deployment captures. Policy maps are static per layer, and random search found competitive maps.

Qwen3-1.7B and Llama-3.2-1B are limited transfer probes. They do not establish cross-family or large-

scale generality.

Uniform Q2 is evaluated as a negative control but is not supported by the production CUDA path; the

primary policies use Q4, Q3-64, and NU-Q2 cache types.
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10. Conclusion

Native mixed-precision KV caching can reduce memory in a real consumer-GPU inference stack, but the

safe precision depends on the behavior being protected. Keys are particularly sensitive: Q3 and Q2 keys

damage likelihood severely, while Q8 keys retain more GSM8K behavior than Q4 in a bounded pilot.

Values permit a useful frontier. Q4K-Q3V saves 13.89% and is statistically indistinguishable from Q4K-

Q4V on the tested reasoning and code benchmarks. C2 saves 20.99% and slightly improves measured

PPL, yet loses 2.81 GSM8K points and changes long-context task behavior non-monotonically. The

practical lesson is direct: select cache precision with downstream and long-context evidence, not

perplexity alone.

Appendix A. Full Policy Definitions

Policy
KV

B/token
Saving Value precision map 

Q4K-Q4V 41,472 0.00% Q4 at layers 0–35 

Q4K-Q3V 35,712 13.89% Q3-64 at layers 0–35 

Q4K-MixV-

21
32,768 20.99% Q4: 0,7,20,23; Q3-64: 9,14,16,34; NU-Q2: remaining 28 layers 

Random-23 32,768 20.99%
Exploratory/post-hoc; Q4: 0,9,13,20; Q3-64: 3,4,5,6; NU-Q2: remaining 28

layers 

All-NU-Q2 31,104 25.00% NU-Q2 at layers 0–35 

Uniform-Q2 31,104 25.00% Uniform Q2 at layers 0–35 

Table 8. Canonical primary policies for Qwen3-4B. Value-layer indices are zero-based.
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Appendix B. Complete RULER Scores

Policy Task 8K 16K 32K Policy Task 8K 16K 32K

Q4K-Q4V

Single key 100 100 100 Q4K-Q3V Single key 100 100 100

Multi-key 32.75 35.25 49.25 Multi-key 44.75 39.75 49.00

Variable tracking 52 7 99 Variable tracking 61 14 100

Multi-hop QA 19 16 23 Multi-hop QA 19 14 20

Common words 79 87 92 Common words 81 86 90

C2

Single key 99 100 100 Random-23 Single key 99 100 100

Multi-key 39.25 37.75 46.00 Multi-key 40.25 43.25 42.50

Variable tracking 78 67 97 Variable tracking 70 57 100

Multi-hop QA 23 13 22 Multi-hop QA 20 10 14

Common words 88 94 98 Common words 87 92 97

Table 9. Occupancy-verified native RULER task scores (%). Each cell has 100 examples.

Appendix C. Supporting Transfer and Generation Evidence

On Qwen3-1.7B, the C2-style policy improves paired Wiki/OWT PPL but reduces GSM8K. On Llama-3.2-1B,

all transferred or heuristic low-bit policies remain worse than Q4 values; no Llama-specific codebook

was fitted. These results support the mismatch thesis but not a generalization claim.

Both Q4K-Q4V and C2 loop on a 4K-token greedy story prompt. C2 is worse on the single code-generation

probe. Because there is one prompt per condition, these outputs are archived as failure cases rather than

aggregate quality metrics.
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