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ABSTRACT

We propose Residual Stream Context Encoding (RSCE), a training-free method that
eliminates redundant long-context prefill costs in retrieval-augmented generation.
Given a context document ctx, RSCE extracts a vector C ∈ RdM by mean-
pooling residual stream activations at a calibrated intermediate layer f(M), then
injects it as an additive shift at query time—replacing O(|T (ctx)|) attention prefill
with an O(1) operation with zero per-query context forward pass. For tasks
requiring factual precision, we pair C with a compact explicit fact block F , forming
a dual-channel representation amortized across N ≥ 2 queries. We evaluate
five decoder-only architectures (7B–70B) on multi-document QA (LongBench,
n = 108) and six architectures on cross-file code completion (RepoBench-C),
comparing against LongLLMLingua and EHPC. A key mechanistic finding: vector
injection alone suppresses parametric recall below the question-only baseline—a
dual-pathway interference effect absent in behavioral steering that motivates the
dual-channel design. At extreme compression (∼99% token reduction), RSCE
Vec+F is competitive with EHPC on smaller architectures (LLaMA-8B F1 0.333
vs. EHPC 0.334; DeepSeek-14B both 0.214) while both substantially outperform
LongLLMLingua (0.209, 0.172). On larger models, EHPC’s capacity-scaling
token selection widens the gap, reaching F1 0.539 vs. RSCE 0.365 on LLaMA-
70B—a finding we explain through model capacity scaling of in-context reasoning.
On RepoBench-C, LongLLMLingua substantially improves over baseline via
compression-as-retrieval; RSCE is the only method achieving 81% compression
at 100% operational reliability. Code is available at https://anonymous.
4open.science/r/RSCE-2E4C/.

1 INTRODUCTION

Retrieval-augmented generation architectures prepend long context documents ctx to user queries.
Processing 1,000–8,000 tokens dominates inference compute. For repeated queries over static
contexts—API documentation, codebase modules, legal corpora—this cost is incurred redundantly
on every interaction.

We propose Residual Stream Context Encoding (RSCE), which encodes ctx into a fixed vector
C ∈ RdM via mean-pooling the residual stream at an empirically calibrated layer f(M), then injects
C as an additive shift at query time, bypassing explicit token prefill entirely. A dual-channel design
pairs C with a minimal explicit fact block F to compensate for mean-pooling’s loss of token-level
precision.

Hard-prompt compressors (Jiang et al., 2023; 2024; Fei et al., 2025) select and delete tokens but still
require a per-query forward pass and face a quality floor at extreme ratios. Trained soft-compression
methods (Cheng et al., 2024; Ge et al., 2024; Chevalier et al., 2023) require auxiliary supervision
and restrict plug-and-play deployment. Activation steering methods (Liu et al., 2024b; Todd et al.,
2024) inject computed vectors to encode task demonstrations or behavioral abstractions—but not
factual document content. RSCE applies the same injection mechanism to a qualitatively different
problem. The failure mode we uncover (Vec < Q-only) has no analog in behavioral steering, where
injected vectors augment performance monotonically. It arises from dual-pathway interference: the
vector engages contextual retrieval circuitry without providing token-level grounding, suppressing
parametric recall without adequate compensation. This motivates the complementary fact block.
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We make the following contributions. (1) RSCE: a training-free, O(1) amortized context encoding
method with zero per-query context prefill and 100% operational reliability. (2) We confirm across
five architectures that vector injection alone suppresses parametric recall; the fact block is constitutive,
not supplementary. (3) We provide a full multi-model, multi-method comparison at matched extreme
compression, revealing a capacity-scaling effect where EHPC’s advantage over RSCE grows with
model size—while RSCE retains its per-query compute and reliability guarantees. (4) We offer a
compression-as-retrieval explanation for LongLLMLingua’s strong code performance, grounded in
the lost-in-the-middle literature (Liu et al., 2024a).

2 RELATED WORK

Jiang et al. (2023) and Li et al. (2023b) use perplexity-based token scoring. Jiang et al. (2024) adds
question-aware contrastive perplexity and document reordering. Fei et al. (2025) identifies “evaluator
heads” whose attention scores locate important tokens at 0.88s latency—current state-of-the-art
training-free hard-prompt compression. All still require a per-query prefill and face a quality floor at
extreme compression (Li et al., 2025).

Zhang et al. (2023), Xiao et al. (2024), and Li et al. (2024) evict low-importance KV entries within a
single pass but do not produce persistent reusable representations.

Ge et al. (2024), Chevalier et al. (2023), and Mu et al. (2023) train encoder modules for soft
embeddings. Cheng et al. (2024) projects dense retriever embeddings through a trained MLP
bridge. Feldman & Artzi (2025) validates mean-pooling of hidden states as superior to alternative
soft-compression architectures—but requires training, whereas RSCE is entirely training-free.

Turner et al. (2023), Li et al. (2023a), and Zou et al. (2023) steer behavior via hidden state pertur-
bations. Liu et al. (2024b) and Todd et al. (2024) demonstrate that intermediate-activation vectors
encode task abstractions when injected additively, exploiting the residual stream’s role as a shared
additive communication channel (Elhage et al., 2021). The linear representation hypothesis (Park
et al., 2024) formalizes why additive injection shifts downstream computation: high-level concepts
are encoded as linear directions in activation space, making additive injection structurally equivalent
to shifting the model’s belief state (Shai et al., 2024). RSCE shares this mechanism but targets factual
document content, uncovering a parametric-memory interference effect absent in behavioral steering.

When models receive external context signals that conflict with or are noisier than parametric
knowledge, performance can degrade below the no-context baseline (Longpre et al., 2021; Mallen
et al., 2023; Shi et al., 2023). This literature directly motivates our Vec < Q-only finding.

3 METHOD

3.1 FORMAL SPECIFICATION

Let M be a decoder-only transformer, T a tokenizer, and P a prompt string. The residual context
encoding is:

g(M, ctx) = mp(resM (ctx, f(M))) =
1

|T (ctx)|

|T (ctx)|∑
i=1

Hi ∈ RdM

where H ∈ R|T (ctx)|×dM are the residual stream hidden states at layer f(M). Concepts are encoded
as linear directions in residual stream space (Park et al., 2024), making mean-pooling a structure-
preserving operation over the document’s distributed semantic content. The aggregation produces a
document-level representation analogous to a belief state (Shai et al., 2024)—structurally distinct
from sentence-level embeddings but grounded in the same geometric principles validated in the
sentence embedding literature (Reimers & Gurevych, 2019).

During inference, the input is T (F ⊕ P ) only. At layer f(M), prior to its attention and feed-forward
sublayers, C is added uniformly: H ′

i ← Hi + α · C ∀i, with α = 1.0 (held-out calibration). The
transformer residual stream is architecturally designed around additive writes from all components
(Elhage et al., 2021); this external injection is structurally indistinguishable from an internal layer’s
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contribution. The break-even query count is N∗ = Tsetup/(Tbaseline − Tquery) ≤ 1.1 for both evaluated
domains; RSCE is net-beneficial after a single additional query.

3.2 FACT BLOCK CONSTRUCTION

Mean-pooling preserves global semantic directions but irreversibly destroys token identities and
sequential precision—the factual grounding required for multi-hop entity resolution. The fact block
F restores this precision without reintroducing the full document’s compute cost. For QA: capitalised
multi-word proper nouns, four-digit year tokens, and numeric values; top-15 by appearance prepended
as Facts: e1; e2; ... For code: BM25Okapi retrieval over function signatures, class decla-
rations, import statements, and SCREAMING SNAKE CASE constants; top-5 by relevance to the
last 200 local-context characters. The two channels are structurally complementary: C provides the
global semantic frame that contextualizes the query, while F supplies precise named-entity anchors
that attention heads can resolve against.

3.3 INJECTION LAYER CALIBRATION

We determine f(M) per architecture by sweeping layers in [nlayers/4, 0.85 · nlayers] at stride 2 on
10 calibration examples. Table 1 summarizes the results. Optimal depth varies substantially across
architectures: Mistral’s sliding-window attention forces rapid shallow consolidation of global seman-
tics (25% depth), while larger full-attention models require deeper processing before residual states
encode sufficient content (47–62%). This is consistent with observations that attention mechanism
design governs how quickly semantic information propagates through depth (Gromov et al., 2024).

Table 1: Calibrated injection layers. †DeepSeek-R1-Distill uses layer 29 (60%) for code. ‡Calibrated
on RepoBench-C EditSim (n = 20).

Model nlayers dM f(M) Depth Calib. Score

LLaMA-3.1 8B 32 4096 14 44% 0.096
Qwen2.5 7B 28 3584 17 61% 0.105
Mistral Small 24B 40 5120 10 25% 0.312
DeepSeek-R1 14B† 48 5120 12 25% 0.085
DeepSeek-LLM 67B‡ 95 8192 45 47% 0.382
LLaMA-3.1 70B‡ 80 8192 50 62% 0.371

4 EXPERIMENTAL DESIGN

We use six instruction-tuned architectures in bfloat16 on NVIDIA H100 80GB GPUs: LLaMA-3.1
8B, Qwen2.5 7B, DeepSeek-R1-Distill 14B, Mistral Small 24B, DeepSeek-LLM 67B Chat, and
LLaMA-3.1 70B Instruct. All six are used for RepoBench-C; QA evaluation uses five (all except
DeepSeek-LLM 67B, which lacks instruction-following calibration for the QA prompt format). Code
is available at https://anonymous.4open.science/r/RSCE-2E4C/.

We sample n = 108 QA examples (HotpotQA: 17, 2WikiMultiHopQA: 91), filtering for 200–
12,000-word contexts (Bai et al., 2024). All five models and all baselines are evaluated on identical
samples. Average baseline length is ≈8,700 tokens vs. ≈52 for Vec+F (>99% reduction). Metrics:
SQuAD-style Token F1 and Exact Match substring containment.

For RepoBench-C, we use n = 200 samples per model from
tianyang/repobench python v1.1 cross file first, seed 42 (Liu et al., 2024c).
RSCE compresses only the cross-file context; local context passes verbatim. Metric: character-level
Edit Similarity.

LongLLMLingua (Jiang et al., 2024) uses a separate Llama-2-7b-hf compressor (standard EMI
configuration). EHPC (Fei et al., 2025) is implemented in NMI mode with targeted forward hooks
and top-8 evaluator heads per model from a 50-probe NIAH pilot. Both are evaluated at 4×, 10×, and
token-matched budgets (≈52 tokens QA / ≈963 tokens code). All methods share identical prompt
templates and generation parameters (greedy, max new tokens=50). See Appendix A.
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5 FINDINGS

5.1 QA: DUAL-CHANNEL MECHANISM AND CROSS-METHOD COMPARISON

Table 2 reports all conditions for LLaMA-3.1-8B. Table 3 extends the matched-compression compari-
son to all five QA architectures.

Table 2: LLaMA-3.1-8B QA results (n = 108, all conditions on identical samples). Horizontal rule
separates moderate from extreme compression.

Method Setting F1 EM TokRed

Baseline full context 0.410 67.6% 0%
EHPC 4× (2,175 tok) 0.400 67.6% 74.5%
LongLLMLingua 4× (2,175 tok) 0.377 62.0% 74.8%
EHPC 10× (870 tok) 0.409 60.2% 89.4%
LongLLMLingua 10× (870 tok) 0.294 50.0% 88.6%
EHPC 2,048 tok 0.367 71.3% 49.1%

Q-only no context 0.286 35.2% 99.4%
RSCE Vec — 0.252 29.6% 99.4%
LongLLMLingua Matched (52 tok) 0.209 32.4% 95.9%
EHPC Matched (52 tok) 0.334 48.1% 98.0%
RSCE Vec+F O(1) amortized 0.333 29.6% 99.4%

Table 3: Cross-model matched-compression comparison (n = 108 all models). Retention = Vec+F
F1 / Baseline F1. EHPC and LongLLMLingua TokRed ≈98% and ≈96% respectively; RSCE
≈99.4%. ⋆Qwen inverse fact-block effect (Vec+F < Q-only); see text. †No LongLLMLingua run for
LLaMA-70B.

Model Baseline RSCE Vec+F Retention EHPC LLMLingua

LLaMA-3.1 8B 0.410 0.333 81% 0.334 0.209
Qwen2.5 7B 0.153 0.094⋆ 61% 0.145 0.078
DeepSeek-R1 14B 0.342 0.214 63% 0.214 0.172
Mistral 24B 0.548 0.353 64% 0.442 0.235
LLaMA-3.1 70B 0.604 0.365 60% 0.539 —†

Four findings emerge from these results.

Vec injection suppresses parametric memory in most architectures. On LLaMA-8B (0.252 vs. Q-
only 0.286), Mistral-24B (0.230 vs. 0.243), and LLaMA-70B (0.278 vs. 0.302), Vec falls below
Q-only. DeepSeek-R1-14B shows Vec tied with Q-only (0.165 = 0.165). Only Qwen shows Vec
marginally above Q-only (0.126 vs. 0.111)—yet its fact block still fails (Vec+F = 0.094 < Q-only).
This is consistent with dual-pathway interference (Shi et al., 2023; Mallen et al., 2023): the injected
vector engages contextual retrieval circuitry in the model’s MLP knowledge storage layers (Meng
et al., 2022), suppressing parametric recall without providing sufficient token-level grounding to
compensate.

The fact block is constitutive for four of five models. Vec+F > Vec for LLaMA-8B, DeepSeek-14B,
Mistral-24B, and LLaMA-70B, and Vec+F > Q-only for all four—confirming the dual-channel
design recovers quality that neither channel alone provides. The exception is Qwen-7B (Vec+F =
0.094 < Q-only = 0.111), where the Facts: prefix acts as an answer-space constraint rather than
contextual grounding. Instruction-tuned models can exhibit large performance swings from prefix
formatting (Sclar et al., 2024); Qwen’s multi-objective RLHF alignment appears particularly sensitive
to fact-list format in the 2WikiMultiHopQA task (where the effect is concentrated: Vec+F = 0.063 vs.
Q-only = 0.088). Fact-block formatting should be instruction-template-aware in deployment.

At moderate compression, EHPC substantially outperforms RSCE. On LLaMA-8B, EHPC at 4×
achieves F1 = 0.400, essentially matching the full-context baseline of 0.410, while RSCE reaches only
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0.333. Token-selection methods retain natural-language coherence that the model can attend over;
RSCE’s distributed encoding discards sequential structure critical for multi-hop reasoning chains.

At extreme compression, the picture is model-dependent. On LLaMA-8B and DeepSeek-14B, RSCE
Vec+F is essentially tied with EHPC (0.333/0.334 and 0.214/0.214). On Mistral-24B and LLaMA-
70B, EHPC’s advantage grows substantially (0.442 vs. 0.353 and 0.539 vs. 0.365). We attribute this
to a capacity-scaling effect: larger models have stronger in-context reasoning that better leverages the
sparse structural tokens EHPC retains. RSCE’s distributed semantic vector does not benefit from this
capacity scaling in the same way. RSCE retains its distinct advantages: zero per-query context prefill,
100% operational reliability, and strict O(1) amortized cost. LongLLMLingua underperforms both
methods at matched budgets across all tested models.

EM degradation under RSCE is structural. EM penalizes concise responses regardless of semantic
correctness; compressed representations elicit shorter, targeted answers lacking the verbosity needed
for substring containment. Token F1 is the appropriate primary metric.

5.2 CODE COMPLETION: COMPRESSION-AS-RETRIEVAL VS. SEMANTIC ENCODING

Tables 4 and 5 report RepoBench-C results.

Table 4: RepoBench-C RSCE results. †200 valid examples. DeepSeek-67B’s baseline (0.147) is
suppressed by its 4K context window; RSCE injection bypasses this constraint (+0.217).

EditSim ∆EditSim

Model Params Vec Vec+F Vec Vec+F TokRed

LLaMA-3.1 8B 8B 0.317 0.319 −0.031 −0.029 81.2%
Qwen2.5 7B 7B 0.365 0.355 −0.028 −0.038 81.2%
DeepSeek-R1 14B 14B 0.322 0.330 −0.022 −0.014 81.2%
Mistral 24B 24B 0.381 0.377 −0.016 −0.020 81.1%
DeepSeek-LLM 67B 67B 0.352 0.364 +0.205 +0.217 81.2%
LLaMA-3.1 70B† 70B 0.348 0.352 −0.024 −0.021 80.3%

All 6 (avg) — 0.348 0.350 +0.014 +0.017 81.0%
Excl. 67B (avg) — 0.347 0.348 −0.024 −0.024 81.0%

Baseline EditSim: LLaMA-8B 0.348, Qwen 0.392, DeepSeek-14B 0.344, Mistral 0.397, DeepSeek-
67B 0.147, LLaMA-70B 0.372.

Table 5: RepoBench-C baseline comparison. LongLLMLingua reported over 3 models (LLaMA-8B,
Qwen-7B, DeepSeek-14B). EHPC reported over 4 models, successful samples only (53–65% success
rate; see Appendix). RSCE is the only method achieving the target 81% compression at 100%
reliability.
Method Setting Coverage Avg EditSim Actual TokRed

Baseline full context 4 models 0.370∗ 0%
LongLLMLingua 6× 3 models, 199/200 OK 0.639 68.9%
LongLLMLingua Matched 3 models, 199/200 OK 0.645 65.0%
EHPC 6× 4 models, ∼59% OK 0.425† 61%
EHPC Matched 4 models, ∼57% OK 0.445† 43%
RSCE Vec+F O(1) amortized 4 models, 100% OK 0.347∗ 81.2%
∗Excl. DeepSeek-67B. †Over successful samples only; actual per-instance numbers higher on easy subset.

LongLLMLingua substantially outperforms both RSCE and the full-context baseline on code (EditSim
≈0.64 vs. baseline ≈0.37 for the 3 tested models). For structured code contexts, perplexity-based
compression acts as effective relevance filtering. Full-context baselines suffer from attention dilution
across the ≈11,485-token average cross-file context (Liu et al., 2024a). LongLLMLingua’s question-
aware contrastive perplexity identifies syntactically surprising tokens—function signatures, type
annotations, specific identifiers—precisely the tokens required for code completion. Performance
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is highest when relevant information appears at the beginning or end of context (Liu et al., 2024a);
compression and reordering place high-surprisal tokens in exactly those favored positions. This
compression-as-retrieval mechanism has no analog in RSCE’s distributed semantic encoding, which
averages away the structural precision that code completion demands.

EHPC’s 40–50% compression failure rate on RepoBench-C (attention memory budget exceeded
for long code sequences) makes its EditSim over successful samples unrepresentative of the full
distribution. RSCE achieves the 81% compression target at 100% reliability—the only method to do
so—with a scale-invariant 2–4 EditSim percentage-point overhead (Sec. 5.3).

DeepSeek-LLM 67B inverts the pattern: its 4K context window truncates the average 11,485-
token cross-file context, suppressing the baseline to 0.147. RSCE bypasses the window constraint
entirely, yielding Vec+F = 0.364 (+0.217). Activation injection can thus extend effective context for
architecturally constrained models.

5.3 SCALE INVARIANCE ON CODE
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Figure 1: RSCE Vec+F overhead on RepoBench-C (excl. DeepSeek-67B context outlier) forms a flat
band of−0.038 to−0.014 ∆EditSim across an order of magnitude in parameter count. The overhead
is architecture-agnostic, enabling principled deployment planning independent of model size.

Figure 1 shows that RSCE code overhead is flat across 7B–70B parameters. This scale invariance—
which does not hold for QA F1 retention (60–81%, driven by instruction-format sensitivity and
model-specific parametric knowledge quality)—indicates that code compression fidelity is governed
by layer geometry and attention structure captured in the calibration sweep, not raw parameter count.

6 DISCUSSION

Dual-pathway interference. The Vec < Q-only or Vec = Q-only finding across 4 of 5 architectures
provides mechanistic insight into how LLMs process injected context signals. We consider two
hypotheses. Under the attention override hypothesis (Longpre et al., 2021; Mallen et al., 2023):
injecting C biases representations toward contextual retrieval mode, activating the attention heads
responsible for reading external context while suppressing MLP-based parametric recall circuits
(Meng et al., 2022; Dai et al., 2022). The model anticipates finding the answer by attending to
context, but mean-pooling has destroyed token-level resolution, so the retrieval attempt fails. The
fact block F resolves the tension by providing exact token anchors. Under the distributional shift
hypothesis: the additive vector pushes residual stream norms outside the training distribution, causing
feed-forward network misfires on factual recall neurons (Geva et al., 2021). The consistency of Vec
≤ Q-only across architectures with different attention mechanisms (SWA, GQA, full attention) and
training objectives (SFT, DPO, CoT distillation) suggests the attention override mechanism is more
likely—distributional shift would vary more by architecture.

This interference is absent in behavioral steering (Liu et al., 2024b; Todd et al., 2024), where injected
vectors augment task performance monotonically. The difference is structural: behavioral vectors
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encode procedural abstractions that operate alongside default processing; factual content vectors
engage a separate context reading pathway that competes with parametric recall.

Capacity-scaling of EHPC vs. RSCE. The growing EHPC advantage on larger models (from +0.001
on LLaMA-8B to +0.174 on LLaMA-70B at matched compression) reflects an asymmetry in how
model scale interacts with the two compression paradigms. Larger models reason more effectively
from sparse token signals (Brown et al., 2020): given 52 carefully selected tokens, a 70B model
can infer relational chains and bridge multi-hop questions far more effectively than an 8B model.
RSCE’s distributed semantic vector provides a fixed-quality activation shift that does not benefit
from increased reasoning capacity—the model cannot read more from a vector than is encoded in it.
RSCE’s advantage over EHPC is thus most pronounced on smaller architectures where token-level
reasoning is more limited.

Domain-dependent optimality. Code completion requires structural precision: correct function
signatures, exact type annotations, specific identifier names—low-redundancy facts distributed across
the cross-file context. Perplexity-based token selection identifies these structurally surprising tokens
automatically. QA at extreme compression requires semantic framing: the model must know it is
answering about a particular entity, time period, or relationship chain, even if precise token-level
detail is unavailable. RSCE’s distributed vector encoding is better suited to preserving this semantic
frame across the full 8,700-token context. A practical architecture combining both approaches—
RSCE for the persistent static context frame, LongLLMLingua or EHPC for dynamically selected
snippets—would likely outperform either alone.

Deployment guarantees. Regardless of quality comparisons, RSCE offers guarantees that token-
selection methods cannot: zero per-query context prefill, 100% compression reliability, and strictly
O(1) amortized per-query cost. For production systems serving many queries over static contexts,
these guarantees dominate quality differences at moderate scale. The amortization break-even of
N∗ ≤ 1.1 means RSCE is net-beneficial from the second query onward.

7 CONCLUSION

We have presented RSCE, a training-free, O(1) amortized context encoding method with zero per-
query context forward pass and 100% operational reliability. Across five decoder-only architectures,
vector injection alone suppresses parametric recall below the no-context baseline—a dual-pathway
interference effect absent in behavioral steering—while the paired fact block recovers 60–81% of
full-context F1 at ∼99% token reduction. At extreme compression, RSCE is competitive with EHPC
on smaller architectures (LLaMA-8B, DeepSeek-14B) while a capacity-scaling effect gives EHPC
a growing quality advantage on larger models. On RepoBench-C, LongLLMLingua substantially
outperforms both methods via compression-as-retrieval; RSCE uniquely offers 81% compression at
100% reliability. The scale-invariant 2–4 point code overhead from 7B to 70B enables architecture-
agnostic deployment planning. These results establish RSCE as suited for high-throughput multi-
query deployments over static contexts where the O(1) amortization guarantee and operational
reliability outweigh EHPC’s quality advantage, particularly for architectures below ∼24B parameters.

LIMITATIONS

QA evaluations use the same n = 108 sample set across all five models; however, the small HotpotQA
subset (n = 17) remains insufficient for per-task statistical confidence. We use mean-pooling
and α = 1.0 without systematic ablation of pooling strategy, scale factor, or positional targeting.
Qwen’s inverse fact-block effect requires instruction-format-aware fact-block construction not yet
implemented. The dual-pathway interference mechanism is hypothesized but not directly probed via
residual norm measurement or attention pattern analysis. Mean-pooling destroys sequential structure,
limiting RSCE to contexts where ordering is not the primary inference target. EHPC’s RepoBench-C
failure rate warrants investigation as a separate research question.
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Yuandong Tian, Christopher Ré, Clark Barrett, Zhangyang Wang, and Beidi Chen. H2O: Heavy-
hitter oracle for efficient generative inference of large language models. In Advances in Neural
Information Processing Systems, 2023.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

Andy Zou, Long Phan, Sarah Chen, James Campbell, Phillip Guo, Richard Hua, Josephine
Li, Amanda Askell, Anna Jones, Nat DasSarma, Ethan Perez, Saurabh Ghaisas, and Dan
Hendrycks. Representation engineering: A top-down approach to AI transparency. arXiv preprint
arXiv:2310.01405, 2023.

A BASELINE IMPLEMENTATION DETAILS

Both baselines share infrastructure with RSCE: identical sample indices, prompt templates
(Context: / Question: / Answer: for QA; # Cross-file context: / #
Current file: / # Complete the next line: for code), and generation parame-
ters (greedy, max new tokens=50, bfloat16, H100-80GB). Failed compression attempts record
uncompressed token counts, preserving benchmark integrity.

LongLLMLingua (Jiang et al., 2024) uses NousResearch/Llama-2-7b-hf as a separate
compressor (EMI); QA uses condition compare=True, rank method=longllmlingua,
reorder context=sort; code disables question-aware mode. Three progressively relaxed
parameter bundles are attempted on split-document and merged-context inputs.

EHPC (Fei et al., 2025) is implemented from the paper specification in NMI mode (same model for
both compression and inference, vs. the paper’s EMI using GPT-3.5-Turbo; our scores are expected
to be modestly lower): a 50-probe NIAH pilot per model selects top-8 evaluator heads; targeted
forward hooks capture only the evaluator layer (8 GiB budget); observation-window rows are summed
and smoothed with a 1D pooling kernel (size 3); prompts reconstruct from retained token IDs with
character-offset accounting to prevent BPE artifacts. EHPC’s RepoBench-C failures (40–50%) stem
from the attention memory budget being exceeded on long code sequences; all reported EditSim
values are computed over successful samples only and are noted explicitly throughout the paper.

B PER-TASK QA BREAKDOWN

Table 6: RSCE per-task QA breakdown for all five models. HotpotQA n = 17; 2WikiMultiHopQA
n = 91.

Model Task Base F1 Q-only F1 Vec F1 Vec+F F1 Retention

LLaMA-8B HotpotQA 0.688 0.378 — 0.493 72%
LLaMA-8B 2WikiMQA 0.358 0.269 — 0.303 85%
Mistral-24B HotpotQA 0.622 0.425 0.455 0.554 89%
Mistral-24B 2WikiMQA 0.534 0.208 0.188 0.316 59%
DeepSeek-14B HotpotQA 0.495 0.109 0.118 0.328 66%
DeepSeek-14B 2WikiMQA 0.313 0.175 0.174 0.193 62%
LLaMA-70B HotpotQA 0.627 0.521 0.521 0.583 93%
LLaMA-70B 2WikiMQA 0.600 0.261 0.232 0.325 54%
Qwen-7B HotpotQA 0.226 0.231 0.223 0.259 115%⋆

Qwen-7B 2WikiMQA 0.139 0.088 0.108 0.063 45%
⋆Vec+F exceeds baseline on HotpotQA due to Qwen’s low baseline (0.226).

HotpotQA consistently shows higher RSCE retention than 2WikiMultiHopQA. HotpotQA requires
bridging two supporting facts—a structure the residual encoding’s global semantic frame can partially
represent. 2WikiMultiHopQA requires longer multi-hop chains where sequential token precision
matters more. The LLaMA-70B HotpotQA result (93% retention) demonstrates that at large scale,
RSCE can approach full-context performance on simpler multi-hop tasks.
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