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Abstract

Large language models (LLMs) are designed
for discrete tokens, yet they operate in a con-
tinuous embedding space. Recent context com-
pression methods exploit this property by en-
coding text into dense vectors for frozen LLM
decoding. However, a key question remains
unanswered: how does a frozen LLM interpret
continuous vectors that encode complex seman-
tics? We investigate this through controlled
reconstruction experiments. Our analysis re-
veals a critical geometric property: successful
compression encoders learn to produce vectors
with L2 norms two orders of magnitude higher
than standard embeddings. Norm-scaling inter-
ventions provide strong evidence that this high-
norm regime is an enabling factor for frozen-
LLM decoding, while leaving open whether
the effect arises from attention dominance, low-
norm suppression, or both. Based on this find-
ing, we propose a landmark-based compression
framework for long contexts. Our encoder uses
bidirectional attention over landmark tokens,
which captures global dependencies and avoids
semantic fragmentation from segment-based
methods. Experiments on text reconstruction
and four QA benchmarks provide evidence for
our method. At 4x compression, our method is
strongest on SQuAD and Adversarial QA and
remains competitive on average.

1 Introduction

Large Language Models (LLMs) have achieved
remarkable success across diverse tasks by map-
ping discrete tokens into a continuous embedding
space (Mikolov et al., 2013). However, the self-
attention mechanism in Transformer architectures
exhibits quadratic complexity with respect to se-
quence length (Vaswani et al., 2017), encountering
a computational bottleneck for long-context appli-
cations such as document retrieval and multi-turn
dialogues. Context compression has emerged as
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a promising solution to this challenge, aiming to
condense extensive inputs into compact representa-
tions while preserving essential information.
Existing compression methods generally fall into
two categories: hard compression and soft compres-
sion. Hard compression selectively prunes tokens
based on information-theoretic metrics (Jiang et al.,
2023b; Li et al., 2023), offering interpretability but
risking the loss of fine-grained information. Soft
compression, in contrast, maps text into continuous
latent vectors to achieve higher information density.
Methods such as AutoCompressor (Chevalier et al.,
2023), xRAG (Cheng et al., 2024), and PCC (Dai
et al., 2025) have demonstrated promising results
in this direction. However, these methods typically
treat the frozen LLLM as a black-box decoder, leav-
ing a fundamental question unanswered: how does
a model optimized for discrete tokens interpret a
continuous vector that encodes complex semantics?
To address this question, we conduct controlled
reconstruction experiments to probe the decoding
mechanism of frozen LLMs. Our work reveals
a consistent geometric phenomenon: the encoder
learns to produce vectors with L2 norms that are
two orders of magnitude higher than standard word
embeddings. Through norm-scaling interventions,
we obtain strong evidence that this high-norm sig-
nal is an enabling factor for successful decoding:
reducing the magnitude leads to significant per-
formance degradation. Attention pattern analysis
further confirms that the frozen LLM treats these
high-norm vectors as dominant information sources
during generation, while leaving open whether the
effect is best understood as attention amplification,
low-norm suppression, or a combination of both.
Building on this mechanistic insight, we ex-
tend our framework to document-level compres-
sion by adopting a landmark-based, chunking-free
paradigm. Our encoder inserts learnable land-
mark tokens into the input sequence and employs
bidirectional attention to aggregate global context.
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This mechanism avoids the semantic fragmenta-
tion commonly observed in segment-based com-
pression methods, where explicit text partitioning
disrupts contextual coherence. The resulting land-
mark vectors inherit the high-norm property dis-
covered at the sentence level, serving as compact
yet information-rich representations of long docu-
ments.
In summary, our contributions are:

* We identify high L2 norm as a key geometric
signal associated with successful frozen-LLM de-
coding of information-dense continuous vectors.
This finding is supported across multiple model
architectures by intervention-based experiments.

* We propose a landmark-based, chunking-free
compression framework that preserves global se-
mantic coherence without explicit text partition-
ing.

* We evaluate our method on text reconstruction
and four reading comprehension benchmarks.
At 4x and 16x compression ratios, our method
achieves strong performance, particularly on
SQuAD and Adversarial QA at 4x and against
global soft-compression baselines at 16x.

2 Methodology

We study the problem in two stages. First, we
establish a controlled text reconstruction task at
the sentence level to isolate and analyze the de-
coding capabilities of frozen LLMs under a single-
vector latent constraint; second, we extend this
mechanism to document-level compression using a
chunking-free paradigm that enables long-context
reasoning without explicit text partitioning.

2.1 Sentence-Level Mechanism Probing

We formulate a reconstruction task by mapping a
sentence S into a single continuous vector v € RY,
as illustrated in Figure 1. This representation serves
as the primary conditional input for the frozen de-
coder, which must leverage the semantic informa-
tion encoded in v to recover the original text. This
single-vector constraint tests whether the model
can decode continuous signals beyond its discrete
vocabulary.

The vector v is generated through a two-step
process. First, we extract the final hidden state
from the frozen LLM when it processes the input
sentence .S. This hidden state captures the model’s
internal representation of the sentence semantics.
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Figure 1: The pipeline of our proposed method for
sentence compression and reconstruction.

Second, the representation is projected through a
trainable network:

v = MLPy (LLMfrozen (S ) ) (D

where MLPy denotes a dual-layer multilayer per-
ceptron. During training, only the projection pa-
rameters 6 are optimized while 6y ; remains
frozen, thereby isolating the decoder’s native ca-
pacity to interpret continuous representations.

For reconstruction, the vector v is prepended to
a task instruction I,... and fed into the frozen LLM.
The training objective minimizes the negative log-
likelihood:

Epmbe(e) = _log P(S | Va-[Tec;e?HLLM) 2

Since 0;,;,5; remains frozen, successful reconstruc-
tion directly reflects the model’s innate decoding
ability.

2.2 Document-Level Landmark Compression

Based on the mechanism verified at the sentence
level, we extend the framework to handle long
documents by representing them as sequences
of latent vectors (Figure 2). This approach ap-
plies a landmark-based, chunking-free compres-
sion paradigm that maintains global semantic co-
herence and avoids the fragmentation typically as-
sociated with segment-based methods.

2.2.1 Landmark Token Insertion

Unlike segment-based compression methods that
partition documents into fixed-size chunks, our ap-
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Figure 2: The framework of Landmark-based Context Compression. It comprises: (1) A Landmark-Aware Encoder
extracting contextual features with bidirectional attention; (2) A Projection Network aligning encoder representations
with the LLM’s embedding space; and (3) A Frozen LLM performing native decoding on projected landmark

vectors.

proach inserts learnable landmark tokens directly
into the input sequence. This insertion strategy
preserves the sequential structure of the document
while providing fixed positions for aggregating con-
textual information. Given a document D and a
target compression rate r, we insert a special land-
mark token (Imk) for every r text tokens. For ex-
ample, with » = 4, one landmark token is inserted
after every four text tokens, achieving a 4x com-
pression ratio.

The key advantage of this approach is that land-
mark tokens can attend to the entire document con-
text through bidirectional attention, rather than be-
ing limited to local segments. This enables each
landmark vector to capture global semantic depen-
dencies, which is particularly important for tasks
requiring cross-document reasoning.

2.2.2 Representation Generation

The processed sequence (containing both text to-
kens and landmark tokens) is processed by a
transformer-based encoder. We employ bidirec-
tional attention masks that allow landmark tokens
to attend to all text tokens in the document, while
text tokens attend only to preceding tokens (causal
masking). This asymmetric attention design en-
ables landmarks to aggregate global context while
preserving the autoregressive nature of text token

processing.

The landmark vector sequence V =
{vi,va,...,vi} is extracted from the en-
coder outputs and projected into the LLM’s
embedding space:

v; = MLPy(Encodery (D, r)[idx;]) 3)
where idx; denotes the position of the i-th land-
mark token in the sequence, and k = [|D|/r] is
the total number of landmark vectors. In this phase,
both the transformer encoder and the projection net-
work are jointly optimized, with their parameters
collectively denoted by 6. This joint optimization
ensures that the encoder learns to aggregate contex-
tual dependencies into each landmark vector v; in
a way that maximizes decodability by the frozen
LLM.

During inference, the resulting sequence V re-
places specific placeholder tokens in the frozen
LLM’s input template. These placeholder tokens
are predefined in the prompt format, and their em-
beddings are substituted with the corresponding
landmark vectors before being fed to the decoder.

2.2.3 Training Objectives

The training procedure is structured into two se-
quential stages to optimize 6 while keeping 0,1, 3s
frozen.
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Stage 1: Paraphrase Pretraining. This stage
establishes a high-fidelity mapping between the
continuous latent space and the discrete text dis-
tribution. The encoder is trained to condense a
document D into the landmark sequence V such
that the original text can be fully recovered by the
frozen LLM. Given a reconstruction instruction
I ec, the optimization objective minimizes the neg-
ative log-likelihood:

£rec(9) = - log P(D ‘ VyL‘ecS (9, gLLM) “)

This objective forces the encoder to maximize the
information density within V, ensuring that the
landmark vectors contain sufficient semantic cues
for full-text recovery. The paraphrase pretraining
uses a large-scale corpus to develop robust com-
pression capabilities across diverse domains.

Stage 2: Context-Aware Instruction Tuning. In
this stage, the encoder is refined to bridge the gap
between semantic reconstruction and downstream
task utility. While Stage 1 ensures that V preserves
document content, Stage 2 adapts the representa-
tions to be compatible with the LLM’s instruction-
following and reasoning mechanisms. Given a
question @ and ground-truth answer A, the op-
timization objective is:

Linst(0) = —log P(A|V,Q;0,0LLr)  (5)

This stage fine-tunes the encoder on question-
answering data to ensure the landmark vectors sup-
port downstream reasoning. The two-stage strat-
egy enables the encoder to first acquire general
compression capabilities before adapting to task-
specific requirements.

3 Experimental Setup

We evaluate the native decoding capabilities of
frozen LLMs and the effectiveness of our landmark-
based compression framework through a two-phase
experimental design. The first phase focuses on
mechanism probing at the sentence level, estab-
lishing the fundamental decoding capability. The
second phase evaluates long-context question an-
swering, providing evidence for the practical utility
of our method.

3.1 Phase 1: Sentence Reconstruction

This phase aims to verify that frozen LLMs possess
native decoding capabilities for continuous latent
vectors. We formulate a controlled reconstruction
task to evaluate the contribution of our learned
representations.

Models and Data. We select four prominent
open-source language models as frozen decoders to
ensure generalization across architectures: Mistral-
7B-v0.3 (Jiang et al., 2023a), Qwen3-8B (Yang
et al., 2025), Llama-3.2-1B-Instruct (Grattafiori
et al., 2024), and Qwen3-1.7B (Yang et al., 2025).
These models span different parameter scales (1B
to 8B) and training paradigms, allowing us to as-
sess whether the observed decoding mechanism is
model-agnostic. For both training and evaluation,
we utilize the Google Conceptual Captions (GCC)
dataset (Sharma et al., 2018), which provides con-
crete and descriptive image captions. This dataset
is particularly suitable for reconstruction tasks as its
sentences contain diverse semantic content while
maintaining moderate length complexity.

Evaluation. To identify the contribution of v and
mitigate pre-training memorization, we implement
a prefix-conditioned completion setup. For each
sentence, we provide a reconstruction instruction
and fix the first 50% of the target sequence as a
forced prefix. The model is then required to com-
plete the remaining 50% of the sentence based on
the provided latent representation. This design en-
sures that any performance gain is attributable to
the encoded semantic information rather than the
model’s prior exposure to the dataset.

We compare three distinct experimental condi-
tions: (1) Baseline: only the half-text prefix is pro-
vided without any latent vector, testing the model’s
ability to complete sentences based solely on the
prefix; (2) Latent Vector v: our learned repre-
sentation generated by the projection network is
prepended to the prefix; and (3) Full-text Refer-
ence: the original embeddings of the entire sen-
tence are provided, serving as an upper bound for
reconstruction performance. We report BLEU (Pa-
pineni et al., 2002), Token F1, and Perplexity as
evaluation metrics.

3.2 Phase 2: Long-Context QA

In this phase, we evaluate the scalability of our
landmark-based compression framework for practi-
cal long-context applications. We focus on reading
comprehension tasks that require understanding
and reasoning over extended passages.

Benchmarks. Following the experimental setup
of PCC (Dai et al., 2025), we evaluate on four
reading comprehension benchmarks: SQuAD v2
(Rajpurkar et al., 2018), which includes unanswer-
able questions requiring abstention; HotPotQA
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(Yang et al., 2018), which tests multi-hop reason-
ing across paragraphs; AdversarialQA (Bartolo
et al., 2020), which contains adversarially con-
structed questions; and Natural Questions (NQ)
(Kwiatkowski et al., 2019), which features real
user queries from Google search. This benchmark
suite covers extractive QA, multi-hop reasoning,
and robustness to adversarial perturbations.

Training Data. For paraphrase pretraining
(Stage 1), we follow xRAG (Cheng et al., 2024) and
utilize the December 2021 Wikipedia dump (Izac-
ard et al., 2022). This large-scale corpus enables
the encoder to develop robust compression capa-
bilities across diverse domains. For context-aware
instruction tuning (Stage 2), we follow PCC (Dai
et al., 2025) and use a refined subset of SQuAD
that provides high-quality question-answer pairs
aligned with the Wikipedia passages.

Baselines. Following the experimental setup es-
tablished by PCC (Dai et al., 2025), we compare
against several competitive context compression
baselines organized by technical method:

* Hard compression: LLMLingua-2 (Pan et al.,
2024) performs task-agnostic discrete token prun-
ing based on information-theoretic criteria, repre-
senting the state-of-the-art in interpretable com-
pression.

* Soft compression: AutoCompressor (Chevalier
et al., 2023) utilizes recursive summary vectors
for high-ratio compression. XRAG (Cheng et al.,
2024) condenses documents into single latent em-
beddings via modality fusion techniques. ICAE
(Ge et al., 2024) and COCOM-Lite (Rau et al.,
2024) learn to map text into continuous memory
representations. We also include PCC-Lite (Dai
et al., 2025) as a state-of-the-art soft compression
baseline that employs segment-based encoding.

For baselines other than PCC-Lite, we report pub-
lished numbers from the PCC reproduction experi-
ments, which evaluate public checkpoints under
their released settings rather than retraining all
methods with our frozen decoder. For PCC-Lite,
we retrain the model using our pretraining corpus
and evaluation pipeline to ensure a fair comparison
under identical data conditions.

Implementation Details. Our framework em-
ploys Qwen3-Emb-0.6B as the token-level encoder,
chosen for its strong semantic representation ca-
pabilities at a compact parameter scale. For the

Model Condition = BLEU F1 PPL
Half-Text 5.90 12.51 135.20
Qwen3-1.7B v, + Half 10.76 41.47 12.40
Full-Text 29.07 61.68 1.07
Half-Text 5.47 12.28 101.86
Llama3.2-1B v + Half 27.19 55.28 4.87
Full-Text 29.66 62.36 1.45
Half-Text 7.01 12.73 79.66
Qwen3-8B v, + Half 21.87 52.64 6.26
Full-Text 28.09 62.44 1.03
Half-Text 8.39 13.16 49.89
Mistral-7B v. + Half 35.06 65.44 3.38
Full-Text 34.43 67.25 1.23

Table 1: Reconstruction performance on the GCC
dataset. v. denotes the latent vector generated by our
projection network.

frozen decoder, we use Mistral-7B. Bidirectional
landmark attention masks ensure that each land-
mark token aggregates global document context
without explicit text chunking.

For training, we apply LoRA (Hu et al., 2022)
to the encoder’s projection layers to enable effi-
cient adaptation while fully training the projection
network and landmark token embeddings. All ex-
periments are conducted on NVIDIA A800 GPUs
using DeepSpeed optimization for distributed train-
ing. We use a learning rate of 1e-4 for paraphrase
pretraining and S5e-5 for QA instruction tuning,
with a linear warmup phase. During inference,
the projected landmark vectors replace reserved
placeholder tokens in the LLM’s prompt template.

4 Results and Analysis

4.1 Sentence-Level Reconstruction

We first evaluate the sentence-level reconstruction
task to verify that frozen LLMs possess native de-
coding capabilities for continuous latent vectors.
Table 1 presents the reconstruction performance
across four frozen decoders under three conditions:
baseline with prefix only, our latent vector v, and
full-text reference.

The results demonstrate that frozen LLMs can
decode substantial semantic information from a
single continuous vector. Across all models, incor-
porating the latent vector v, significantly improves
performance compared to the baseline. Notably,
Mistral-7B achieves 65.44 Token F1 with v, re-
covering over 97% of the full-text reference perfor-
mance. This establishes the existence of a decod-
able manifold within the frozen LLM’s embedding
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Rate Method SQuAD  HotPotQA AdversarialQA NQ Average
F1 EM F1 EM F1 EM F1 EM F1 EM
Reference w/o Context 21.23 7.74 29.01 18.21 1530 8.13  34.59 21.37 25.03 13.86
w/ Context 73.15 47.90 65.57 52.65 45.08 2540 56.24 41.78 60.01 41.93
AutoCompressor 21.46 0.35 1629 0.29 14.09 2.00 2557 0.63 19.35 0.82
Variable xRAG 18.19 346 27.51 1629 13.75 3.47 38.06 20.80 24.38 11.01
ICAE 45.69 21.63 35.16 26.68 2798 11.70 59.15 47.35 42.00 26.84
LLMLingua2 51.20 32.18 55.72 44.18 3541 2480 68.44 55.85 53.50 39.25
COCOM-Lite  21.70 9.17 40.07 32.32 1945 1390 50.45 41.87 32.92 24.32
4x PCC-Lite 46.67 30.32 37.89 29.88 35.02 2543 63.73 55.01 45.83 35.16
Ours 72.96 49.37 36.02 27.70 4349 26.93 61.52 49.39 53.50 38.35
COCOM-Lite 19.23 8.13 31.94 2527 19.35 14.73 26.36 20.66 24.22 17.20
16x PCC-Lite 45.32 27.60 35.82 27.73 32.04 2223 61.15 52.97 43.58 32.63
Ours 57.38 34.36 36.16 27.34 34.88 19.93 52.04 41.25 45.12 30.72

Table 2: Performance comparison on reading comprehension benchmarks. Metrics are F1 and Exact Match (EM).
The best and second-best results among compression methods, excluding reference rows, are shown in bold and
underlined, respectively. Tied best results are both bolded.

Prefix R1lmk/R1base RLImk/RLbase
0.0 0.658 /0.092 0.549 /0.082
0.1 0.651/0.113 0.545/0.098
0.2 0.632/0.121 0.540/0.106
0.3 0.631/0.144 0.563/0.132
0.4 0.620/0.147 0.557/0.136
0.5 0.586/0.149 0.538/0.138

Table 3: Prefix-conditioned reconstruction on 100 GCC
samples. The landmark condition consistently outper-
forms the prefix-only baseline, indicating that the com-
pressed vector carries semantics beyond local continua-
tion cues.

space.

To further test whether the decoder is merely ex-
ploiting prefix continuation, we evaluate a stronger
prefix-conditioned probe in which the model re-
ceives both the compressed vector and prefixes
ranging from 0% to 50% of the original sentence,
and we score only the withheld suffix. Table 3
shows that the landmark condition substantially out-
performs the prefix-only baseline across all prefix
ratios. Even at 0% prefix, a single compressed vec-
tor yields 0.658 ROUGE-1, supporting the claim
that the vector itself carries substantial semantic
content rather than acting as a shortcut for local
text continuation.

4.2 Document-Level QA Performance

Scaling to the document level, we evaluate our
landmark-based compression framework on four
reading comprehension benchmarks. Table 2
presents the comparison with baseline methods at
4x and 16x compression ratios. The training dy-
namics (Figure 3) show that the mean L2 norm
of landmark vectors converges to values substan-
tially higher than standard vocabulary embeddings,
with 16x compression converging to approximately
twice the norm of 4x, reflecting denser information
encoding.

Our method demonstrates strong but mixed per-
formance across benchmarks. At 4x compres-
sion, it is strongest on SQuAD and Adversari-
alQA and reaches the highest average F1 among
soft-compression methods, but PCC-Lite remains
stronger on HotPotQA and NQ. At 16x com-
pression, our method substantially outperforms
COCOM-Lite and other global soft-compression
baselines, while remaining below PCC-Lite overall.
All QA scores are from a single trained checkpoint
evaluated with deterministic greedy decoding, so
test-time outputs are fixed while training-run vari-
ance remains unmeasured.

4.3 The High-Norm Phenomenon

A consistent pattern across all successful recon-
struction experiments is the emergence of excep-
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Figure 3: Training dynamics of landmark-based compression at 4x and 16x compression ratios. (a) Training loss
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vector.

Model Standard Token Latent Vector
Qwen3-1.7B 1.54 299.08
Llama3.2-1B 0.93 199.03
Qwen3-8B 1.38 278.71
Mistral-7B 0.17 235.56

Table 4: Mean L2 norms of standard vocabulary token
embeddings and learned latent vectors across models.

tionally high L2 norms in the projected vectors.
Table 4 quantifies this phenomenon: the learned
latent vectors exhibit norms that are two orders
of magnitude higher than standard vocabulary em-
beddings across all tested models. For example,
Qwen3-1.7B produces latent vectors with mean
L2 norm of 299.08, compared to 1.54 for standard
token embeddings—a ratio of nearly 200x.

We hypothesize that this high-norm property
serves as a geometric signaling mechanism, al-
lowing the frozen LLM to distinguish information-
dense vectors from standard embeddings during
self-attention computation. In this revision, we
frame this as an enabling factor rather than a fully
isolated mechanism.

Intervention via Norm Scaling. To probe the
role of high L2 norm, we perform an inference-
time intervention. We scale the magnitude of the
landmark vectors while preserving their direction,
sweeping the scale factor from 0.1 to 1.0. Figure
4 shows the results on QA performance at 4x com-
pression.

The results reveal a clear intervention effect be-
tween norm magnitude and decoding performance.

=8— SQUAD
0.5 HotPotQA

= AdVQA
—4— NQ

0.4

0.3

Exact Match

0.2

0.1

0-0 1.0 09 08 07 06 05 04 03 02 01

Scale Factor

Figure 4: Causal effect of the landmark vector’s L2
norm on QA performance (4x compression). The x-axis
shows the scaling factor applied to the vector’s original
norm, where 1.0 represents the unmodified vector.

All four datasets show consistent degradation as the
scale factor decreases from 1.0 to 0.1, with SQuUAD
and NQ exhibiting particularly steep drops. At
scale factor 0.1, performance collapses to near-zero
levels across all benchmarks. We therefore view
high magnitude as strong evidence for an enabling
condition of successful decoding, while leaving
open whether the underlying mechanism is atten-
tion dominance, low-norm suppression, or both.

Attention Pattern Analysis. To understand how
the frozen LLM processes high-norm vectors in-
ternally, we analyze attention patterns across de-
coder layers. Figure 5 visualizes the attention
weights and activation norms for representative ini-
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Figure 5: Attention and activation analysis across de-

coder layers.

The sequence is partitioned into the

prompt ([P]), the latent vector (v.), and the output ([O]).

Ratio Attention Avg. F1 Avg. EM

4x Causal 32.57 21.90
Bidirectional 53.50 38.35

16x Causal 31.61 20.86
Bidirectional 45.12 30.72

Table 5: Ablation study on landmark attention mask.
Bidirectional attention enables landmarks to capture
global context.

tial (Layer 0) and final (Layer 31) layers.

The attention patterns confirm that v, serves as
the primary information source during generation.
Output tokens consistently assign high attention
weights to the latent vector, with this focus be-
coming more pronounced in deeper layers. The
weighted V-cache norms reveal that the influence
of v, is amplified in final layers. This evidence is
consistent with a norm-induced prioritization ef-
fect, although it does not by itself rule out decoder
insensitivity to lower-norm vectors.

4.4 Ablation of Bidirectional Attention

The strong performance of our method in long-
context scenarios stems from the integration of the
high-norm mechanism with bidirectional landmark
attention. To isolate the impact of global contextual
dependencies, we conduct an ablation study on the
landmark attention mask.

Table 5 shows that landmark vectors with bidi-
rectional visibility significantly outperform those
constrained by causal masks. At 4x compression,
bidirectional attention improves average F1 by over

20 absolute points. This validates that landmarks
function as global semantic anchors aggregating
document-wide information, rather than local sum-
maries.

5 Related Work

Non-Vocabulary Vectors in LLMs Recent re-
search demonstrates that LLMs can process infor-
mation encoded in continuous, non-vocabulary vec-
tors. Parameter-efficient fine-tuning methods like
Prefix-Tuning (Li and Liang, 2021) and prompt
tuning (Lester et al., 2021) steer frozen LLMs via
learnable “soft prompts.” Models such as CLIP
(Radford et al., 2021) show that visual inputs can
be aligned with language representations, motivat-
ing later work that connects non-text embeddings
to language-model interfaces.

Further studies expand this understanding: Task
Arithmetic (Ilharco et al., 2023) manipulates model
behaviors via arithmetic operations on task vec-
tors, while SelfIE (Chen et al., 2024) explores self-
interpretability of LLM embeddings. These works
suggest LLLMs possess a latent capacity to process
continuous information beyond standard tokens.

Context Compression Processing lengthy token
sequences is computationally expensive, motivat-
ing methods that compress text into compact vector
representations. Early work learns to summarize
long contexts into memory vectors, such as Auto-
Compressors (Chevalier et al., 2023). Subsequent
methods push the “vector-in, text-out” paradigm
further: ICAE compresses contexts into continu-
ous slots (Ge et al., 2024), while xRAG injects
each document as approximately a single token
(Cheng et al., 2024). Recent works systematize
this compressor-LLM interface. PCC proposes a
decoupled compressor with practical compression
ratios (4x—16x) (Dai et al., 2025). Hybrid meth-
ods combine soft global compression with hard
token selection (Liao et al., 2025), while REFRAG
targets the decoding stack by replacing retrieved
spans with chunk embeddings (Lin et al., 2025).

Geometric Properties of Text Embeddings A
parallel stream of research analyzes the geometry
of embedding spaces, offering theoretical ground-
ing. Prior work links the norm of static embed-
dings to information gain (Oyama et al., 2023) and
the norm—variance trade-off in contextualized em-
beddings to semantic dispersion (Yamagiwa and
Shimodaira, 2025). While these studies focus on
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embeddings representing words or short spans, we
extend the inquiry to complex, sentence-level vec-
tors produced by a compressor. Rather than only
describing existing embedding geometry, we show
how a model can learn to manipulate geometric
properties as an active mechanism that makes com-
pressed vectors decodable by a frozen LLM.

6 Conclusion

This work investigates the capacity of frozen LLMs
to decode continuous semantic representations.
Through controlled experiments, we identify high
L2 norm as a critical geometric signal associated
with successful decoding of information-dense vec-
tors, with intervention-based evidence that it is
an enabling factor for frozen decoders. Build-
ing on this finding, we propose a landmark-based,
chunking-free compression method that leverages
bidirectional attention to aggregate global docu-
ment context into compact representations. Ex-
periments on text reconstruction and four reading
comprehension benchmarks demonstrate strong
but mixed performance at 4x and 16x compres-
sion ratios, with the clearest gains over global soft-
compression baselines and on selected QA datasets.
These results support both the empirical insight and
the practical utility of our method for long-context
compression.

Limitations

Despite the empirical and mechanistic insights pro-
vided by this work, several limitations remain that
suggest directions for future inquiry:

* Model Parameter Rigidity: A primary constraint
of our framework is the exclusive use of frozen
LLM parameters. While this design choice was
essential to isolate and analyze the model’s native
decoding capabilities, it potentially overlooks
the performance gains that could be achieved
through synergistic optimization. Future research
may explore the trade-offs between parameter-
efficient probing and joint fine-tuning of the en-
coder and decoder to enhance reconstruction pre-
cision.

* Mechanistic Ambiguity: Our norm-scaling inter-
vention shows that reducing vector magnitude
sharply degrades decoding quality, but it does
not fully separate whether the dominant effect is
increased attention mass, reduced sensitivity to
low-norm vectors, or a combination of the two.

* Uniform Compression Granularity: Our current
landmark-based strategy employs a static com-
pression rate across the entire document. How-
ever, textual information is rarely distributed uni-
formly, and the fixed-stride method may be sub-
optimal for segments with varying information
entropy. Transitioning from a static stride to an
adaptive sampling mechanism that allocates la-
tent capacity based on local semantic density rep-
resents a promising avenue for improving com-
pression fidelity.

 Breadth of Task Generalization: Our evaluation
is primarily focused on verbatim semantic recon-
struction and extractive question answering, and
the QA results come from a single training run
per setting. While these tasks effectively probe
the information density of the compressed repre-
sentations, the utility of high-norm latent vectors
in scenarios requiring complex logical synthe-
sis, long-form creative generation, or symbolic
reasoning remains to be fully characterized.
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A Dataset Statistics

Table 6 summarizes the datasets used in our experiments. For sentence-level reconstruction, we use the
Google Conceptual Captions (GCC) dataset. For document-level QA, pretraining is conducted on the
English Wikipedia dump from December 2021, and finetuning uses the SQuAD training set.

Task Dataset Train Test
Sentence-Level Reconstruction

Reconstruction GCC 3,318,333 15,840
Document-Level QA

Pretraining enwiki-dec2021 3,176,581 —

Finetuning SQuAD 86,821 5,928

Table 6: Dataset statistics for sentence-level reconstruction and document-level QA experiments.

B Full Attention Visualization

To supplement the analysis in the main body, this section provides the complete visualizations for attention
weights (Figure 6) and attention-weighted V-cache L2 norms (Figure 7) across all 32 decoder layers.
These figures illustrate the consistent behavior of the model: the complex semantic embedding (v.) is
established as the primary information source from the earliest layers and its influence is maintained
or amplified throughout the network, confirming that the phenomena observed in Layers 0 and 31 are
representative of the model’s general processing dynamic.
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Figure 6: Attention visualization for the complex embedding (v.) across all decoder layers.
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Figure 7: Attention-weighted V-cache norm visualization for the complex embedding (v ) across all decoder layers.
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C Scaling Examples

This section presents qualitative examples for the inference-time norm scaling experiment. Table 7 shows
the reconstructed text generated from a complex vector whose norm was scaled by different factors («).
These examples correspond to the quantitative results shown in Figure 4 and illustrate how reconstruction
fidelity degrades as the norm is artificially reduced.

The target text for this example is: “marking our way through the dunes as we neared the coast”.

o Generated Text

0.2 the dunes leading us to the coast as we made our way back from
the markers

04-0.6 meandering our way down the dunes towards the markers on the
other side of the bay

0.8-1.6 meandering our way down the dunes towards the markers on the
other side

1.8-2.0 meandering our way down the dunes towards the coast as the sun
set

Table 7: Reconstructed text from a complex vector whose norm was scaled by different factors («).

D Interpolation Examples

This section provides the qualitative results for the latent space interpolation experiment discussed in
the main analysis. Table 8 shows the text generated by the frozen LLM when decoding vectors that are
linearly interpolated between the complex embeddings of two source sentences, D and Da. As the
interpolation factor \ shifts from 0.0 to 1.0, the output text exhibits a smooth and semantically coherent
transition from the content of Sentence 1 to that of Sentence 2.

A . Generated Text

0.0 | flying over the mountains and lake

0.1 | flying over the mountains and lake

0.2 | flying over the mountains and lake

0.3 | flying over the mountains and lake

0.4 | flying over the mountains and vineyards
0.5 | flying over the wine tasting vineyards
0.6 | wine tasting in the mountains

0.7 | wine tasting in the beautiful surroundings
0.8 | wine tasting in the sunny weather

0.9 | wine tasting in the sunny weather

1.0 | wine tasting in the sunshine

Table 8: Generated text at different interpolation factors (\) between two sentences. At A = 0, the output corresponds
to “flying over the mountains and lake”; at A = 1, it corresponds to “wine tasting in the sunshine”.

E Pretraining Reconstruction Example

This section presents qualitative examples from the document-level pretraining stage. Given a Wikipedia
passage about the Society of Jesus (Jesuits) in the United States, the model compresses it into landmark
tokens at different compression ratios and attempts to reconstruct the original document. Words in red
indicate deviations from the ground truth, identified using word-level edit distance alignment.

The comparison reveals a clear quality-compression trade-off. At 4x compression ratio with 41
landmark tokens, the reconstruction achieves perfect fidelity with no errors. At 16X compression ratio
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with only 11 tokens, the model preserves the overall topic and many key entities but introduces factual
and temporal errors, such as: (1) “geographic” — “geographical’’; (2) “provincial superior” — “superior
general”’; (3) “early 21st century” — “early 2021”; and (4) reordering or renaming province names.

F Single-Token Compression Probe

Table 10 provides a finer-grained view of the decoder dynamics under a single-token compression
bottleneck. Across layers, the compressed landmark maintains a substantially larger hidden-state norm
than ordinary text positions, with the gap being most pronounced in early layers. At the same time, the
Value norms remain broadly comparable between landmark and text tokens.

The table also shows a clear difference in how the decoder allocates attention and contribution magnitude.
From middle layers onward, the landmark receives substantially more attention mass than ordinary text
positions, and its attention-weighted Value norm is correspondingly larger across layers 4-31. Taken
together, these measurements show that the landmark becomes a prominent retrieval position during
decoding while preserving Value vectors of ordinary scale.

G Full Efficiency Tables

Tables 11-13 provide the full latency accounting for the compression pipeline. They make explicit that the
reported 4x/16x ratios are decoder-side compression ratios: the encoder still processes the full document,
while the decoder consumes a reduced landmark sequence. This accounting clarifies the relationship
between encoder tokens, landmark tokens, decoder tokens, and end-to-end latency.

Across buckets, decoder prefill decreases as the compressed representation becomes shorter, while the
one-time compression step stays relatively stable. For the [512,800) bucket, full-context TTFT is 66.2,
compared with 63.0 at 4x and 48.9 at 16 . If compression is precomputed offline, the corresponding
16 x prefill cost is 24.3. For shorter contexts, the compression step constitutes a larger share of the total
latency budget.

H Document-Level QA Hyperparameters

Table 9 lists the hyperparameter settings used for the document-level QA experiments. The pretraining
and finetuning stages share the same encoder length, LoRA configuration, landmark token, and projector
architecture, while using different learning rates, batch sizes, gradient accumulation settings, and numbers
of epochs to match their distinct training objectives.

Category Hyperparameter Pretraining Finetuning
Max Training Samples 2,000,000 -
Data Max Sequence Length 512 512
Encoder Max Length 512 512
Rank 64 64
LoRA Alpha 32 32
Dropout 0.1 0.1
Landmark Token [control_128] [control_128]
Architecture  Projector Depth 2 2
Projector Hidden Size 4096 4096
Optimizer AdamW AdamW
LR Scheduler Linear Linear
Learning Rate le-4 Se-5
Training Warmup Ratio 0.03 0.03
Batch Size (per device) 2 4
Gradient Accumulation 8 4
Training Epochs 1 3
Gradient Clipping 1.0 1.0

Table 9: Hyperparameter configurations for the pretraining and finetuning stages of document-level QA experiments
using Mistral-7B as the frozen decoder.
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Figure 8 provides the full qualitative example for Appendix E, including the prompt format, target
passage, 4 x reconstruction, and 16 x reconstruction with word-level deviations highlighted.

Prompt (4x): [INST] Use these compressed markers as hints: [control_128] x 41 Please recover the
original document faithfully. [/INST]
Prompt (16x): [INST] Use these compressed markers as hints: [control_128]1 x 11 Please recover the
original document faithfully. [/INST]

Target:

In the United States, the order is best known for its missions to the Native Americans in the early 17th century, its network of
colleges and universities, and (in Europe before 1773) its politically conservative role in the Catholic Counter Reformation.
The Society of Jesus, in the United States, is organized into geographic provinces, each of which being headed by a
provincial superior. Today, there are five Jesuit provinces operating in the United States: the USA East, USA Central and
Southern, USA Midwest, and USA West Provinces. At their height, there were ten provinces. Though there had been
mergers in the past, a major reorganization of the provinces began in early 21st century, with the aim of consolidating into
four provinces by 2020.

Reconstructed (4x):

In the United States, the order is best known for its missions to the Native Americans in the early 17th century, its network of
colleges and universities, and (in Europe before 1773) its politically conservative role in the Catholic Counter Reformation.
The Society of Jesus, in the United States, is organized into geographic provinces, each of which being headed by a
provincial superior. Today, there are five Jesuit provinces operating in the United States: the USA East, USA Central and
Southern, USA Midwest, and USA West Provinces. At their height, there were ten provinces. Though there had been
mergers in the past, a major reorganization of the provinces began in early 21st century, with the aim of consolidating into
four provinces by 2020.

Reconstructed (16 <) (errors in red):

In the United States, the order is best known for its missions to the Native Americans in the early 17th century, its network of
colleges and universities, and (in Europe before 1773) its politically conservative role in the Catholic Counter Reformation.
The Society of Jesus, in the United States, is organized into a series of geographical provinces, each headed by a superior
general. There are five Jesuit provinces operating today in the USA: the East USA, the South USA, Central USA, Midwest
USA and Western USA Provinces. At their height, there were ten provinces. Though there had been mergers in the past, a
major reorganization of the provinces began in early 2021, with the aim of consolidating into four provinces by 2020.

Figure 8: Document reconstruction examples at 4x and 16x compression ratios. The 4x reconstruction (41
landmark tokens) achieves perfect fidelity, while the 16 x reconstruction (11 tokens) preserves the overall topic but
introduces factual and temporal errors highlighted in red.

Table 10 provides the detailed measurements for the single-token compression probe discussed above,
including hidden-state norms, projected Q/K/V norms, attention mass, and attention-weighted Value
norms.

Layer HSimk  HStext lek Qtext Kimk Kiext Vimk Viext Attnpmg Attneext WVimk WViext

0 326 01 29 11.7 34 122 02 0.2 0.040 0.038 0.009 0.008
4 326 136 46 113 67 157 19 23 0.068 0.008 0.132 0.007
8 329 147 56 112 88 175 28 3.0 0.191 0.007 0.520 0.016
12 33.1 162 75 11.1 114 168 38 3.6 0284 0.006 1.026 0.019
16 333 184 80 108 129 167 44 4.1 0460 0.007 2.024 0.028
20 348 237 88 11.8 129 164 49 58 0351 0.008 1.731 0.033
24 355 285 10.1 11.7 132 155 59 6.6 0214 0.009 1.187 0.025
28 36.7 328 108 11.8 134 150 73 81 0243 0.011 1.775 0.051
31 39.1 345 119 133 137 145 94 102 0.385 0.010 3.602 0.082

Table 10: Single-token compression probe on 50 GCC samples with the frozen Mistral-7B decoder. HS/Q/K/V
denote hidden-state and projected Q/K/V L2 norms. Attn is the attention mass assigned to the compressed landmark
versus ordinary text positions, and wV is the attention-weighted Value norm averaged across 8 KV heads.

Tables 11-13 provide the complete latency measurements for the full-context baseline and the two
compression settings.
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Bucket N Enc Tokens Dec Tokens Compress Prefill TTFT

[0,64) 70 48.5 71.7 - 222 222
[64,128) 1545 109.6 138.8 - 253 253
[128,192) 2581 155.7 187.9 - 27.1 27.1
[192,256) 1060 216.3 253.0 - 312 312
[256,384) 557 298.6 343.1 - 363 363
[384,512) 76 437.7 486.8 - 457 457
[512,800) 39 638.0 710.0 - 66.2  66.2

Table 11: Full-context latency accounting on the SQuAD test set grouped by context length. Measurements were
collected on a single NVIDIA A800-80GB GPU with FP16 precision.

Bucket N Enc Tokens Lmk Tokens Dec Tokens Compress Prefill TTFT
[0,64) 70 48.5 11.7 68.4 240 22.1 46.1
[64,128) 1545 109.6 27.0 98.9 242 226 468
[128,192) 2581 155.7 38.6 121.9 243 235 478
[192,256) 1060 216.3 53.7 152.3 243  26.1 504
[256,384) 557 298.6 74.3 193.4 254 268 522
[384,512) 76 437.7 109.1 265.5 27.1 324 595
[512,800) 39 638.0 159.0 368.0 25.1 379 630

Table 12: Deployment-style latency accounting for our 4 x compression setting. The encoder still reads the full
document, while the decoder consumes only the landmark sequence.

Bucket N Enc Tokens Lmk Tokens Dec Tokens Compress Prefill TTFT
[0,64) 70 48.5 24 49.9 242 221 463
[64,128) 1545 109.6 6.4 57.6 242 220 462
[128,192) 2581 155.7 9.3 63.3 242 221 464
[192,256) 1060 216.3 13.1 71.0 243 222 465
[256,384) 557 298.6 18.2 81.3 253 228 481
[384,512) 76 437.7 26.9 101.0 269 234 502
[512,800) 39 638.0 40.0 129.0 247 243 489

Table 13: Deployment-style latency accounting for our 16 x compression setting. For long contexts, the prefill
reduction outweighs the one-time compression overhead.

37043



