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Abstract

The long-context bottleneck of transformer-based language models can
be addressed via context compression frameworks such as AutoCompres-
sors, which distill tokens into soft prompts but silently assume uniform
information density. We revisit this assumption and introduce dynamic
segmentation by partitioning the input whenever the cumulative token-
level surprisal exceeds a threshold 7, yielding segments with balanced
information before summary vector generation. We show that dynamically
adjusting segment boundaries based on surprisal enables better alignment
between the original and soft prompts for prediction and inference. Experi-
mental results show that our surprisal-based segmentation outperforms a
pretrained baseline model and the randomized segmentation AutoCom-
pressor baseline with regard to cross-entropy loss and in-context learning
(ICL) accuracy. Code will be released upon publication.

1 Introduction

Context window limitations hinder long-context fine-tuning and inference in transformer-
based language models (Vaswani et al., 2017) due to memory and compute constraints
(Wang et al., 2024). To mitigate this, compression methods that reduce input complexity
have been introduced, falling into two broad categories: either hard prompt or soft prompt
techniques (Li et al., 2024).

Hard prompts are discrete natural language sequences consisting of tokens from a language
model’s vocabulary (Sennrich et al., 2016). While hard prompts are easily interpretable,
they often fail to concisely express semantic intent. Soft prompts are vectors with the same
dimensions as token embeddings in the language model’s dictionary (Zhao et al., 2023).
While soft prompts provide less interpretability compared to hard prompts, they capture
semantic nuance more concisely.

Existing soft prompt methods such as GIST tokens (Mu et al., 2023), ICAE (Ge et al., 2024),
and AutoCompressors (Chevalier et al., 2023) distill long inputs into soft tokens but assume
uniform information density via constant token budgets or randomized segmentation—a
flawed assumption given natural language’s uneven semantic information distribution (Yu
etal., 2016). Information-theoretic approaches such as LLMLingua (Jiang et al., 2023) and Se-
lective Context (Li et al., 2023) have shown that token-level perplexity or self-information can
effectively identify semantically important input regions, but apply only to hard prompts.

DAST (Chen et al., 2025) similarly implements dynamic allocation of soft tokens and may be
considered parallel work, however, it is built on the Activation Beacon framework (Zhang
et al., 2024) utilizing a different compression schema. We believe the implementation of
DAST leaves room for improvement in method details and depth of experiments.
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Figure 1: When fine-tuning AutoCompressors, we first quantify information density by
obtaining per-token surprisals via baseline model inferencing on the tokenized input. We
dynamically segment the input based on these surprisals, accumulating until a surprisal
threshold 7 is reached, resulting in variable-length segments and a variable number of
segments per input sequence. These segments are then compressed into summary vectors,
which are passed onto subsequent compression steps as soft prompts for the previous
context.

We aim to bridge this gap by proposing a method that extends the AutoCompressor frame-
work to incorporate surprisal-based dynamic segmentation. Specifically, we show that input
segments of similar cumulative information produce more useful compressed represen-
tations when compressed into summary vectors, allowing for better language modeling
performance on a variety of tasks.

Our main contribution is an extension of the AutoCompressor framework by introducing a
new method for dynamic segmentation in soft prompt compression. Our method accounts
for non-uniform information distribution across long contexts via the information-theoretic
metric of surprisal, allowing for improved allocation of summary vectors as compared to al-
location across randomized segments. We demonstrate the functionality of this methodology
through cross-entropy loss and in-context learning (ICL) accuracy.

2 Related Work

We adopt the AutoCompressor framework from Chevalier et al. (2023), which builds on
the recurrent memory transformer (RMT) architecture (Bulatov et al., 2022) to compress
plain text into short soft prompts known as summary vectors (Lester et al., 2021). The
tokenized input text is split into segments, with lengths randomly determined given a fixed
hyperparameter of the number of segments. Segment lengths are guaranteed to be within
the model’s context window length. After generating summary vectors, the vectors are then
prepended to all subsequent segments to recursively generate summary vectors over the
entire segmented input.

Methods for extending a model’s context window have been developed by previous work,
such as RoPE-based scaling (Chen et al. (2023), Roziere et al. (2024), Ding et al. (2024), Zhu
et al. (2025)) and utilizing different types of embeddings (Sun et al., 2023b). Non-transformer
based architectures have also been proposed (Peng et al. (2023), Sun et al. (2023a)), allowing
for extended context windows. However, these modifications do not perform well at longer
scales or at a foundational level.

Other compression methods have been explored to tackle long-context input. Semantic
Compression (Fei et al., 2024) utilizes graph-based chunking based on topic to dynami-
cally compress context, but focuses on hard prompt compression through summarization
techniques. DoDo (Qin et al., 2024) approaches compression architecturally by dynami-
cally compressing the context via a trainable selector and compressor module to select and
compress the most important hidden states in each layer to reduce computational intensity
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while maintaining model performance. Our work addresses the issue from the perspective
of reducing input complexity via soft prompts.

3 Method

3.1 Framework

AutoCompressors are fine-tuned on base models and split long documents into a series
of segments Sy, ..., S, with variable lengths constrained to fit within the model’s context
window. For each token x; in a segment S; with m; tokens, the model is trained with the
unsupervised objective of minimizing cross-entropy loss when conditioned on the previous
tokens x1,...,x;_1 and the previous summary vectors o; :

1 & &
L=—=Y Y logp(xt|x1,...,x-1,0<)
N=i=
over all segments and total number of tokens N. We follow this training objective when
incorporating our method to fine-tune AutoCompressors.

3.2 Surprisal-Guided Segmentation

Our main contribution is implementing surprisal-based segmentation. The surprisal of a
token x; is the negative log probability of the token appearing given the preceding context
(Ji et al., 2023):

Surprisal(x¢) = —log P(xt | x<¢).

Surprisal captures the model’s uncertainty about the token in its generative context, thereby
representing the information contained within the token; higher surprisal corresponds to
more information, and lower surprisal corresponds to less information.

Token-level Segmentation. Given a tokenized input sequence X = [x1,X,...,X], we
define a segment S; = [xs];] N P xsj] by computing per-token surprisal via baseline model

inferencing and accumulating tokens until a fixed threshold 7 is exceeded:

k
siz=min{ ke {sj_1+1,...,n}| ) Surprisal(x;) > T
i:S]'_1+l

where s; 1 + 1 and s; are the start and end indices respectively of segment S;. If the length
of the segment exceeds the model’s context window before the threshold is reached, we
simply end the segment and begin a new segment. This procedure creates segments of
roughly equal cumulative surprisal. Unlike the original methodology, which specifies a
fixed number of segments for each training substep, we allow for a variable number based
on the information distribution of the input, creating more flexibility in the fine-tuning
process.

4 Experiments

41 Experimental Setup

We fine-tune an AutoCompressor model on a pre-trained OPT model (Zhang et al., 2022)
with 1.3 billion parameters, fine-tuning on 6K-token sequences from the Wikipedia sub-
domain of the Pile dataset (Gao et al., 2020) with a surprisal threshold of T = 1500. This
threshold was heuristically determined based on the total cumulative surprisal across
sample input sequences.

Fine-tuning was done with 2-3 NVIDIA H100 GPUs each with 80 GB of memory, with one
GPU solely dedicated to baseline model inferencing to obtain surprisal calculations. To
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Model Cross-Entropy 7 46 209 1071 4489 19972
OPT-1.3b 4.20 62.61 5553 5225 7440 5350 59.07
Baseline AC  2.66 67.16 6350 6046 7130 55.30 62.71
Dynamic AC  2.61 69.12 69.82 64.88 76.80 58.50 62.70

Table 1: Evaluation results for a baseline OPT-1.3b model, baseline AutoCompressor (AC),
and our dynamic AutoCompressor (AC). We evaluate cross-entropy loss on the Gutenberg
subdomain and ICL accuracy on the AG News dataset with 6 different seeds.

ensure that the input would not exceed the base model’s context window length during
inferencing, we apply the extended full attention methodology introduced in the original
work via extension of positional embeddings. Specifically, positional embeddings are reused
beyond the model’s context window length to allow for longer input sequences.

We evaluate our model by evaluating the out of domain cross-entropy loss on 6K-token
sequences from the Gutenberg subdomain (consisting of various works of literature) of the
Pile dataset. We split the input sequences into segments of 2,048 tokens except for the last
segment, which has fewer tokens. Then, we compress all segments except the last, pass
their summary vectors forward as soft prompts, and evaluate cross-entropy loss on the final
segment.

We also evaluate in-context learning (ICL) accuracy on the AG News benchmark, which
involves 4-way topic classification on news articles. Following the original implementa-
tion, we construct 10-shot prompts by sampling and concatenating 10 plain text training
examples.

4.2 Results

We display our results in Table 1. We compare to a baseline OPT-1.3b model with extended
full attention as well as an AutoCompressor model utilizing randomized segmentation as
in the original methodology.

Our dynamic AutoCompressor achieves lower cross-entropy loss (2.61) compared to the
baseline AutoCompressor (2.66) when evaluated on the out of domain Gutenberg dataset,
demonstrating improved generative model prediction. On the AG News classification
task, Dynamic AC outperforms the random segmentation baseline on most seeds, showing
performance gain due to surprisal-aligned compression. For example, on Seed 7 and Seed
209, dynamic AutoCompressor improves accuracy in text classification by approximately
+2% and +4.4%.

5 Discussion and Conclusion

We fine-tune an OPT model as an AutoCompressor using surprisal-based segmentation
when partitioning input, determining segment boundaries by a surprisal threshold. We
evaluate out of domain cross-entropy loss and ICL accuracy as compared to the pretrained
baseline model and the randomized segmentation AutoCompressor, showing improved
model performance. While gains are not uniform across all possible seeds or downstream
tasks, future experiments may provide deeper insights.

We were unable to fine-tune larger models as AutoCompressors or fine-tune and evaluate on
more subdomains due to budget and time constraints, potentially limiting generalizability.
We were also unable to adjust the surprisal threshold T as a hyperparameter for the same
reasons. Future work should consider scaling to larger models and explore the effect of
varying T for optimization, as well as evaluation on a wider range of tasks. Furthermore,
research is needed to consider the compression ratio presented by dynamic segmentation.
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