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ABSTRACT

Large language models apply uniform computation to all tokens, despite language
exhibiting highly non-uniform information density. We propose Dynamic Large
Concept Models (DLCM), which learn variable-length semantic concepts from
latent representations and perform reasoning in a compressed concept space. By re-
allocating computation from redundant token processing to concept-level reasoning,
DLCM enables adaptive compute allocation aligned with semantic structure. We
further introduce a compression-aware scaling law and a decoupled pP parametriza-
tion for heterogeneous token- and concept-level modules. With approximately 34%
lower inference FLOPs, DLCM achieves a 2.69% average improvement across 12
zero-shot benchmarks, with gains concentrated on reasoning-intensive tasks.

1 INTRODUCTION

Large Language Models (LLMs) have achieved remarkable success across natural language un-
derstanding, reasoning, and generation. Despite differences in scale and training data, nearly all
state-of-the-art models share a common architectural assumption: language is processed uniformly at
the token level, with identical depth and computation applied to every position in the sequence.

This assumption conflicts with the structure of natural language. Information density is highly
non-uniform: long spans of locally predictable tokens are interspersed with sparse but semantically
critical transitions where new concepts are introduced and reasoning difficulty concentrates. Yet
standard LLMs expend full computation on both regimes alike, leading to substantial redundancy and
systematic misallocation of model capacity.

More fundamentally, this inefficiency reflects a limitation of token-level modeling. Reasoning is
inherently hierarchical: humans reason over abstract units such as ideas or concepts before committing
to surface realizations. Token-level autoregressive models, however, lack any explicit abstraction
mechanism and are forced to repeatedly infer high-level structure implicitly through next-token
prediction.

Prior work has explored relaxing token-level computation, but with important limitations. Latent
reasoning approaches operate in continuous hidden spaces without explicit token generation, while
sentence-level concept models rely on fixed, human-defined segmentation. Neither allows models to
learn where semantic computation should be concentrated.

We argue that effective reasoning requires a learned intermediate granularity: neither raw tokens nor
predefined sentences, but variable-length semantic concepts discovered directly from representation
space. Based on this insight, we propose Dynamic Large Concept Models (DLCM), a hierarchical
next-token prediction framework that dynamically segments token sequences into concepts, performs
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Figure 1: Overview of DLCM.

Attend

)

deep reasoning in a compressed concept space, and reconstructs token-level predictions via causal
cross-attention.

This design decouples what to reason about from how to reason. By learning semantic boundaries
and relocating computation from redundant token processing to concept-level reasoning, DLCM
enables adaptive compute allocation aligned with information density.

Recent work such as H-NET Hwang et al.| (2025) demonstrates the promise of learned boundary
detection, but operates at the byte level and has not been validated in modern next-token prediction
pipelines. In contrast, DLCM introduces concept-level latent reasoning directly within standard
autoregressive language modeling.

Throughout this paper, we use the term concept to denote variable-length latent segments discovered
from representation space, rather than linguistically predefined units. DLCM implements this idea
through a four-stage pipeline (Figure|T):

1. Encoding: A lightweight encoder extracts fine-grained token representations.

2. Dynamic Segmentation: A boundary detector identifies semantic breakpoints via local
representational dissimilarity.

3. Concept-Level Reasoning: Tokens within each segment are pooled into concept represen-
tations, which are processed by a high-capacity transformer.

4. Token-Level Decoding: Token predictions are reconstructed via causal cross-attention to
the reasoned concepts.

By explicitly separating semantic abstraction from surface realization, DLCM allocates computation
based on semantic structure rather than token count, yielding improved modeling of high-information,
low-predictability regions.

Our main contributions are:
* Concept-level latent reasoning with learned boundaries. We introduce DLCM, a hierar-

chical next-token prediction architecture that learns variable-length semantic concepts and
performs deep reasoning in a compressed concept space.
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+ Compression-aware scaling laws. We derive a scaling law L(N, D, R, P) that captures the
interaction between model size, data, compression ratio, and concept-level capacity under
fixed FLOPs.

* Decoupled 4P for heterogeneous architectures. We adapt Maximal Update Parametriza-
tion to heterogeneous token- and concept-level modules, enabling stable training and zero-
shot hyperparameter transfer across widths and compression regimes.

* Improved reasoning efficiency with lower compute. At R = 4, DLCM reallocates
computation toward concept-level reasoning, reducing inference FLOPs by approximately
34% while improving average accuracy by 2.69% across 12 zero-shot benchmarks.

2 RELATED WORK

Standard LLMs allocate uniform computation to every token, ignoring that some tokens (e.g., pre-
dictable function words) require minimal processing while others (e.g., concept boundaries) demand
more effort Kaplan et al.|(2020); Hoffmann et al.| (2022). Recent work explores adaptive allocation
mechanisms. The Universal Transformer [Dehghani et al.| (2018)) introduced recurrence in depth,
applying the same transformation block repeatedly with a learned halting mechanism that determines
when each position has been sufficiently refined. Mixture of Experts (MoE) models |Shazeer et al.
(2017) achieve conditional computation by routing each token to a subset of expert sub-networks.
However, these approaches focus on parameter efficiency and scaling rather than fundamentally
addressing the information density problem.

H-NET Hwang et al.|(2025) directly addresses adaptive allocation through learned boundary detec-
tion. The model predicts semantic boundaries by analyzing local patterns (e.g., similarity between
consecutive hidden states), segments the sequence into variable-length chunks, and processes the
compressed chunk representations hierarchically. Critically, boundary detection is differentiable and
trained end-to-end, allowing task-appropriate chunking strategies to emerge Hwang et al.|(2025). This
yields substantial gains: learned boundaries align with linguistic structures even without supervision,
and compression (4-8x reduction) translates to quadratic attention savings [Hwang et al.| (2025). The
approach implicitly allocates more computation to high-information boundaries where new concepts
begin—precisely where prediction is most difficult. However, H-NET’s primary focus is on efficient
representation through hierarchical bit-level modeling rather than token-level generation in state-of-
the-art autoregressive LLMs Hwang et al.| (2025)). This leaves unaddressed the critical problem of
computational waste in modern decoder-only language models, where every token—regardless of its
predictability or information content—receives identical processing through the full model depth. Our
DCLM architecture bridges this gap by adapting H-NET’s dynamic boundary detection principles to
the token-level generation paradigm of current LLMs Brown et al.| (2020); Touvron et al.| (2023). By
segmenting sequences into concept chunks and performing compressed reasoning before token-level
decoding, DCLM enables adaptive computation allocation in the exact architectural context where it
matters most: next-token prediction in large-scale autoregressive models.

3 METHODOLOGY

3.1 OVERVIEW

We describe the core design of DLCM (Figure[I). DLCM consists of four stages: token encoding,
dynamic segmentation into latent concepts, concept-level autoregressive reasoning, and token-level
decoding:

H = £(x),
C = o(H), 0
Z = M(C),

¥ =D(H, 7).
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3.2 DYNAMIC SEGMENTATION

We hypothesize that concept boundaries correspond to sharp transitions in latent representations.
Given encoder outputs H, boundary scores are computed via local representational dissimilarity:

1 —cos(qs—1,kt)
= 5 ,
Tokens are grouped into variable-length segments according to predicted boundaries and pooled into
concept representations. A global regularization mechanism maintains a target compression ratio
while allowing content-adaptive granularity (details in Appendix).

Pt q: = Wihy, ki = Wihy. )

3.3 CONCEPT-LEVEL REASONING

The concept-level backbone M is a causal Transformer operating on the compressed concept
sequence C € RM*denan | Jts computational cost scales with M < L, allowing deeper reasoning to
be performed on semantic units rather than surface tokens:

Z = M(C). 3)
3.4 TOKEN-LEVEL DECODING

Token predictions are reconstructed via causal cross-attention to the reasoned concepts. For token
representations H and concept representations Z, decoding is defined as:

y =D(H,Z), “

where causality ensures that each token attends only to concepts formed up to its position. This design
bridges heterogeneous token- and concept-level representations, allowing concept-level reasoning to
directly guide next-token prediction.

3.5 IMPLEMENTATION AND EFFICIENT CROSS-ATTENTION

Packed Sequence Training. We adopt the variable-length (VarLen) training strategy from FlashAt-
tention |Dao et al.[(2022)) so that global compression statistics are computed over a diverse mixture of
tokens. This is essential for stabilizing batch-level compression regularization when sequence lengths
vary across samples.

Normalization for Heterogeneous Representations. Bridging token-level and concept-level
representations introduces heterogeneous activation statistics. Following prior work Henry et al.
(2020); Dehghani et al.| (2023), we apply RMSNorm to queries and keys before attention computation
to stabilize training:

Q' = RMSNorm(Q), K’ = RMSNorm(K). 5)

This normalization is applied consistently across both self-attention and cross-attention modules.

Training Objective. The overall objective combines next-token prediction with a global compres-
sion regularizer:
L= [:CE + Alcauxa (6)

where L., enforces a target average compression ratio at the batch level while allowing content-
adaptive variation.

Efficient Cross-Attention via Concept Replication. Decoder cross-attention must handle variable-
length alignments between tokens and latent concepts, which leads to irregular attention patterns in a
naive L x M formulation. Direct implementations with dynamic masks incur substantial overhead
due to irregular memory access.

To address this, we adopt a concept replication strategy that converts token—concept attention into
a standard causal pattern. For each token position, the corresponding concept representation is
replicated according to segment lengths:

K = repeat_interleave(K, segment_lengths), o

V = repeat_interleave(V, segment_lengths).

4
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This aligns the key/value sequence length with the token sequence length, enabling the use of
optimized FlashAttention kernels with standard causal masking. Conceptually, this is equivalent to
cross-attention with shared keys and values within each concept segment, analogous to grouped-query
attention.

4 DATA

To ensure experimental reproducibility, we build our corpus entirely from open-source data and
tokenize it using the DeepSeek-v3 |Liu et al.| (2024) tokenizer. Our corpus spans multiple domains, in-
cluding web text (English and Chinese), mathematics, and code, forming a comprehensive foundation
for core language understanding across linguistic, factual, and reasoning abilities.

The composition of our pretraining data is intentionally designed to serve two critical objectives.
First, it balances breadth and specialization: web text provides broad natural language coverage,
while mathematics and code enhance structured reasoning. Second, and more importantly for our
architecture, this diversity is essential for learning robust dynamic segmentation. By exposing
the model to domains with drastically different information densities (e.g., highly structured code
syntax vs. verbose natural language prose), we force the learned boundary predictor to discover
content-adaptive segmentation strategies that generalize across diverse tasks. English and Chinese
web text are weighted more heavily to ensure multilingual alignment, while specialized datasets
like MegaMath-Web and OpenCoder-Pretrain are included to fine-tune the model’s handling of
high-entropy transitions.

To demonstrate the architectural benefits of DLCM rather than gains from data curation, we do
not apply aggressive filtering; instead, we use data whose quality aligns with standard open-source
corpora. Table[I] summarizes the statistics.

Table 1: Statistics of the pretraining data. Total corpus: 1,000B tokens.

Source Ratio Tokens
Nemotron-CC |Su et al.| (2025) 50% 500B
MAP-CC Du et al.[(2024) 25% 250B
OpenCoder|Huang et al.| (2025)) 15% 150B
MegaMath|Zhou et al.|(2025) 10% 100B
Total 100% 1,000B

5 SCALING LAWS FOR DLCM

To determine the optimal architecture and hyperparameters for DLCM, we conduct a comprehensive
exploration using scaling laws. We first introduce a decoupled optimization strategy to handle the
heterogeneous nature of our architecture, followed by the mathematical formulation of our scaling
objectives.

5.1 DECOUPLED uP FOR HETEROGENEOUS ARCHITECTURES

Our architecture contains heterogeneous components with unequal widths at the token and concept
levels. To ensure stable optimization and zero-shot hyperparameter transfer across scales, we adopt a
decoupled Maximal Update Parametrization (uP), assigning separate width-dependent scaling rules
to token-level modules and the concept-level backbone. Specifically, learning rates and initialization
variances are scaled inversely with the respective module widths, ensuring consistent feature learning
dynamics across compression ratios and model sizes. Empirical validation confirms that pP-derived
hyperparameters tuned on a small proxy model transfer reliably to larger scales (Appendix [F).
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Figure 2: Full training trajectory fit. Compari-  Figure 3: Decay-phase fit. Fit on the final por-
son between predicted and empirical loss across  tion of training tokens, validating that the WSD
model sizes (274M-833M), compression factors  scaling law captures late-stage behaviour with
R € {2,4,8}, and training budgets. The joint fit ~ R? = 0.93.

achieves R? > 0.98.

5.2 COMPRESSION-AWARE SCALING LAWS
We extend the Chinchilla scaling framework to explicitly account for hierarchical compression and

architectural decomposition. The resulting loss model is:

Atoken + AconceptRA/ + Adata
(N(1=P))r = (NP)> D>’

L(N?DaR7P)2E0+ (8)

This formulation disentangles token-level processing, concept-level reasoning, and data scaling
under fixed compute. The compression exponent y captures the efficiency gain from reallocating
computation to the concept backbone.

Across all model sizes, we find that moderate compression (R = 4) and a majority allocation of
parameters to the concept backbone yield the best loss—FLOPs trade-off, balancing training stability
and reasoning capacity (Figure ).

5.2.1 DECAY-PHASE POWER LAW

Since our training protocol involves Weight-Sharing-and-Decay (WSD), we explicitly model the
late-stage regime. We fit a simplified decay law to the fractional loss reduction Agecay in the 90%-99%
token window:

Agecay = k L RPN )

stable

Obtained via log-linear regression, this model achieves R? = 0.93, accurately predicting late-stage
loss drops across all scales.

6 EXPERIMENTS

6.1 MAIN RESULTS

We compare DLCM against a parameter-matched baseline that follows the LLaMA [Touvron et al.
(2023) architecture. Both models are trained from scratch on our proprietary dataset, using the same
global batch size, learning rate, and sequence length as reported in the LLaMA paper. Each model is
trained on 1T tokens. Results on 12 standard zero-shot benchmarks are summarized in Table 21

Our model follows an encoder—compressor—decoder architecture with learned concept circulation,
explicitly redistributing computation from uniform token-level processing to adaptive concept-level
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reasoning. As a consequence, we do not expect uniform gains across all benchmarks. Instead,
performance differences directly reflect the architectural bias induced by semantic compression and
boundary-aware compute allocation.

Overall, DLCM achieves an average accuracy of 43.92 %, surpassing the baseline score of 41.23%
by +2.69 % . However, these gains are highly non-uniform across tasks, revealing a clear separation
between reasoning-dominant benchmarks and those that rely on fine-grained token-level alignment.

Reasoning-Dominant Tasks. We observe consistent and often substantial improvements on bench-
marks that emphasize multi-step reasoning, hypothesis selection, and implicit commonsense inference.
Notable gains are achieved on CommonsenseQA (+1.64%), HellaSwag (+0.67 %), OpenBookQA
(+3.00%), PIQA (+2.42%), and both ARC Easy (+2.61%) and ARC Challenge (+1.77%). These
tasks are characterized by non-uniform information density, where prediction difficulty concentrates
around semantic transitions rather than being evenly distributed across tokens. By compressing
locally predictable spans and allocating the majority of model capacity to a high-dimensional concept
backbone, DLCM focuses computation on structurally salient regions. This behavior is consistent
with our loss distribution analysis in Section 7.2, which shows systematic loss reduction near concept
boundaries.

Granularity-Sensitive Text Understanding. In contrast, we observe mild regressions on BoolQ
(-1.47%) and RACE (-0.72%). These benchmarks depend heavily on fine-grained sentence-level
entailment, polarity resolution, and subtle lexical cues. The encoder—compress—decode paradigm
inevitably reduces token-level granularity within concept interiors, which can obscure micro-level
distinctions required for such tasks. Importantly, this degradation is localized rather than uniform:
while boundary tokens are modeled more accurately, mid-concept positions may trade off fine-
grained precision for improved global coherence. This trade-off manifests as the U-shaped loss
profile observed in our mechanistic analysis.

Knowledge and Multilingual Benchmarks. For encyclopedic knowledge evaluation, we observe
mixed behavior. While C-Eval (+1.71%) benefits from adaptive segmentation enabled by the Global
Parser, slight regressions appear on MMLU (-0.30%) and CMMLU (-0.24%). These datasets reward
relatively uniform factual recall across tokens, leaving less opportunity for boundary-aware compute
reallocation. This result further supports our central claim: DLCM is structurally optimized for
reasoning under non-uniform information density, rather than uniform memorization-heavy retrieval.

Architecture and Parameter Efficiency. Although DLCM contains nearly 2x the total parameters
of the baseline model (2.3B vs. 1.3B), this increase is deliberately concentrated in the concept-level
backbone (dconcepr = 3072). Because this backbone operates on a sequence compressed by 4x, the
effective FLOPs per inference step remain comparable to the smaller baseline. This validates our core
design principle: shifting computation from redundant token-level processing to dense concept-level
reasoning enables substantially larger effective capacity without incurring proportional inference
cost.

6.2 ANALYSIS: COMPUTE ALLOCATION IN CONCEPT-BASED MODELS

6.2.1 EXPERIMENTAL SETUP

To isolate the impact of concept-based compression on model behavior, we conduct a controlled
comparison between our proposed concept model and a standard Transformer baseline. Both models
utilize the same backbone architecture (1.3B parameters) and were trained on an identical subset
of 100B tokens from our pretraining corpus. This ensures that any observed differences in loss
distribution are attributable solely to the compression mechanism and architectural changes, rather
than discrepancies in training data or compute budget.

6.2.2 Lo0OSS DISTRIBUTION ANALYSIS

To understand how the model allocates computational resources, we evaluate the loss distribution
across relative positions within concepts. We randomly select 600 validation samples and align
token-level losses by their position within a segmented concept (e.g., the i-th token in a concept).
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Table 2: Performance Comparison: DLCM vs. Baseline. Zero-shot accuracy (%) categorized by
task type. Improvements are shown in and regressions in red.

Task / Category = DLCM (Ours) Baseline Diff.

Multi-choice General Knowledge / Common Sense

Commonsense QA 21.38 19.74
HellaSwag 46.66 45.99
Winogrande 57.22 56.20
OpenBookQA 26.80 23.80

PIQA 75.52 73.10

ARC Challenge 34.81 33.04

ARC Easy 69.91 67.30

MMLU 25.40 25.70  -0.30
Multi-choice Text Understanding

BoolQ 62.54 64.01 -1.47
RACE 35.31 36.03 -0.72
Culture / Multilingual Knowledge

C-Eval 26.08 24.37
CMMLU 25.23 2547 -0.24
Average 43.92 41.23

Table 3: Architecture Details.

Metric Baseline DLCM (Ours)
General & Dimension Settings

Model Type Transformer DLCM
Total Params 1.3B 2.3B
Hidden Size (dioken) 1,536 1,536
Main Hidden (dconcept) - 3,072
Interm. Hidden (Self / Cross) 4k 6k
Layer Configuration

Total Layers 32 32
Enc / Back / Dec Layers - 10/16/6
Attention Configuration

Attn / Backbone Heads 24 48
KV / Backbone KV Heads 24 12/24

Figure 4] shows the average loss over the first 20 relative positions within each concept and the
corresponding difference A L. The results reveal a distinct “U-shaped” improvement pattern:

Boundary Proficiency (Positions 0-2 and 16+). The concept model consistently outperforms the
baseline near segment boundaries, indicating improved handling of semantic transitions. By explicitly
modeling concept boundaries, the model reduces ambiguity at the start and end of semantic units,
whereas the baseline treats tokens uniformly.

Internal Complexity (Mid-positions). In the middle of a concept (approximately positions 4—
15), performance is more mixed. Localized degradations (red bars) suggest a trade-off where
compression reduces fine-grained token-level precision in exchange for maintaining higher-level
semantic coherence.

This reallocation aligns with our hypothesis: the concept model sacrifices uniform token-level pre-
dictability (resulting in minor degradation at specific internal positions) to gain superior performance
at semantic boundaries and structurally critical tokens. This strategic trade-off allows the model
to ’spend” its capacity on maintaining global coherence, explaining the downstream improvements
despite non-uniform loss reduction.
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7 ABLATION STUDIES

7.1 GLOBAL REGULARIZATION VIA GRADIENT ACCUMULATION

To further stabilize the learned boundary predictor, we investigate an alternative regularization
strategy: computing the compression ratio loss over accumulated training examples rather than
individual sequences (Section[B]). This global regularization approach computes boundary statistics
Fiyiobat and Glgiobar across all tokens in K micro-batches.

We train two 2.3B parameter models for 1T tokens with a target compression ratio of R = 2: one
with per-sequence regularization ("Normal”) and one with global regularization (”Global Parser”).
Table @ presents the downstream performance and the actual realized compression ratios.
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Table 4: Ablation Study: Global Parser vs. Normal. Both models target R = 4. Global Parser
achieves a ratio closer to the target.

Task Global Parser Normal
ARC Challenge 0.3038 0.2858
ARC Easy 0.6296 0.6242
Commonsense QA 0.2457 0.2228
HellaSwag 0.3507 0.3499
OpenBookQA 0.3220 0.3280
PIQA 0.6806 0.6785

Avg. Improvement =
Realized Ratio (R~4) 3.92 3.15

The global regularization approach achieves consistently better performance across most tasks (5
out of 6). Crucially, as shown in the bottom row of Table the Global Parser maintains a realized
compression ratio (~3.9) much closer to the target (4.0) compared to the Normal formulation, which
tends to degrade towards lower compression.

The key insight is that enforcing a fixed compression ratio per sequence is overly restrictive. Real-
world data exhibits varying information density. By relaxing the constraint to operate at the batch
level, the global regularization allows the model to learn adaptive behavior—compressing repetitive
code more aggressively while preserving dense technical text—effectively allocating the compression
”budget” where it matters most.

7.2 CONTENT-ADAPTIVE COMPRESSION BENEFITS

To verify the adaptive behavior enabled by global regularization, we analyzed the segmentation
granularity across different domains. Table [5] presents empirical measurements of the average tokens
per concept.

Content Type Target 8x Target 4x Target 2x
Casual English 7.47 3.53 1.76
Casual Chinese 8.38 4.36 1.76
Technical English 10.58 3.85 1.92
Technical Chinese 6.09 3.27 1.76
Code 6.14 3.66 1.98
Math/Science 7.42 4.41 1.91

Table 5: Average tokens per concept across content types and compression ratios. Values represent
the actual granularity achieved for each target compression setting.

The data reveals significant variation in compression density across content types. For instance, at
the 8x target, Technical English retains significantly more tokens per concept (10.58) compared to
Technical Chinese (6.09) or Code (6.14).

While the precise ranking of “optimal” length varies across compression targets (as noted in the
fluctuation between content types), the existence of this variation is the critical finding. It confirms
that the global regularization mechanism successfully decouples the compression objective from
rigid per-sequence constraints. The model is not forcing a uniform segment length; instead, it adapts
the granularity based on the inherent semantic density of the content. Code and structured text tend
to be compressed into shorter, syntactic units, whereas dense prose is preserved in longer semantic
chunks. This adaptivity—regardless of the specific order—allows the model to maximize information
retention within the global compression budget.

10
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8 CONCLUSION

We introduced Dynamic Large Concept Models (DLCM), a hierarchical language modeling frame-
work that departs from uniform token-level computation. By learning semantic boundaries from latent
representations and shifting computation from tokens to variable-length concepts, DLCM enables rea-
soning to occur in a compact, semantically aligned space. We further proposed a compression-aware
scaling law and a decoupled pP parametrization for principled and stable optimization in heteroge-
neous architectures. Empirically, DLCM achieves consistent improvements on reasoning-intensive
benchmarks while reducing redundant computation, demonstrating a favorable accuracy—efficiency
trade-off. These results suggest that effective scaling of language models depends not only on increas-
ing parameters or data, but also on allocating computation according to semantic structure. More
broadly, our findings highlight concept-level abstraction as a practical mechanism for integrating
adaptive computation into autoregressive language models.

IMPACT STATEMENT

This work aims to advance the field of machine learning by improving the efficiency and scalability
of large language models. Dynamic Large Concept Models (DLCM) introduce adaptive concept-level
processing that reallocates computation toward semantically informative regions, enabling more
efficient use of model capacity without increasing overall computational cost. We do not anticipate
negative societal impacts beyond those commonly associated with large-scale language modeling.
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A  SEGMENTATION EXAMPLES

We provide representative examples of how boundary prediction behaves under different compression
ratios across three content types: casual English text, Python code, and mathematical exposition.
Predicted segment boundaries are denoted using a vertical bar (| ).

A.1 CASUAL ENGLISH TEXT

Original (90 tokens).
So I’ve been trying to perfect my morning coffee routine lately. It’s funny how something
so simple can have so many variables. I started with a basic drip machine, which was fine,
but a bit boring. Then I went down the French press rabbit hole — way more flavor, but the
cleanup is a real hassle, you know?

Compression 8x (11 segments).
SoI |’ve been trying to perfect my morning coffee routine lately. |It’s funny how something
| so simple can have so many variables. |I started with | a basic drip machine, which | was
fine, but a | bit boring. | Then I went down the French press rabbit hole | way more flavor,

but the cleanup is a | real hassle, you know?

Compression 4 x (35 segments).
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So I |’ve been trying |to perfect | my morning coffee routine lately. |It’s | funny how
something | so simple can | have so many variables. |I started | with |a basic drip machine,
which was fine, but | a bit boring.

Compression 2x (56 segments).

Sol |’ve |been trying to | perfect |my | morning coffee routine |lately. |It |’s funny how
| something so |simple | can |have so many | variables.

A.2 PYTHON CODE

Original (87 tokens).

import torch
from torch.utils.data import Dataset, Dataloader
class SimpleTextDataset (Dataset) :
"""A simple dataset for loading text data."""
def _ init__ (self, texts, tokenizer, max_length=128):
self.texts = texts
self.tokenizer = tokenizer

Compression 8x (12 segments).

import torch | from torch.utils.data import Dataset, Dataloader
class SimpleTextDataset (Dataset):

"""A simple dataset for loading text data."""

def _ _init__ (self, texts, tokenizer, max_length=128):
self.texts = | texts | self.tokenizer = | tokenizer

Compression 4 x (29 segments).

import torch | from torch.utils.data | import Dataset | , Dataloader

class Simple | TextDataset (Dataset): | """ | A | simple dataset for
loading text data."""

def | __init__ (self, texts, tokenizer, max_length= | 128):

self.texts = | texts

Compression 2x (58 segments).

import | torch | from torch.utils.data import | Dataset, | DatalLoader

class | Simple | TextDataset (Dataset): | """ | A simple | dataset for
loading text data."""

def | __init__ (self, | texts, | tokenizer | , | max_length= | 128):

self | .texts | = | texts

A.3 MATHEMATICAL TEXT

Original (95 tokens).
Euler’s formula is a mathematical formula in complex analysis that establishes the fun-
damental relationship between the trigonometric functions and the complex exponential
function. The formula states that for any real number z, €** = cos(z) + i sin(z), where e
is the base of the natural logarithm and i is the imaginary unit.

Compression 8x (13 segments).
Euler’s formula is a | mathematical formula in complex analysis that establishes |the
fundamental relationship between the trigonometric functions and the complex exponential
function. | The formula states that | for any real number x, e'® = | cos(z)+4sin(x), | where

e |is the |base of the natural logarithm, ¢ is the |imaginary unit.

Compression 4 x (32 segments).
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Euler’s |formulais | a mathematical formula in | complex analysis that establishes | the fun-
damental relationship between | the trigonometric functions and the |complex exponential
function. | The formula states | that for any | real number z |, e = | cos(z) + isin(z),
| where e |is |the base of the natural logarithm.

Compression 2x (61 segments).

Euler |’s |formulais |a | mathematical formula |in | complex analysis that | establishes
| the fundamental relationship between | the trigonometric functions |and | the complex
exponential |function. |The |formula states |that |for |any |real number z |, |e'® =
[cos(z) |+ lisin(z),

B IMPLEMENTATION DETAILS

Packed Sequence Training. We adopt the Variable Length (VarLen) training strategy from FlashAt-
tention [Dao et al.| (2022) to ensure that global compression statistics are computed over a diverse
mixture of tokens. This is particularly important for stabilizing batch-level compression regularization
when sequence lengths vary significantly across samples.

Normalization for Heterogeneous Representations. Bridging token-level and concept-level
representations introduces heterogeneous statistical properties. Following prior work Henry et al.
(2020); Dehghani et al.| (2023), we apply RMSNorm to queries and keys before attention computation
to stabilize training:

Q' = RMSNorm(Q), K’ = RMSNorm(K). (10)
This normalization is applied consistently across both self-attention and cross-attention modules.

Training Objective. The overall objective combines next-token prediction with a global compres-
sion regularizer:

£:£0E+)\£auxa (11)

where L., enforces a target average compression ratio at the batch level while allowing content-
adaptive variation.

C EFFICIENT CROSS-ATTENTION VIA CONCEPT REPLICATION

The decoder cross-attention in DLCM must handle variable-length mappings between tokens and
latent concepts, leading to irregular attention patterns in the naive formulation. Specifically, tokens
attend to a compressed concept sequence whose alignment depends on dynamically predicted segment
boundaries.

Directly implementing such irregular L x M attention with dynamic masks incurs substantial overhead
due to irregular memory access and mask construction. To address this, we adopt a concept replication
strategy that converts the problem into a standard causal attention pattern.

For each token position, the corresponding concept representation is replicated using
repeat_interleave according to segment lengths, producing aligned key and value sequences:

K = repeat_interleave(K, segment_lengths), 'V = repeat_interleave(V, segment_lengths).
(12)

This transformation aligns the key/value sequence length with the token sequence length, enabling
the use of highly optimized FlashAttention kernels with standard causal masking. Conceptually, this
can be viewed as a specialized form of self-attention in which keys and values are locally constant
within each concept segment.
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Flash Attention Varlen Speedup vs Sequence Length
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Figure 6: Flash Attention Varlen speedup (Tjex /Thash) VS. sequence length. This plot visualizes the
data from Table |§|

Table 6: Performance comparison (Batch=1, Heads=32, Interval=6).

SeqLen Hidden Flex (ms) Flash Varlen (ms) Speedup

2048 1024 32.35 22.48 1.44 %
2048 2048 33.31 22.58 1.48
2048 4096 3242 22.56 1.44 %
4096 1024 59.75 45.15 1.32x
4096 2048 60.72 45.17 1.34 %
4096 4096 65.88 45.48 1.45x
8192 1024 116.35 91.42 1.27 %
8192 2048 114.65 90.66 1.26x
8192 4096 142.75 96.79 1.47 x
16384 1024 314.35 186.21 1.69 %
16384 2048 323.53 186.83 1.73 %
16384 4096 315.69 190.38 1.66x

D KERNEL BENCHMARKS

We benchmark the proposed concept replication strategy against a baseline implementation using
Flex Attention with dynamic masking. Benchmarks are conducted using isolated kernel profiling to
measure end-to-end attention latency under varying sequence lengths and hidden dimensions.

Hidden sizes (1024, 2048, 4096) are selected to evaluate algorithmic scalability rather than to match
the exact architectural dimensions of DLCM. We report the relative speedup Thex/THash-

Across all tested configurations, FlashAttention with concept replication consistently outperforms
Flex Attention, with speedups ranging from 1.26x to 1.73 x. Notably, the performance advantage
increases with sequence length, indicating that the overhead of dynamic mask generation and irregular
memory access dominates at longer contexts.

These results suggest that concept replication offers a practical and scalable solution for integrating
dynamic segmentation with efficient autoregressive decoding, without requiring custom attention
kernels.
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Figure 7: Cross-Attention Optimization via Concept Replication. Left: The decoder’s cross-
attention creates an irregular L x M mask due to variable token-to-concept mappings. Right: By
replicating concepts via repeat_interleave to match token positions, we obtain a standard
L x L causal mask, enabling optimized Flash Attention kernels.

E DETAILS OF DYNAMIC SEGMENTATION

E.1 BOUNDARY SAMPLING STRATEGY

While boundary probabilities p; are learned continuously from latent representations, downstream
concept formation requires discrete segmentation decisions. During training, we adopt stochastic
sampling to encourage exploration, while inference uses deterministic thresholding for stability.

Specifically, during training we sharpen probabilities using a temperature parameter and sample
boundary indicators b; ~ Bernoulli(p;). During inference, we apply a hard threshold rule b; = [p; >
0.5]. This decoupling allows stable optimization while preserving adaptive granularity.

E.2 GLOBAL COMPRESSION REGULARIZATION

To maintain a target average compression ratio i while allowing content-adaptive local variation, we
impose constraints at the global batch level. Let 7 denote all tokens across the distributed batch. We
define:

Gilobal = | Z Pirts (13)
('Lt )ET

Fglobal = Z bz te (14)
(1 t)eT

We optimize an auxiliary loss that encourages Fyiobal to match the expected boundary rate 1/R,
while allowing per-sequence deviation. This mechanism, referred to as the Global Parser, enables
stable, content-adaptive compression across heterogeneous batches.
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F DECOUPLED pP FOR HETEROGENEOUS ARCHITECTURES

F.1 WIDTH-DEPENDENT PARAMETERIZATION

Unlike standard transformers with uniform width, DLCM contains heterogeneous components
operating at different dimensionalities. Token-level modules operate at width dien, While the
concept-level backbone operates at width deoncept-

We define width multipliers relative to a base width dpyge:

dtoken dconcept ( 1 5)

»  Sconcept —

Stoken =

dbase dbase

Initialization variances and optimizer hyperparameters are scaled inversely with the corresponding
width multiplier, following the Maximal Update Parametrization (uP) principle.

F.2 LEARNING RATE AND INITIALIZATION SCALING

Hidden-layer weights are initialized with variance o,.s~*, where s corresponds to the component
width. Learning rates for token-level modules and the concept backbone are scaled as:
base _—1

Ne,D = ThokenStoken? (16)
__ . base -1
TIM = TlconceptSconcept* 17)

Embedding layers and bias parameters retain fixed learning rates. The decoder output projection is
scaled during the forward pass to ensure logits remain O(1) across widths.

F.3 HYPERPARAMETER TRANSFER VALIDATION

Following Yang et al.| (2022), we tune base learning rates on a small proxy model (87M parameters)
and verify zero-shot transfer to larger models (up to 834M). Empirical sweeps confirm that the
optimal learning rates predicted by P remain near-optimal across scales, validating the effectiveness
of decoupled parameterization for heterogeneous architectures.

G EXTENDED SCALING LAW ANALYSIS

G.1 EXPERIMENTAL GRID

Scaling experiments vary the compression ratio R € {2, 4,8} and the concept-backbone parameter
ratio P € {30%, 50%, 70} across three model scales (274M, 468M, 834M parameters). All models
are trained on identical token budgets, and scaling exponents are shared globally across configurations
to avoid post-hoc overfitting.

G.2 DECAY-PHASE POWER LAW

To account for late-stage optimization behavior under Weight-Sharing-and-Decay (WSD), we fit a
simplified power law to the fractional loss reduction in the final training window:

Adecay = kLs?ableRch' (18)

The resulting fit achieves R? = 0.93, accurately capturing late-stage convergence behavior across
compression ratios and model sizes.

G.3 FULL-TRAJECTORY FITTING

We jointly fit the full training trajectory using the proposed compression-aware scaling law. The
combined estimator achieves R? > 0.98 across all evaluated configurations, indicating strong
generalization across architectural and data scales.
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H EFFICIENT CROSS-ATTENTION VIA CONCEPT REPLICATION

Dynamic segmentation induces irregular token-to-concept attention patterns that are inefficient to
implement directly. To address this, we adopt a concept replication strategy that converts irregular
L x M attention into standard L x L causal attention.

For each token position, the corresponding concept representation is replicated using
repeat_interleave based on segment lengths:

K = repeat_interleave(K, segment_lengths), (19)
V = repeat_interleave(V, segment_lengths). (20)

This enables the use of highly optimized FlashAttention kernels without requiring custom attention
operators.

I KERNEL BENCHMARKS

We benchmark the concept replication strategy against Flex Attention with dynamic masking using
isolated kernel profiling. Hidden sizes of 1024, 2048, and 4096 are evaluated to assess algorithmic
scalability.

Across all tested configurations, FlashAttention with concept replication consistently outperforms
Flex Attention, with speedups ranging from 1.26 x to 1.73 <. Notably, the relative advantage increases
with sequence length, indicating superior scalability under long-context decoding.

These results demonstrate that dynamic segmentation can be integrated into autoregressive decoding
efficiently using existing optimized kernels.

1.1 ANALYSIS: END-TO-END DISCRETE BOUNDARY LEARNING VS. DECOUPLED
SEGMENTATION

This experiment compares two boundary prediction mechanisms for sequence compression: a learned
neural predictor with compression rate regularization (Section|BJ) and a rule-based predictor using
cosine similarity. Starting with sequences of length L = 8192, we track the average compressed
length during training.

Figure ] reveals starkly different behaviors. The learned predictor (red) exhibits severe instability:
after initial compression to ~2000 tokens, the compressed length steadily increases, eventually
stabilizing at ~4300 tokens (1.9 x compression). This “creep-up” indicates the model progressively
learns to compress less over time. In contrast, the rule-based predictor (purple) demonstrates
exceptional stability, rapidly converging to ~2000 tokens (4x compression) and maintaining this
level consistently throughout training.

The learned predictor’s instability stems from conflicting optimization objectives. Despite the
compression rate regularization term L,,x designed to maintain the target compression ratio R, the
primary cross-entropy (CE) loss creates much stronger gradients that penalize information loss and
discourage compression:

VoLow = VoLlcg +A  VoLau 2h
S~—— ~——
anti-compression pro-compression

Since | Vo Lcg|| > A||VoLaux], the CE loss eventually dominates, forcing the predictor to reduce
segmentation despite the regularization term.

The rule-based predictor avoids this conflict through a fixed decision rule: p; = %, with

boundaries inserted when p; > 7. While the representations h; are learned, the segmentation rule
itself is not optimized by the CE loss. This decoupling prevents the task loss from undermining the
compression mechanism, ensuring stable and controllable compression ratios through the threshold
parameter 7.
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