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Abstract

Most approaches to long-context processing increase the complexity of the trans-
former’s internal architecture by integrating mechanisms such as recurrence or
auxiliary memory modules. In this work, we introduce an alternative approach that
modifies the input representation itself, rather than the transformer architecture.
Inspired by cognitive models of human memory, our method applies a scale-
invariant logarithmic compression to the input tokens. The resulting compressed
representation is processed by a standard, unmodified transformer, preserving ar-
chitectural simplicity. We evaluate this approach on the WikiText-103 and PG-19
language modeling benchmarks, showing a reduction in perplexity compared to
uncompressed baselines. Moreover, performance improves consistently with longer
compressed temporal contexts, showing that input-level logarithmic compression
is a simple and effective way to extend a transformer’s long-range memory.

1 Introduction

Transformers have become a dominant architecture for sequence modeling across domains such as
language modeling, time-series forecasting, and dialog systems (Vaswani et al., 2017; Lim et al.,
2021; Devlin et al., 2019), yet their ability to process long sequences is constrained by the quadratic
complexity of self-attention (Child et al., 2019; Beltagy et al., 2020). Existing solutions typically
modify the model’s architecture, employing segment-level recurrence (Dai et al., 2019; Rae et al.,
2019; Bulatov et al., 2022), external memory modules (Graves et al., 2014; Weston et al., 2015; Ko
et al., 2024; Kang et al., 2025), or sparse and approximate attention mechanisms (Wu et al., 2022;
Child et al., 2019; Beltagy et al., 2020; Zaheer et al., 2020; Kitaev et al., 2020; Choromanski et al.,
2021; Wang et al., 2020), which often increases complexity and introduces state dependencies. In
contrast, our work proposes a scale-invariant input transformation that compresses the input history
before it reaches a standard transformer, requiring no architectural changes. Inspired by cognitive
models of human memory that posit a logarithmic encoding of temporal information (Shankar &
Howard, 2012; Howard et al., 2014; Tano et al., 2020; Findling et al., 2025; Tiganj et al., 2019;
De Vries & Principe, 1992; Grossberg & Schmajuk, 1989) and their applications in deep neural
networks (Jacques et al., 2021, 2022; Mochizuki-Freeman et al., 2024), our method uses a bank of
unimodal temporal filters to produce a log-compressed memory of the distant past. This compressed
representation is concatenated with recent uncompressed tokens, preserving compatibility with
existing attention mechanisms and supporting stateless batching. Evaluation on the WikiText-103
and PG-19 benchmarks shows that this approach improves perplexity over uncompressed baselines,
with performance increasing as the compressed memory length grows.
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2 Model

We use a log-spaced bank of scale-invariant filters with impulse response Φ(t,
∗
τ) = kk+1
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where k controls width and the peaks
∗
τ i are geometrically spaced (Fig. 1), yielding rescaled copies

that tile log-time. Let f(t) ∈ Rd denote the token embedding at discrete step t. The compressed
representation at time t is obtained by a causal, depth-wise 1-D convolution:
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f(t− t′). (1)

For each scale
∗
τ , f̃(t,

∗
τ) is a smoothed, lagged estimate of f(t− ∗

τ) (Fig. 1C) termed Scale-Invariant
Temporal History (SITH) (Jacques et al., 2021, 2022; Shankar & Howard, 2012). We truncate the
impulse responses at a finite horizon M ; in our experiments, we set M =

∗
τmax. All operations

are vector-valued: the filter bank is applied independently to each embedding dimension (depth-
wise 1-D convolution) to produce L d-dimensional “compressed slots” which are normalized via
LayerNorm (Ba et al., 2016) and concatenated with the m most recent uncompressed tokens (Fig. 2)
and subsequently processed by standard transformer layers (Fig. 3).

A B C

Figure 1: Log-compressed impulse responses from ten f̃ neurons with k = 50 show log-spaced
peak times and a constant coefficient of variation (broader responses at later peaks). B. The same
responses plotted on a log-time axis are uniformly spaced with equal widths. C. At time 30, f̃
neuron activations form a log-compressed memory of the input, approximating past values with finer
resolution for more recent events. Grayscale dots correspond to impulse responses in panels A–B.
Additional visualizations for k = 10 and k = 100 are shown in Fig. A1.

A B

Figure 2: A. Illustration of compressed memory applied to the input sequence. A subset of the last m
tokens, with m = 4 in this example, is used to compute four keys, queries, and values. The rest of
the input sequence is used as an input to the compressed memory composed of L filters (L = 4 in
this example), producing an additional four keys, queries, and values. B. Illustration of a standard
transformer where each token in the sequence is used to generate keys, queries, and values.

Forming the compressed memory costs O(MLd) once per input chunk (depth-wise 1-D convolution
over embeddings of size d). Multi-head attention then runs on a fixed length m + L sequence
with cost O

(
(m + L)2d

)
per layer, instead of O

(
(m +M)2d

)
if the entire history were attended

directly. Compression is applied only once as a preprocessing step before the first transformer
block; subsequent layers operate on the concatenated sequence of fixed size. The training loss is
computed only over the m uncompressed tokens. This approach allows the model to efficiently
leverage information from a much longer context without incurring the full quadratic cost of attention
over the entire sequence.
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Figure 3: Architecture of the transformer based on scale-invariant compression. Compressed rep-
resents the portion of the input that is compressed with the scale-invariant filters, UC represents
the uncompressed portion of the input. Norm depicts Layer Normalization, Add depicts residual
connections, and Feed-Forward depicts a multi-layer perceptron at the end of each layer. At the
Multi-Head Attention block in the first layer N0, the output of the scale-invariant compression is
concatenated with the uncompressed portion and projected to form queries, keys, and values. In
subsequent layers NX , where X is the layer number, the input is passed through without additional
compression.

Fig. 4 compares strategies for modeling long-range dependencies. Transformer-XL, Compressive
Transformer, and Recurrent Memory Transformer process input sequentially in segments, passing
state between them via caching, compression, or recurrence (purple and red memory blocks and
arrows). Our scale-invariant compression instead preprocesses the input: a subset of the full input
(gray) is logarithmically compressed (red) into a fixed-size representation and combined with recent
uncompressed tokens (green). This joint input is then processed by a standard transformer (blue
layers) without cross-segment state management.

Figure 4: Comparison of long-context approaches. Transformer-XL, Compressive Transformer, and
RMT handle long range by carrying state across segments (caching, compression, or recurrence).
Our approach performs scale-invariant compression of the distant past to yield a fixed-size memory
concatenated with recent tokens.

3 Training and Evaluation

Experiments were conducted on WikiText-103 (Merity et al., 2016) and PG-19 (Rae et al., 2019).
WikiText-103 contains over 100M words from Wikipedia, while PG-19 comprises 28k Project
Gutenberg books (1.9B words) exceeding 100k words each, designed for long-context modeling.
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We trained transformer models and examined the effects of compression parameter k, and number of
filters L, using an uncompressed sequence length of 256 tokens and k ∈ {100, 150, 200}. We fix the
geometric spacing constant to c = 0.19. With

∗
τmin = 1, the filter peaks are

∗
τ i =

∗
τmin(1 + c)i−1, i = 1, . . . , L,

which implies
∗
τmax =

∗
τmin(1+ c)L−1. Thus increasing L exponentially increases the temporal span

(e.g., L = 53 ⇒ ∗
τmax ≈ 8192 tokens). In our sweeps we varied L ∈ {5, 9, . . . , 53}, corresponding

to filter windows from 2 to 8192 tokens.

For each k, we trained 13 models with L log-spaced filters (5–53), spanning window sizes from
2–8192 tokens. Each setting included a compression model (Fig. 2A) and a delta-pulse control
(Fig. 2B) that bypassed compression via shift-register buffers, equivalent to retaining embeddings of
the L preceding tokens. All models followed the GPT-2 Small architecture (Radford et al., 2019)
(12 layers, 12 heads, 768-d embeddings, 3,072-d MLP, 50,304 vocab (50,257 rounded up to the
nearest multiple of 64 for training efficiency); ∼124M parameters) with minor variation in number
of parameters due to size of the learned positional encoding. Training used AdamW (β=0.9,0.95),
weight decay 0.1, linear warmup for 700 steps to a peak learning rate of 6× 10−4 with cosine decay
to 6 × 10−5, batch size ∼16,384 tokens/step, gradient clipping 1.0, and no dropout. Each model
trained ∼48h on a 40 GB A100 GPU (90 epochs on WikiText-103; 4 on PG-19). We used a sliding
window with stride m when forming batches, computing loss only over the m uncompressed tokens
at each step. We report raw perplexity as the perplexity computed using the GPT-2 BPE tokenizer,
given by eLossµ , where Lossµ denotes the average cross-entropy over the tokenized train or test subset.
Following Rae et al. (2019) we report per-word perplexity as eLosstot/nwords , where Losstot denotes the
total cross-entropy over the tokenized subset and nwords is the total number of words in the given
subset. This facilitates direct comparisons between our GPT-2 BPE tokenizer-based models and other
models using whitespace tokenization.

4 Results

The proposed scale-invariant compression filters consistently improve model performance by effi-
ciently extending the temporal context on both the WikiText-103 and PG-19 datasets. This approach
outperforms a control model using simple delta pulse filters, particularly as the number of memory
filters L increases. As shown in Fig. 5, test perplexity on both datasets generally decreases as the
number of filters L increases, with small non-monotonicities. Because the filter peaks are geometri-
cally spaced, this corresponds to an approximately log-scale dependence on the maximum filter peak
time (see Appendix A for numerical values of perplexity in each tested condition). This improvement
becomes most apparent when the temporal context window significantly exceeds the number of filters
(e.g., for L > 17 on WikiText-103 and L > 21 on PG-19), underscoring the benefit of capturing
long-range dependencies.

A B

Figure 5: Test set perplexity decreases as the number of filters L increases. WikiText-103 (A) shows
an approximately linear decline; PG-19 (B) shows a downward, step-like trend with a knee around
mid-range L. The top axis indicates the corresponding filter window τmax (geometric spacing). The
results are consistent for different values of k.
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On WikiText-103, our best model achieved a per-word perplexity of 23.56 (with L = 53 filters
covering an 8192-token window). As detailed in Table 1, this result is competitive with other
transformer architectures utilizing long-context memory approaches with similar parameter counts.
While these results are promising, we acknowledge that models with significantly more parameters
(over 200M) achieve lower perplexity scores. The performance trend was replicated on the PG-19
dataset, though a direct comparison with other models was not possible due to a lack of published
results at a similar scale or with per-word normalization of perplexity.

Model # param Attn. Length Per-word PPL
Delta Pulse Filters (Our control model) 124M 309 25.48
Transformer-XL Standard (Dai et al., 2019) 151M 300 24.00
RMT (Bulatov et al., 2022) 151M 175 24.85
Transformer-XL + RMT (Bulatov et al., 2022) 151M 310 23.99
Scale-Invariant Compression Filters (Ours) 124M 309 23.56

Table 1: Comparison of transformer models of similar size (# param) on the WikiText-103 test set.
Our model achieves the lowest per-word perplexity. Attn. Length is the input size considered by
attention (m+L for our model, with m = 256 uncompressed tokens plus L = 53 compressed inputs
giving the total of 309 tokens).

5 Discussion

Unlike transformers, the human brain does not store a verbatim record of linguistic input. Instead, it
learns statistical regularities in language by dynamically maintaining a memory representation of the
recent past (Saffran et al., 1996; Kuhl, 2004). Cognitive scientists have argued that this representation
forms a mental timeline of the past (Brown et al., 2007; Howard et al., 2015). Consistent with scale-
invariant power-law decay of memory (Ebbinghaus, 2013; Wixted, 2004) and the Weber–Fechner
law (Fechner, 1860), this timeline is thought to have a temporal resolution that gradually decreases
from recent to distant events, yielding a logarithmically compressed representation. Neuroscience
studies support this view, reporting neurons that activate sequentially with logarithmically compressed
temporal receptive fields (Cao et al., 2022; Tiganj et al., 2018; Eichenbaum, 2014). Our approach
augments transformer input representations with such a memory timeline, enabling the model to
capture temporal dependencies across a wide input range. Logarithmic compression implies that
the effective temporal range expands exponentially with the number of attention scores, offering
a resource-efficient representation. Moreover, it entails that the density of neurons decreases as
a power-law function of the peak times of their receptive fields. Power-law decay of long-range
correlations is a pervasive phenomenon observed in DNA sequences (Mantegna et al., 1994), musical
rhythm spectra (Levitin et al., 2012), earthquake statistics (Abe & Suzuki, 2004), and natural
language (Ebeling & Neiman, 1995; Altmann et al., 2012). Lin & Tegmark (2017) similarly showed
that mutual information between symbols can decay as a power law with increasing separation in
context-free grammars. Integrating transformer architectures with power-law–decaying memory thus
provides a principled framework for modeling domains where such statistical regularities naturally
arise. A complementary, neurally motivated time-local transformer builds a log-compressed timeline
via fixed recurrent dynamics and attends to it at each step, trading higher per-step compute for strict
time-locality and greater biological plausibility (Dickson et al., 2025).

6 Conclusion

Our approach augments transformers with a scale-invariant memory inspired by a cognitive model
of human memory. By incorporating temporal logarithmic compression as an input preprocessing
step, our model efficiently encodes long-range dependencies into a fixed-size representation, allowing
a standard transformer architecture to capture these dependencies effectively while maintaining
computational tractability. Through experiments on the WikiText-103 and PG-19 datasets, we
demonstrated that our model outperforms other transformer models of similar size. The observed
gradual decrease in perplexity with increased temporal context highlights the efficacy of the scale-
invariant memory representation in capturing long-range correlations. These findings illustrate that
integrating cognitive principles into neural architectures can lead to more efficient language models.
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A Additional visualizations and results

D E F

G H I

Figure A1: Continuation of Fig. 1. D, E, F. Same as panels A, B, C in the main text, but for k = 10.
Note that a lower value of k results in wider filters but does not break the scale-invariance. Wider
filters smooth the signal more, making the memory representation less able to follow changes in the
signal (panel F). G, H, I. Same as panels A, B, C, but for k = 100. For very large values of k, the
filters become narrower, making the space between them larger. Tokens that fall between peaks of the
filters get less well represented than tokens that fall closer to the peaks.

# Filters Delta Filters Filter Window Scale-Invariant Compression Filters

PPL (
∗
τmax) k = 100 k = 150 k = 200

Raw / Per-Word Raw / Per-word Raw / Per-word Raw / Per-word

5 19.26/30.78 2 19.74/31.31 19.71/31.26 19.77/31.37
9 19.14/30.44 4 19.46/30.80 19.45/30.80 19.47/30.82
13 19.02/30.10 8 19.03/28.46 19.00/28.41 19.20/28.75
17 18.89/29.76 16 18.97/30.87 18.75/30.45 18.88/30.69
21 18.67/28.92 32 18.56/28.72 18.47/28.56 18.52/28.64
25 18.70/29.79 64 18.23/28.91 18.24/28.93 18.34/29.13
29 19.03/28.82 128 18.29/27.54 18.26/27.49 18.31/27.58
33 18.29/28.67 256 17.56/27.35 17.58/27.39 17.48/27.21
37 17.91/25.37 512 17.36/24.51 17.19/24.24 17.13/24.14
41 18.12/29.89 1024 17.18/28.07 17.20/28.12 17.09/27.90
45 17.97/27.41 2048 17.00/25.72 17.03/25.78 17.07/25.85
49 17.96/28.08 4096 17.02/26.38 17.00/26.35 17.02/26.38
53 17.98/25.48 8192 16.89/23.76 16.86/23.71 16.76/23.56

Table A1: WikiText-103 perplexity on the test set for an uncompressed size of 256. Baseline
represents delta pulse filters where no compression occurs (control model). Our model, based on
scale-invariant compression filters, was evaluated with k = 100, k = 150, and k = 200. Note that
∗
τmax value is relevant only for our scale-invariant compression model. Each column reports two
metrics in the format PPL / Per-Word PPL: PPL is the raw perplexity computed using the GPT-2
tokenizer, and Per-Word PPL is computed as eLosstot/nwords where Losstot is the total cross-entropy
loss over the tokenized test set and nwords is the number of words in the test set.
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# Filters Delta Filters Filter Window Scale-Invariant Compression Filters

PPL (
∗
τmax) k = 100 k = 150 k = 200

Raw / Per-Word Raw / Per-word Raw / Per-word Raw / Per-word

5 21.00/102.11 2 21.05/101.66 21.08/101.90 21.11/102.14
9 20.86/101.04 4 20.86/100.29 20.92/100.72 20.81/99.91
13 20.73/99.97 8 20.69/99.62 20.67/99.42 20.69/99.61
17 20.59/98.90 16 20.35/96.77 20.60/98.60 20.36/96.83
21 20.45/97.83 32 20.46/96.87 20.40/97.43 20.65/99.28
25 20.96/101.75 64 20.68/99.65 20.67/99.56 20.74/100.11
29 22.16/110.45 128 21.36/104.48 21.40/104.74 21.44/105.09
33 19.80/92.66 256 19.10/87.72 19.02/87.21 19.37/89.67
37 19.39/90.12 512 18.69/85.26 18.75/85.64 18.82/86.14
41 19.44/90.11 1024 18.68/84.81 18.57/84.02 18.46/83.23
45 19.05/87.83 2048 17.97/80.41 17.86/79.64 17.82/79.40
49 19.26/88.86 4096 18.07/80.66 18.15/81.18 18.35/82.56
53 19.36/89.29 8192 18.39/82.60 18.25/81.62 18.18/81.16

Table A2: PG-19 perplexity on test set after 4 epochs. The models have the same configuration as
those used on WikiText-103.
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