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Abstract

We study how the training context window length
w is associated with changes in the learned
weights of language models. By training identical
architectures across three families (Transformer,
81.1M; GRU, 39.5M; RetNet, 41.5M) on ten win-
dow lengths (w € {128,...,65536}) with a fixed
500M-token budget, we characterize the geometry
of window-induced weight changes. Our primary
finding: in a matched-step regime where all mod-
els receive identical optimizer steps and tokens
per step, adjacent-window final-weight angular
distance forms an approximate plateau (~0.175,
corresponding to ~31.5°), spanning a 32 range
from w = 2048 to w = 65,536. This regular-
ity is reproduced across two independent Trans-
former seeds with near-identical magnitudes. Two
qualifications matter. Window-effect vectors (the
weight displacement induced by doubling w, de-
fined as 611)—>2w,s = (9211),5 - 90,3) - (ew,s - 90,8)
where 6 s is the shared initialization for seed
s) are completely orthogonal across seeds (co-
sine = 0): the magnitude of the window-induced
change is reproducible, but its direction in weight
space is initialization-dependent. Consecutive
window doublings within the same seed pro-
duce anti-correlated displacement vectors (co-
sine &~ —0.45), though we show this is largely
a geometric artifact of finite differences sharing
a middle term. Functional validation via out-
put KL divergence at multiple evaluation lengths
(T € {1024, 2048, 4096}) provides evidence that
adjacent-window models (i.e., models trained at
consecutive powers of two, e.g., w and 2w) are
moderately more similar than cross-seed models
(sym-KL ~ 0.27 vs. 0.31), with the gap stable
across evaluation lengths and bootstrap 95% Cls
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non-overlapping for most same-w adjacent/cross-
seed comparisons, though some overlaps occur
at extreme window sizes. Zero-shot weight trans-
fer reveals strong asymmetry: short-to-long fails
catastrophically while long-to-short degrades sub-
stantially. RoPE frequency utilization is uniform
across all windows in both final weights and
learned updates (N ~ 32 per head), providing
no evidence for norm-level frequency condensa-
tion.

1. Introduction

The context window w, the maximum sequence length dur-
ing training, is a fundamental hyperparameter of neural
language models (Vaswani et al., 2017). It determines the
longest-range dependencies the model can observe, the com-
putational cost per step, and the model’s ability to generalize
to longer sequences at inference (Press et al., 2022).

Despite the centrality of the context window, remarkably
little is known about how w shapes the learned weights
of the model. Most work on context length focuses on
evaluation-time behavior: can a model trained on w = 2048
process sequences of length 81927 The answer is generally
no for RoPE-based models (Su et al., 2024; Chen et al.,
2023), but the weight-level mechanisms underlying this
failure remain poorly understood.

We conduct a controlled mechanistic study: train identi-
cal architectures across three model families on ten win-
dow lengths with matched data budgets, then systematically
compare the resulting weights. The main control is the
matched-step regime, which controls optimizer steps and to-
kens per step for w > 2048, while validating results across
two independent Transformer seeds. We find four main
patterns:

1. Stable per-octave distance plateau (Section 4). In
the matched-step regime, adjacent-window angular
distance forms an approximate plateau (~0.175 in fi-
nal weights, ~0.24 in update vectors) across a 32x
window range. Both seeds reproduce the same dis-
tance magnitudes (r > 0.99 correlation). However,
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the direction of the window-induced displacement is
initialization-dependent: window-effect vectors are
completely orthogonal across seeds (cosine ~ 0),
meaning the magnitude regularity does not reflect a
universal update direction.

2. Anti-correlated consecutive doublings (Section 4).
Within the same seed, consecutive window-doubling
displacement vectors are anti-correlated (cosine ~
—0.45 in the matched-step regime). However, an
analytic null model shows that ~95% of this anti-
correlation is explained by the geometric structure
of finite differences sharing a middle term. Non-
overlapping displacement pairs (e.g., 2048—4096 vs.
8192—16384) have cosine ~ 0, suggesting that the
anti-correlation does not reflect oscillatory trajectories.

3. Transfer asymmetry (Section 5). Short-to-long
weight transfer fails catastrophically at lengths be-
yond training, while long-to-short transfer degrades
substantially (0.9 nat gap at length 128, corresponding
to ~2.5x higher perplexity). Brief fine-tuning (100
steps) closes the gap, suggesting the specialization is
shallow in the loss landscape.

4. Null frequency condensation in both weights and
updates (Section 3). RoPE frequency utilization (mea-
sured via weight norms) is nearly uniform across all
window lengths in both final weights and learned up-
dates (Negr =~ 32/32 per head), providing no evidence
that the length barrier operates through norm-level fre-
quency selection.

The paper presents findings in order of investigation: fre-
quency condensation hypothesis (Section 3), broader weight
geometry (Section 4), transfer experiments (Section 5), and
cross-architecture comparison (Section 6).

These results motivate testing whether full-model updates
outperform positional-parameter-only updates for context
extension. The strongest claims are limited to the matched-
step regime (w > 2048), and distance regularities are vali-
dated across two independent seeds. We distinguish repro-
ducible magnitude patterns (well-supported) from claims
about the direction or interpretation of weight changes
(which our data do not support). Throughout, we frame
the contribution as a careful empirical characterization of
weight signatures associated with training context length,
not yet a causal explanation of long-context behavior.

2. Experimental Setup

Architectures. We train three architectures (total unique
parameters in parentheses; all use tied input/output embed-
dings):

e Transformer (81.1M):  Decoder-only  with
SwiGLU (Shazeer, 2020), RMSNorm (Zhang &
Sennrich, 2019), multi-head attention (h = 12),
RoPE (Su et al., 2024) (base bropg = 10,000),
tied embeddings. d = 768, L = 6, dy = 2048,
vocabulary |V| = 50,257 (GPT-2 tokenizer). Em-
beddings: 50,257 x 768 = 38.6M (tied with
output projection); non-embedding parameters:
6 x (4 x 7682 + 3 x 768 x 2048) = 42.5M.

* GRU-LM (39.5M): cuDNN-optimized Gated Recur-
rent Unit (Cho et al., 2014) with learned input/output
projections. d = 640, L = 3. No explicit positional
encoding.

* RetNet-LM (41.5M): Linear attention with per-head
exponential decay (Sun et al., 2023). d =512, h =38,
L=6, dy=1536. Decay rates vy € [0.9, 0.999}.

Training protocol. Each model is trained on OpenWeb-
Text (Gokaslan & Cohen, 2019) for a fixed budget of
500M tokens with AdamW (Loshchilov & Hutter, 2019)
(8 = (0.9,0.95), weight decay 0.1), cosine LR schedule
(peak 6 x 10~*, linear warmup for first 5% of steps, mini-
mum LR 6 x 10~?), and BFloat16 precision on 8 x NVIDIA
H100 80GB GPUs using FlashAttention-2. No dropout
is used. The intended intervention is the context window
w e {27,28...,216} (ie., 128 to 65,536), spanning a
512x range; however, changing w necessarily changes se-
quence composition and batch structure (see below). Trans-
former models are trained with 2 seeds; GRU and RetNet
with 1 seed each (30 total models + 10 second-seed trans-
formers = 40 models).

Controlled comparison and step-count analysis. By fix-
ing the data budget, we ensure that differences in learned
weights are not due to different amounts of training data.
Batch size B and gradient accumulation G are adjusted per
window (Table 1) such that models at w > 2048 all receive
the same number of optimizer steps (~1907) and the same
tokens per step (262,144), while shorter-window models
receive more steps (e.g., ~15,258 at w=128). This creates
two regimes:

¢ Matched-step regime (w €
{2048, 4096, 8192, 16384, 32768, 65536}):  All 6
models receive ~1907 steps with 262,144 tokens/step.
The primary varying factor is window length, though
the number of independent sequences per step
decreases from 128 to 4 as w grows (Table 1). This
regime spans a 32x range and is the focus of our
strongest claims.

¢ Unmatched regime (w < 1024): These models re-
ceive 2—8x more optimizer steps with fewer tokens
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Table 1. Training configuration per window length. Tokens/step =
B x G xw.

w B G Seqgs/step Tokens/step  Steps
128 16 16 256 32,768 15,258
256 16 8 128 32,768 15,258
512 8 16 128 65,536 7,629
1,024 8 16 128 131,072 3,814
2,048 8 16 128 262,144 1,907
4,096 8 8 64 262,144 1,907
8,192 8 4 32 262,144 1,907
16,384 4 4 16 262,144 1,907
32,768 2 4 8 262,144 1,907
65,536 1 4 4 262,144 1,907

per step. Comparisons involving these windows are
confounded by optimization trajectory length.

We present results for both regimes but mark unmatched-
regime conclusions as requiring further validation (Sec-
tion 7).

We use simple concatenation packing without document-
boundary attention masks. We acknowledge the following
confounds even within the matched-step regime: (1) the
number of independent sequences (and hence gradient diver-
sity) varies from 128 to 4, (2) document-boundary frequency
within each sequence changes with w, and (3) longer se-
quences may span multiple unrelated documents. These
limitations should be kept in mind when interpreting the
matched-step results.

3. RoPE Frequency Utilization: A Null Result
3.1. Background and Hypothesis

ROPE (Su et al., 2024) defines dj, /2 frequency bands per
head (with head dimension dj) with angular frequencies
0; = base 2/ dn for j = 0,...,dp/2 — 1 (in our Trans-
former, d;, = 64, giving 32 bands per head). One hypothesis
is that models trained on short windows should condense
their weight mass onto high-frequency bands (which com-
plete multiple rotations within w), while longer-window
models should distribute mass more uniformly across all
bands. We test this by measuring the L2 norm of Q and K
weight blocks corresponding to each frequency band pair.
Specifically, for head h in layer ¢, let th € Rénxd be
the query projection and let the j-th frequency band corre-
spond to rows 2j:2j+2. We define the per-band utilization
as p; = WS [2:25 42,112/ X, IW2, (2525 +2. |13
and compute the effective number of active frequencies
Negr = exp(H ) where H = — Zj p; log p; is the entropy
of the utilization profile. Values are averaged over heads
and layers unless stated otherwise.

Table 2. RoPE frequency utilization across window lengths (av-
eraged over layers). Top: final weights. Bottom: learned updates
(AW = Wina — Wini). Both show near-uniform utilization.

w=128 w=512 w=2048 w=8192 w=32768 w=65536
Final weights:
Netr (Q) 31.7 31.9 31.8 31.9 31.9 31.9
Negr (K) 31.6 319 31.9 31.9 32.0 32.0
Learned updates (AW ):
Netr (Q) 31.8 — 31.7 31.7 — 31.7
Nesr (K) 31.7 — 31.4 31.5 — 31.8
Initialization (same for all):
Netr (Q/K) 32.0

3.2. Results

Finding 1: Weight norms show no frequency condensation.
Table 2 shows N, per head is approximately 31.7-32.0 out
of a maximum 32 bands for all models from w = 128 to
w = 65,536. The number of top-ranked frequency bands
required to explain > 50% of total norm mass is similarly
stable at 14-16 per head across all windows and layers.
This also holds within the matched-step regime: models at
w = 2048 through w = 65,536 all show N ~ 32 despite
identical optimization budgets.

3.3. Interpretation

The null result matters because models do not learn to
suppress weight norms for frequency bands beyond their
training window’s Nyquist-like limit. The same pattern
appears in learned updates, not only in final weights
(Table 2, bottom rows), arguing against the simplest expla-
nation that final-weight uniformity is solely inherited from
initialization norms. The learned updates AWy, AWy
also distribute mass uniformly across all frequency bands
(Negr = 31.5-31.8), regardless of window length.

Scope and caveats. Weight-norm uniformity does nof rule
out subtler forms of frequency specialization. Specifically:

* Phase relationships between Q and K weights may
encode window-specific structure invisible to norm
analysis.

* Attention pattern analysis (e.g., per-frequency-band
logit contributions) could reveal window-dependent
behavior.

* Downstream layers that consume attention output may
selectively amplify certain frequency bands.

* Activation-level effects: Even with uniform weight
norms, the network may produce non-uniform fre-
quency utilization at the activation level through se-
lective amplification or cancellation.

Thus, our conclusion is limited to norm-level frequency
condensation: the prediction is not supported by the data.
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Table 3. Final-weight angular distances, same-window cross-seed
baseline, and L2 distances. Init angular distance between seeds
= 0.438; init L2 distance = 499. Note that cross-seed distances
are dominated by initialization (0.438/0.471 ~ 93%), so the ratio
column should not be interpreted as a clean “window vs. training
variability” effect size.

Window pair Adj.ang Seedang Angratio Adj.L2 Seed L2
128 +» 256 0.322 0.472 0.68 367 499
256 +» 512 0.341 0.473 0.72 — —
512 +» 1024 0.283 0.475 0.60 308 466
1024 «+» 2048 0.213 0.470 0.45 230 433
2048 <> 4096 0.171 0.470 0.36 186 436
4096 > 8192 0.173 0.470 0.37 188 437
8192 +» 16384 0.176 0.471 0.37 192 441
16384 «+» 32768 0.175 0.471 0.37 191 440
32768 <+ 65536 0.167 0.472 0.35 183 440

Testing subtler frequency effects will require activation-level
analyses.

4. Weight Space Geometry
4.1. Methodology

We compute pairwise angular distances between models
trained at different windows: dy,e = %arccos(%)
where w; is the flattened concatenation of all weight ten-
sors. This distance is normalized to [0, 1] (a value of 0.175

corresponds to 0.1757 ~ 31.5°).

4.2. Results

Finding 2: Constant per-octave weight perturbation in
matched-step regime. Figure 1 shows the 10 x 10 angu-
lar distance matrix for all Transformer models. Adjacent-
window distances decrease from 0.322 (w = 128 < 256)
to 0.170 (w = 32K < 64K). Within the matched-step
regime (w > 2048), adjacent distances form an approximate
plateau: 0.174, 0.176, 0.179, 0.179, 0.170 (range 0.170—
0.179). Thus, each doubling corresponds to a roughly con-
stant perturbation of ~0.175 (= 31.5°). The decrease from
0.32 to 0.17 occurs in the unmatched regime (w < 1024)
where shorter-window models receive up to 8 x more opti-
mizer steps. Both Transformer seeds (42 and 137) produce
nearly identical adjacent-distance patterns (r > 0.99 cor-
relation over all nine pairs; five matched-step pairs alone:
range 0.170-0.179), supporting the magnitude regularity.

Caution on ratio interpretation. Cross-seed final-weight
angular distance (~0.471) is close to the initialization dis-
tance (0.438), meaning most of the cross-seed difference
reflects different random initializations rather than training-
induced variation. Independently initialized networks are
also expected to have near-orthogonal weight vectors due to
permutation symmetries of hidden units, regardless of func-
tional similarity. Therefore, the ratio of adjacent-window to

cross-seed distance (Table 3, column “Ang ratio”) should
not be interpreted as a clean effect size measuring “window
effect divided by training variability.” The main finding is
the stability of the adjacent-window distance plateau, not its
magnitude relative to the seed baseline.

Embedding decomposition. Token embeddings consti-
tute 48% of unique parameters (38.6M/81.1M; stored as
tied input/output projection). We verify that the plateau is
not driven by embedding drift by decomposing distances
into three components:

* Non-embedding only (42.5M attention + MLP):
matched-step adjacent distance 0.178-0.190, seed dis-
tance ~0.375.

¢ Embedding only (38.6M): matched-step adjacent dis-
tance 0.178-0.187, seed distance ~0.50.

e Full model: matched-step adjacent distance 0.169-
0.174, seed distance ~0.471.

All three subsets exhibit the same qualitative pattern: stable
plateau in the matched-step regime. The findings are not an
artifact of embedding dominance.

Update-vector analysis. To remove initialization effects,
we compute update vectors A, = 6,, — 0y (final weights
minus initialization). Update-vector norms are nearly con-
stant in the matched-step regime (||A,| ~ 253-256 for
w > 2048), indicating that matched-step models traverse
similar total distances from initialization. Adjacent update-
vector angular distances in the matched-step regime are
0.230-0.242, higher than final-weight distances (0.170-
0.179) because final weights include the shared initialization
component that pulls models toward each other. Cross-seed
update-vector distances are ~(0.502, indistinguishable from
random; however, this is expected from permutation sym-
metry (independently initialized networks have unaligned
coordinate systems) and does not imply that the learned
functions are random.

Window-effect vector reproducibility across seeds. A
central question is: does window length determine a repro-
ducible direction of weight change, or only a reproducible
magnitude? We test this by computing the window-effect
VECtor dy—2w,s = Aaw,s — Ay, s (the weight displacement
induced by doubling w) and measuring cosine similarity
across seeds (Table 4).

The magnitudes ||§|| are highly reproducible across seeds
(differences < 4%), but the directions are completely or-
thogonal (cosine ~ 0). This means window length deter-
mines a reproducible amount of weight change but not a
universal direction of change in raw weight coordinates.
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Table 4. Window-effect vector analysis. dw—2w,s = Aow,s —
A.,,s measures the weight displacement caused by doubling w
within a given seed s. Cross-seed cosine measures whether this
displacement is reproducible in direction.

Window pair COS((;S427 55137) H(5342 || “55137 H
128 — 256 0.005 365 358
512 — 1024 0.008 309 305
2048 — 4096 0.000 186 187
4096 — 8192 0.000 188 185
8192 — 16384 —0.001 192 187
16384 — 32768 0.001 192 190
32768 — 65536 —0.001 184 188

Table 5. Cosine similarity between consecutive window-doubling
vectors within the same seed. Negative values indicate the next
doubling partially reverses the previous one.

Pairs Seed 42  Seed 137
128—256 vs 256—512 —0.488 —0.474
512—1024 vs 1024—2048 —0.302 —0.296
2048—4096 vs 4096—8192 —0.444 —0.440
4096—8192 vs 8192—16384 —0.464 —0.457
8192—16384 vs 16384—32768 —0.485 —0.472
16384—32768 vs 32768—65536  —0.485 —0.481

The directional orthogonality is expected from permutation
symmetry: the same functional change maps to different
coordinate directions when the hidden units are relabeled
by different initializations. Thus, raw-coordinate directions
are not comparable across initializations without alignment.

Anti-correlated consecutive doublings: a geometric arti-
fact. Within the same seed, consecutive window-doubling
vectors 0,9, and do,, 4., are anti-correlated (Table 5).
However, this anti-correlation is largely a geometric conse-
quence of finite differences sharing a middle term.

The anti-correlation is consistent across both seeds (val-
ues agree to within +0.02). Most of this pattern fol-
lows from the finite-difference geometry. Consecutive fi-
nite differences 0,20 = Aoy — Ay and doypy—aw =
Aygy — Agy, share the middle term Ao, with opposite
signs. Given the pairwise cosine structure of the up-
date vectors (consecutive: cos ~ 0.73; skip-1: cos =~
0.70), the analytic formula cos(8;, §;4 ;) = —Stca=cazl

2\/ (1761)(1702)

where ¢1 = cos(Ay, Aay), ca = cos(Agy, Ayy), and
cs = cos(Ay, Agy ), predicts anti-correlations of —0.43
to —0.47, closely matching the observed —0.44 to —0.49
(residual =~ —0.01 to —0.02). Non-overlapping displace-
ment pairs (e.g., 52048—>4096 VS. 68192—)16384)7 which share
no terms, have cosine ~ 0, indicating that the anti-
correlation is an artifact of the shared middle term, not
evidence of oscillatory trajectories.

Table 6. Output-distribution similarity at multiple evaluation
lengths (n = 20 batches each). Adjacent-window models pro-
duce consistently lower KL divergence than cross-seed models.
The gap is stable across evaluation lengths, providing functional
validation that extends beyond short contexts. 95% Cls from boot-
strap.

Model pair KL (T'=1024) KL (T'=2048) KL (T'=4096)
Adjacent window (same seed 42):

2048 <+ 4096 0.273 [.268,280]  0.272 [.266,.278] —

4096 <+ 8192 0.278 [.272,283]  0.273 (267,279  0.271 [.265,277]
8192 <+ 16384 0.293 [.286,.299]  0.285[.279,292]  0.281 [.275,.289]
16384 <+ 32768  0.305[.298.313]  0.293 [.287..301]  0.286 [.279,.294]
32768 <+ 65536 0.303 [295.312]  0.286 [.278,294]  0.276 [.267,.284]
Same window, cross-seed (s42 vs s137):

w=2048 0.308 [.301,.314]  0.308 [.302,.316] —

w =4096 0.311 304.3191  0.309 [.302,316]  0.308 [.301..316]
w=28192 0.318 [.311,325]  0.313 [.305..321]  0.310 [.303,.318]
w=16384 0.327 1.320.336]  0.318 [.311,.327]  0.314 [.306..322]
Non-adjacent window (same seed 42, T'=1024):

2048 <> 8192 0.321 — —

2048 <> 65536 0.470 — —

4.3. Functional Validation via Output KL Divergence

Weight-space distance is sensitive to permutation symme-
tries and reparameterization. We next compare the models’
output distributions, computing the symmetric KL diver-
gence (sym-KL(p, q) = 3[KL(plq) + KL(ql|p)], averaged
over tokens, computed from logits at temperature 1) between
output distributions of pairs of models on shared validation
data at three evaluation lengths (7" € {1024, 2048, 4096 })
with B =16 (' = 1024), B =8 (T' = 2048), or B =4
(T'=4096), averaged over 20 batches. Bootstrap 95% confi-
dence intervals are computed from 1000 resamples.

Adjacent-window pairs have lower output KL than same-
window cross-seed pairs at all evaluation lengths (Table 6).
At T' = 1024: adjacent KL ~ 0.27-0.31 vs. cross-seed
=~ 0.31-0.33. At T =4096: adjacent KL =~ 0.27-0.29 vs.
cross-seed ~ 0.31-0.31. The gap is stable across evaluation
lengths, and bootstrap Cls for the closest adjacent-window
pairs are below those for cross-seed comparisons (though
some adjacent-window Cls at large w overlap with some
cross-seed Cls at small w). The gap is small (~10% lower
KL), consistent with window length being a secondary factor
relative to initialization in determining the final function. In
the limited non-adjacent comparisons reported at 7'=1024,
output KL increases with window ratio.

4.4. CKA and Per-Component Analysis

To complement output KL, we compute linear CKA between
models using layer-3 activations on a shared validation batch
(B=8,T=1024). The CKA analysis is preliminary: single
layer, small batch, single sequence length, and no confidence
intervals.
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Table 7. Adjacent-window angular distances across architectures.
Transformer values averaged over two seeds (individual seed val-
ues differ by <0.01). GRU and RetNet have single seed only (f).
Horizontal line separates the unmatched (w < 1024, different step
counts) from matched (w > 2048) regime.

Window pair Transformer GRU'  RetNet'
128 <> 256 0.319 0.266 0.360
256 <> 512 0.338 0.273 0.330
512 + 1024 0.281 0.246 0.234
1024 <> 2048 0.213 0.269 0.173
2048 <> 4096 0.172 0.112 0.114
4096 > 8192 0.171 0.113 0.148
8192 +» 16384 0.173 0.121 0.110
16384 > 32768 0.174 0.126 0.107
32768 <> 65536 0.169 0.120 0.112

Per-layer and per-component analysis. Layer-wise an-
gular distances (4096 <+ 8192, representative matched-step
pair) increase moderately with depth: Layer 0: 0.176, Layer
5: 0.206. Deeper layers therefore appear slightly more sensi-
tive to window length, consistent with higher layers integrat-
ing over longer contexts. Attention and MLP distances are
comparable within each layer (attention: 0.22-0.26; MLP:
0.22-0.27), indicating that window length affects all pa-
rameter groups rather than being concentrated in positional
processing (attention) alone.

Finding 3: Architecture-specific saturation patterns (de-
tailed in Section 6). The per-octave distance varies by archi-
tecture (Figure 2, Table 7):

* GRU (single seed, 1): Adjacent distances drop
abruptly from 0.269 (w = 10244+2048) to 0.112
(w = 2048+4096), a 58% decrease, and remain flat
thereafter (0.112—0.126). This may reflect memory-
capacity saturation, but the single seed makes it hard
to distinguish that from truncated BPTT effects, gradi-
ent noise changes, or batch composition shifts at the
transition point.

¢ RetNet (single seed, T): Shows a more gradual de-
crease from 0.360 to 0.107-0.148, stabilizing around
w = 2048. The exponential decay mechanism may pro-
vide an implicit memory horizon. The non-monotonic
behavior at w=4096<+8192 (0.148, higher than neigh-
bors) remains unexplained.

¢ Transformer (two seeds): Exhibits a stable plateau of
0.169-0.174 in the matched-step regime. Unlike GRU
and RetNet, the Transformer maintains a consistent
per-octave distance rather than showing further con-
vergence, suggesting unbounded attention continues to
differentiate models at each window scale.

Finding 4: Distance is distributed across weight types.

Window length does not mainly affect Q/K or other ex-
plicitly positional components: we find that angular dis-
tances between models at w =128 vs. w=64K are similar
across all weight types: Q/K (0.417), V/O (0.425), and
MLP (0.412). Within the matched-step regime (w = 2048
vs. w = 65K), per-component distances are Q/K (0.265),
V/0 (0.319), and MLP (0.286), showing similar propor-
tionality but smaller absolute values, consistent with the
gradual convergence finding. Window length affects the
entire model, not just the positional processing pathway,
though V/O projections show slightly larger distances than
Q/K in the matched-step regime, a pattern not yet explained.

CKA results. Adjacent-window CKA generally increases
with window size: from 0.581 (w = 128++256) to 0.968
(w = 4096+4+8192), directionally consistent with both the
weight-space and output-KL findings. However, CKA re-
veals a critical limitation:

CKA instability at large windows. Atw=_8192+16384,
CKA drops sharply to 0.341, despite the angular distance
remaining stable (0.173). Thus, similar angular distances
do not necessarily imply similar representations. Several
explanations are possible:

* A genuine functional transition: w = 16384 may be the
window at which the model begins to develop qualita-
tively different internal representations (e.g., attending
across document boundaries that first become common
at this scale);

e Multiple nearby loss-landscape basins that are metri-
cally close but functionally distinct;

e Evaluation at 7'= 1024 may miss representational dif-
ferences that emerge only at longer positions, creating
sensitivity to the evaluation context length;

* Measurement noise: with B =8 and single-layer CKA,
variance may dominate at high similarity values.

If replicated across layers, batches, and seeds, this transition
may be more important than the weight-distance plateau
itself. For large windows, the weight-space results should
therefore be interpreted cautiously: weight-space prox-
imity does not guarantee representational similarity at
large windows.

Scope of CKA validation. Below w=38192, weight dis-
tance and functional similarity (CKA) are well-correlated
(Spearman p > 0.9). Above w = 8192, the relationship
weakens. We regard this as a caveat: our weight-space
findings are functionally validated only up to w = 8192.
Stronger validation (multi-layer, multi-batch, multi-seed
CKA; output-distribution divergence; longer evaluation
lengths) is needed for large-window claims.
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Figure 1. Left: Angular distance matrix for Transformer models. Nearby windows yield similar weights; extreme ratios approach the
initialization baseline (~0.44, reflecting shared deterministic parameters such as norm weights initialized to ones). Right: Distance vs.

window ratio shows sublinear (approximately logarithmic) growth.
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Figure 2. Weight angular distance matrices for all three architectures. GRU and RetNet show rapid saturation (large “plateau” of low
distance for w > 2048), while Transformer weights maintain consistent per-octave distance.

S. Transfer Analysis

We test zero-shot weight transfer: loading weights from a
model trained at window w; into a model configured for a
target window w; = 65,536 (the RoPE cache is rebuilt for
the new length), then evaluating at context lengths from 128
to 16,384.

5.1. Results

Finding 5: Strong transfer asymmetry. Figure 3 shows a
strong asymmetry:

* Short-to-long failure: A w = 128 model evaluated
at length 16K suffers loss 7.49 (vs. native ~3.85 at
length 128). The degradation onset precisely tracks the
training window: loss starts increasing at eval length

~
N Ws.

* Long-to-short degradation: A w=32K model eval-
uated at length 128 achieves loss 4.52, which is 0.9
nats above the native w =128 model (3.62). This is a

substantial gap (corresponding to ~2.5x higher per-
plexity), though models trained at w > 8192 show
nearly flat loss curves from 128 to 16K, indicating
robust performance across shorter lengths.

* Monotonic improvement with wg: At every evalua-
tion length, performance improves monotonically with
source training window. The marginal gains diminish:
the gap from w =128 to w=1024is 1.35 nats at length
16K, while w=28192 to w= 32K contributes only 0.55
nats.

5.2. Interpretation

The asymmetry is consistent with weight convergence: long-
window models may occupy a region of weight space that
encompasses shorter-window solutions (they can attend lo-
cally or globally), while short-window models have spe-
cialized away from the weight configurations needed for
long-range processing. This is consistent with Finding 4:
since all weight types (not just Q/K) diverge with window
length, transfer failure is unlikely to be reducible to posi-
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Zero-Shot Transfer: Short-Window Weights — Long Context
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Figure 3. Zero-shot transfer from each training window to a
w = 65K configuration. Short-window models (orange: w =128,
purple: w=256) degrade catastrophically at long contexts. Mod-
els trained at w > 8192 (yellow, green, brown) perform near-
uniformly.

tional encoding mismatch alone.

5.3. Fine-Tuning Adaptation

To test whether the transfer gap can be closed efficiently, we
fine-tune models from various source windows to w=4096
for just 100 AdamW steps (Ir 10~4). After 100 fine-tuning
steps, even w = 128 models recover to within 0.06 nats of
native w =4096 performance (loss 3.83 vs. 3.77). Models
from w = 512 and w = 1024 actually surpass the native
model after fine-tuning (loss 3.60 and 3.68). Caveat: These
shorter-window models received more gradient steps during
pre-training, so they may simply be better-trained models
overall. A fairer comparison would fine-tune the native
w=4096 model for the same 100 additional steps; we leave
this control for future work. Brief fine-tuning suggests the
gap may be recoverable quickly, but controls are needed
before interpreting this as loss-landscape proximity. The
moderate angular distances (~0.17 for adjacent windows in
the matched-step regime) are consistent with this possibility.

6. Cross-Architecture Comparison
6.1. Motivation

If window-length shaping of weights is primarily a
RoPE/positional-encoding phenomenon, architectures with-
out explicit positional encoding should show less weight
variation. If it instead reflects general learning dynam-
ics, where models specialize to observed dependency
lengths, even recurrent architectures should exhibit window-
dependent structure. We test this with GRU (no positional
encoding) and RetNet (implicit positional encoding via de-
cay), noting that GRU and RetNet have only one seed
each (single seed; replication needed), limiting the strength
of our conclusions.

Validation Loss vs. Training Window — All Architectures

| —e~ Transformer
-= Gru
45| A Retnet

3.5

Best Validation Loss

2 RS RS Ry B
Training Window Length

Figure 4. Validation loss vs. training window. Transformer
achieves the lowest loss at all windows. GRU loss is highest
and relatively flat for w > 2048. RetNet shows an interesting
non-monotonic pattern.

6.2. Validation Loss Across Architectures

Figure 4 shows validation loss vs. training window for all
three architectures. Each model is evaluated on sequences
of its own window length. We note that per-token loss is not
inherently harder at longer windows (more context can only
help prediction); the observed loss increase at large w likely
reflects the reduced gradient steps under our fixed-token
budget.

The main patterns:

» Transformer achieves the best perplexity at most win-
dow sizes (best: 3.32 at w = 1024), with a gradual
increase for w > 1024 reflecting the reduced number
of gradient steps at fixed token budget.

* GRU has highest loss (4.18-4.89), roughly flat for
w > 2048, consistent with the weight saturation result
(Finding 3).

* RetNet at w =128 reports loss 1.85. Anomaly note:
This value is surprisingly low relative to both the Trans-
former (3.62) and RetNet at longer windows (4.3-4.5).
This may reflect the exponential decay effectively im-
plementing very strong local attention at short win-
dows, but an evaluation artifact is also possible (mask-
ing, normalization, or recurrence/parallel mode mis-
match). We therefore treat this point as preliminary.

6.3. Weight Saturation Patterns Across Architectures

Finding 6: All three architectures exhibit decreasing
adjacent-window distances followed by saturation (Table 7,
Figure 2), but with distinct profiles. The following interpre-
tations are tentative, noting that GRU and RetNet rely on
single seeds:

* GRU (i single seed): Abrupt transition at w = 2048.
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Consistent with memory capacity saturation, but could
also reflect truncated BPTT dynamics, hidden-state re-
set effects, or gradient flow changes at long sequences.
Requires multi-seed validation.

* RetNet (f single seed): Gradual decrease, stabilizing
around w = 2048. The exponential decay mechanism
provides a natural scale for saturation, but quantitative
claims require replication.

* Transformer (two seeds): Stable per-octave distance
of ~0.17 across the full matched-step regime. Both
seeds produce consistent results (correlation 7 > 0.99
between seed-42 and seed-137 adjacent distances).

All three architectures show some form of saturation, despite
having fundamentally different mechanisms for process-
ing sequential information, suggesting that window-length
shaping is not solely a positional-encoding phenomenon.
However, we caution that with single seeds for GRU and
RetNet, apparent architecture-specific patterns could reflect
initialization or optimization noise rather than systematic
effects.

7. Discussion

Window length and weight geometry. Our findings pro-
vide evidence, at least at the 81M parameter scale, that
model weights systematically vary with training window
length in ways that are reproducible in magnitude across
seeds. The evidence is strongest for the following claims:

¢ Strong (well-supported): Same-initialization Trans-
former adjacent-window weight distances form a stable
plateau in the matched-step regime, with magnitudes
reproduced across two seeds (r > 0.99).

* Moderate: This plateau has a functional corre-
late: adjacent-window output KL is consistently
below cross-seed KL at evaluation lengths T' €
{1024, 2048, 4096}, with non-overlapping bootstrap
ClIs.

» Exploratory: Architecture-specific saturation patterns
(single-seed GRU/RetNet); window-effect directions
are initialization-dependent but may be reproducible
after weight alignment.

* Negative result: RoPE weight norms do not show fre-
quency condensation, but this does not rule out subtler
frequency specialization at the activation level.

The weight-norm analysis of RoPE frequencies (both final
weights and learned updates) provides no evidence for gross
norm-level frequency pruning, though more functional fre-
quency analyses are needed. The per-component analysis

(Finding 4) shows that all weight types are affected similarly,
suggesting context extension may benefit from updating the
entire model rather than only positional components. The
rapid fine-tuning adaptation (100 steps to close the transfer
gap, though requiring control experiments) suggests that
despite measurable weight differences, models at different
windows may be close in the loss landscape. Although
consecutive window-doubling vectors are anti-correlated
(Table 5), our analytic null model shows this is almost en-
tirely a geometric artifact of shared middle terms in finite
differences, with non-overlapping pairs having cosine ~ 0.

Architecture-specific memory horizons. One interpre-
tation, which requires further testing, is that each archi-
tecture has a characteristic “memory saturation” window
beyond which additional context stops changing the weights.
GRU may saturate at ~2048, RetNet at ~2048—4096, and
Transformer shows no saturation up to 65K. This ordering
(bounded state < exponential decay < unbounded atten-
tion) aligns with the inductive biases of each architecture,
though we caution that alternative explanations (gradient
signal decay, dataset statistics, optimization dynamics) are
not ruled out, and GRU/RetNet results are single-seed. Di-
rect measurement of information retention in hidden states
would provide causal evidence for the memory saturation
interpretation.

Connection to PosAug. Position Augmentation
(PosAug) (Bugaud, 2026) trains with randomly scaled
positions, preventing the model from overfitting to a single
window’s positional statistics. Our weight convergence find-
ing (Finding 2) is consistent with why this helps: PosAug
may effectively expose the model to the weight-space
region of longer-window models during training, mitigating
the kind of specialization that causes transfer failure.

Practical implications (tentative).
hypotheses are worth testing:

At larger scales, three

* Training curricula: The transfer analysis suggests
short-window weights provide a reasonable initializa-
tion for longer windows, consistent with “train short,
extend long” curricula. However, part of this effect may
reflect additional optimization (short-window models
receive more gradient steps).

e Full model updating for context extension: Since
all weight types show similar per-component distances
(Finding 4), context extension via fine-tuning may ben-
efit from updating the entire model rather than only
Q/K projections. This hypothesis requires experimen-
tal validation.

¢ Batch composition awareness: Within the matched-
step regime, window length changes batch composition
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(number of independent sequences, document bound-
aries, etc.). Future work should control these vari-
ables, for example by fixing long packed sequences
and varying only the attention mask, to isolate pure
context-length effects from batch-diversity effects.

Limitations. Several limitations constrain these conclu-
sions. (1) Scale: Models are ~40M parameters trained
on 500M tokens. At the 1B+ scale, training dynam-
ics change qualitatively. Our findings should be under-
stood as establishing the phenomenon at a controlled scale;
replication at larger scales is needed. (2) Matched-step
regime confounds: Even within the matched-step regime
(w > 2048), changing the window length also changes
the number of independent sequences per batch, docu-
ment boundary frequency, and gradient noise structure.
A pure context-length intervention would require fixing
these simultaneously, which is architecturally challenging.
(3) Seed baseline and permutation symmetry: Cross-seed
weight distances (both final-weight and update-vector) are
near-random due to permutation symmetry of hidden units,
making them unsuitable as denominators for effect-size
ratios. We present distance magnitudes and their repro-
ducibility rather than ratios. A factorial variance decom-
position (A, s = p + oy + Bs + €y,5) would require >3
seeds per condition and permutation-aligned coordinates;
with 2 seeds we establish magnitude reproducibility but
cannot compute confidence intervals. (4) Window-effect
direction: Window-effect vectors (0,y—24,s) are orthog-
onal across seeds in raw coordinates (Table 4). This is
expected from permutation symmetry but means we can-
not currently determine whether the window-induced func-
tional change is reproducible across initializations without
applying weight-matching or activation alignment. (5) Em-
bedding decomposition (addressed): We verified that all
main findings hold with identical qualitative patterns when
analyzing non-embedding parameters only (42.5M atten-
tion+MLP), embeddings only, and the full model (Section 4).
The window-length effect is genuinely distributed across all
parameter groups. (6) Step-count confound for short win-
dows: Models at w < 1024 receive 2—-8 x more optimizer
steps. A matched-step control (1907 steps for all windows)
would disambiguate window effects from trajectory-length
effects in this regime. (7) Single seeds for GRU/RetNet:
Architecture-specific conclusions are exploratory. The GRU
“phase transition” and RetNet patterns require multi-seed
replication. (8) RoPE analysis scope: We analyze weight
norms for both final weights and learned updates, support-
ing the null result for both. However, we do not analyze
phase relationships, attention patterns, activation-level fre-
quency energy, or per-frequency attention-logit contribu-
tions. (9) CKA limitations: Single layer, small batch,
single sequence length, no confidence intervals. The insta-
bility at w = 819216384 is not resolved. (10) RetNet
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anomaly: The w =128 RetNet validation loss of 1.85 (per-
plexity ~6.4) is dramatically better than the Transformer at
the same window (3.62, perplexity ~37). This is internally
consistent (train loss 1.90, close to val), and may reflect the
RetNet’s recurrent state being well-matched to 128-token se-
quences after 15K steps. However, a loss of 1.85 fora 41.5M
parameter model on OpenWebText is unusually strong and
could indicate a subtle evaluation artifact (e.g., informa-
tion leakage in parallel-mode computation). Until audited,
RetNet results should be treated as preliminary. (11) Doc-
ument packing: For very long windows, sequences likely
span multiple concatenated documents. The paper should
specify whether attention masks are reset at boundaries (not
currently done).

8. Related Work

Position encoding analysis. Su et al. (2024) analyze
ROPE theoretically. Chen et al. (2023) study positional in-
terpolation empirically. We complement these with weight-
level analysis suggesting that the length barrier involves
more than positional encoding effects alone.

Context extension. LongRoPE (Ding et al., 2024),
YaRN (Peng et al., 2024), and PI (Chen et al., 2023) extend
context at inference. PosAug (Bugaud, 2026) addresses the
barrier during training via random position scaling. Our
transfer analysis (Finding 5) quantifies the asymmetry un-
derlying these methods’ success.

Weight-space geometry and model similarity. Kornblith
et al. (2019) introduce CKA for comparing neural network
representations. Ainsworth et al. (2023) study permutation
symmetries in weight space and model merging. Neyshabur
et al. (2020) investigate what transfers between tasks at
the weight level. Our work applies these tools to study
the effect of a single hyperparameter (context window) on
weight geometry, a novel application of model similarity
analysis to understand training dynamics.

Mechanistic interpretability. Olsson et al. (2022) study
in-context learning circuits; Elhage et al. (2022) identify
superposition. Our work provides a controlled empirical
study of how context window length shapes learned weights
across multiple architecture families, complementing exist-
ing circuit-level analyses.

Recurrent and linear attention. Sun et al. (2023) pro-
pose RetNet; Gu & Dao (2023) propose Mamba as efficient
alternatives. Our cross-architecture comparison provides
preliminary evidence that weight-distance patterns with re-
spect to window length are not specific to attention mech-
anisms, though single-seed GRU and RetNet experiments
require replication.
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9. Conclusion

We conducted a controlled empirical study of how training
window length is associated with neural language model
weights across three architecture families at the 81M pa-
rameter scale. Our main finding is that in the matched-step
regime (w > 2048, identical optimizer steps), adjacent-
window angular distance forms an approximate plateau
(~0.175), reproduced across a 32x window range with
two seeds. Both seeds yield near-identical distance magni-
tudes (r > 0.99). Deeper analysis reveals additional struc-
ture: while the magnitude of the window-induced weight
change is highly reproducible, its direction is initialization-
dependent (window-effect vectors are orthogonal across
seeds). Consecutive window-doubling vectors are anti-
correlated, but an analytic null model shows this is largely a
geometric artifact of finite differences sharing a middle term,
with non-overlapping pairs having cosine ~ 0. Functional
validation via output KL divergence at multiple evaluation
lengths (T € {1024, 2048, 4096}) provides evidence that
adjacent-window models are moderately more similar than
cross-seed models (adjacent KL 0.27-0.29 vs. cross-seed
0.31, with non-overlapping bootstrap 95% ClIs for several
matched comparisons, though some overlaps occur at ex-
treme window sizes). We also report a negative result: RoPE
weight norms do not show frequency condensation in ei-
ther final weights or learned updates. The strong transfer
asymmetry (short-to-long fails, long-to-short degrades sub-
stantially) and the speed of fine-tuning adaptation together
suggest that window-length specialization is measurable but
may be recoverable in the loss landscape, pending the fine-
tuning controls discussed above. GRU and RetNet show
suggestive but single-seed saturation patterns requiring repli-
cation. Future work should isolate context length from batch
composition (e.g., via attention-mask controls with fixed
packed sequences), add multi-seed variance decompositions,
and test activation-level mechanisms, extending the analysis
of how fundamental training hyperparameters shape learned
weight configurations.
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