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Abstract

While Rotary Position Embedding (RoPE) is
widely used in large language models, its induc-
tive biases can impair long-context reasoning
and lead to attention sinks. In this work, we
propose TRONTOR, a method that effectively
combines RoPE and No Positional Encoding
(NoPE) through a simple fine-tuning phase,
bypassing the need for expensive pretraining
modifications. Our preliminary experiments
demonstrate that mixing RoPE and NoPE at the
attention-head level can enhance long-context
capabilities, while static selection strategies fail
to capture the varying complexity of inputs.
Based on this observation, TRONTOR employs
a lightweight context-aware routing method
that dynamically switches each attention head
between RoPE and NoPE at every token step.
This router-only configuration provides an ef-
ficient operating point, yielding long-context
performance gains with minimal inference over-
head. For further gains, we extend TRON-
TOR to TRONTOR-Agg, which applies sim-
ple unweighted averaging over multiple RoPE
bases within RoPE-active heads while avoiding
learnable intra-head routing. Evaluated on the
RULER benchmark using Llama-3.2 (1B and
3B) and Qwen3 (1.7B and 4B), TRONTOR im-
proves long-context performance by mitigating
attention sinks and dynamically reallocating
attention toward relevant mid-context tokens.

1 Introduction

Large language models (LLMs) have achieved
significant advancements in language understand-
ing, generation, and reasoning (Grattafiori et al.,
2024; Yang et al., 2025a; Achiam et al., 2023;
Gemini Team et al., 2024). As their deployment
increasingly relies on long-form interactions and
retrieval-augmented generation, the effective uti-
lization of extended context has become a cru-
cial determinant of practical capability (Bai et al.,
2024a; Li et al., 2024). Nevertheless, models con-
tinue to exhibit limitations in long-range reasoning.

Notable issues include the lost-in-the-middle phe-
nomenon (Liu et al., 2024a) and the emergence of
attention sinks (Xiao et al., 2024; Gu et al., 2025),
where the model disproportionately focuses on ini-
tial tokens while neglecting crucial mid-context
evidence.

Recent studies argue that Rotary Position Em-
bedding (RoPE) (Su et al., 2024), the predomi-
nantly used position embedding in language mod-
els, imposes structural constraints on long-context
modeling. Chiang and Yogatama (2025) hypoth-
esized that RoPE may induce dimension ineffi-
ciency within attention heads during long-distance
retrieval. Furthermore, Chen et al. (2025) empir-
ically demonstrated that RoPE can contribute to
a global U-shaped attention pattern, with reduced
attention to intermediate positions relative to early
and recent tokens.

In response, approaches such as Ms-PoE (Zhang
et al., 2024) and MoICE (Lin et al., 2024) have
attempted to modify RoPE by introducing hetero-
geneous frequency bases or learnable intra-head
routers. Meanwhile, evidence suggests that Trans-
formers can implicitly recover positional infor-
mation without explicit embeddings (Kazemnejad
et al., 2023), implying that an explicit, always-on
positional bias may be redundant or even detrimen-
tal in certain contexts.

Motivated by these observations, we ask whether
positional information must be imposed uniformly
across all attention heads. We answer this question
with TRONTOR, which treats positional encoding
as a context-dependent choice: a lightweight router
selects between RoPE and NoPE for each head—
token pair. This design differs from prior head-
wise scaling methods that retain RoPE for every
head and adapt only its frequency. To further exam-
ine the benefit of multi-scale positional modeling,
we introduce TRONTOR-Agg, which augments
only RoPE-active heads with parameter-free, un-
weighted aggregation over multiple RoPE bases.
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The contributions of this paper are summarized
as follows:

* By introducing a lightweight, learnable gating
mechanism, we flexibly integrate NoPE at the
attention-head level based on context-aware
thresholding. This approach effectively miti-
gates the inherent limitations of RoPE while
yielding improvements on the long context
benchmarks.

* We question the necessity of complex learn-
able intra-head routing schemes. Our results
show that simple unweighted averaging over
multiple RoPE bases can achieve competitive
performance without introducing additional
intra-head routing parameters.

e Empirical analyses show that dynamically
substituting RoPE with NoPE at router-
selected head—token pairs reduces excessive
attention to initial tokens and reallocates at-
tention toward relevant mid-context evidence.

2 Background

This section presents essential background on
ROPE, long-context degradation phenomena, and
previous efforts to modify or relax positional induc-
tive biases.

2.1 Rotary Position Embedding

ROPE (Su et al., 2024) has become the predom-
inant positional encoding in contemporary LL.M
architectures. RoPE injects positional information
by rotating the query and key vectors according to
their respective token positions. Instead of using a
full rotation matrix, RoPE applies rotations to pairs
of elements within the embedding. For an attention
head with dimension d, the rotation frequencies are
defined as 0; = b=2/d where b denotes the base
frequency. For a query vector q,, at position n, the
transformed vector q,, is obtained by rotating each
pair of dimensions (27, 2i + 1) by the angle n6;:

— Sln(n@ﬂ) < qn,Qi >
cos(nb;) An,2i+1

(1
Extending this operation to the full dimension d
results in individual 2D rotations forming a block-
diagonal matrix Rg ;. As a result, when evaluated
against a key vector k,, at position m, the inner
product between the rotated query and key vectors

cos(nb;)

Qn,[2i,2i41] = <Sin(n9¢)

is determined exclusively by their relative distance:
~TT T
q, k,, = q, RH,m—nkm-

Rym—n = R;nRgm represents the rotation ma-
trix corresponding to the relative position (m — n).

2.2 Long-Context Awareness

Current LLMs systematically underattend to rele-
vant information in the middle of extended con-
texts (Liu et al., 2024a). This bias is partly
structural: softmax normalization can induce an
“attention sink” that absorbs non-informative at-
tention mass through coupling among attention
scores (Gu et al., 2025). Furthermore, recent find-
ings indicate that RoPE also contributes to this
positional imbalance. For instance, Chiang and Yo-
gatama (2025) note that rotary encodings create
representational bottlenecks during extended de-
pendency modeling. Moreover, RoPE can bias po-
sitional attention distributions, reducing attention
to intermediate tokens through distance-based de-
cay while relatively favoring initial positions (Chen
et al., 2025).

2.3 RoOPE Variations

Several approaches have been proposed to address
positional attention imbalance and mitigate the
degradation of RoPE under long-context extrap-
olation. These methods generally modify the ap-
plication of positional rotations and can be catego-
rized into frequency-domain scaling and head-wise
positional variation.

Scaling in the frequency domain. A prominent
research direction modifies RoPE by adjusting ro-
tation frequencies across hidden dimensions to ex-
trapolate beyond the training context length. Posi-
tional Interpolation (PI; Chen et al., 2023) achieves
this by linearly downscaling position indices. How-
ever, linear compression reduces the resolution of
high-frequency components, potentially degrading
local modeling performance. Liu et al. (2024b) es-
tablished scaling laws for RoPE-based extrapola-
tion, revealing how different frequency dimensions
critically impact length generalization.

Building on such insights, NTK-aware scaled
RoPE (Peng and Quesnelle, 2023) introduces a
non-linear scaling scheme that extrapolates high-
frequency dimensions to maintain local precision
while interpolating low-frequency components.
YaRN (Peng et al., 2024) further refines this by
applying length-dependent temperature scaling to
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attention logits. Taking a signal processing ap-
proach, FoPE (Hua et al., 2025) mitigates spectral
damage by modeling each dimension as a multi-
frequency Fourier series and zeroing out inade-
quately trained low-frequency components. Ad-
ditionally, LongRoPE (Ding et al., 2024) and its
successor LongRoPE2 (Shang et al., 2025) uti-
lize evolutionary search to discover non-uniform,
dimension-specific scaling factors, successfully ex-
tending context windows to millions of tokens with
near-lossless performance.

Head-wise scaling. Recent analyses have shown
that individual attention heads specialize in dis-
tinct functional roles (Nam et al., 2025; Yang et al.,
2025c¢). This observation prompts the question of
whether attention heads should receive differenti-
ated positional information tailored to their specific
behaviors. Ms-PoE (Zhang et al., 2024) assigns
fixed RoPE scaling factors to individual heads, al-
lowing them to operate across distinct positional
ranges. Similarly, HARPE (Lian et al., 2025) as-
signs a distinct RoPE base to each attention head,
enabling direct single-stage continual pretraining
at the target context length. Furthermore, Attention
Buckets (Chen et al., 2024) aggregates predictions
from parallel RoPE-base runs using confidence-
derived weights and MoICE (Lin et al., 2024) ag-
gregates outputs from multiple sets of bases using
a weighted sum with learnable parameters. While
effective, these approaches fundamentally assume
that each head must retain a RoPE-based positional
signal, thereby preserving RoPE’s inductive biases.

No positional encoding (NoPE). Kazemnejad
et al. (2023) demonstrated that transformers trained
without explicit positional encoding (NoPE) can
outperform conventional schemes, theoretically
proving that NoPE can implicitly capture positional
information. Further investigating this capability,
Wang et al. (2024) confirmed that NoPE is gener-
ally advantageous for length generalization. How-
ever, they observed that at extreme context lengths,
NoPE eventually degrades due to the distraction
of attention distributions, where attention weights
become excessively uniform and fail to focus on
crucial tokens. To harness the strengths of NoPE
while mitigating these limits, several approaches
have emerged. Recent hybrid architectures inter-
leave RoPE and NoPE at the layer level during
pre-training (Yang et al., 2025b; Bae et al., 2025).
In these models, RoPE layers provide an inductive
bias for short-range aggregation, whereas NoPE

layers facilitate long-range retrieval through pure
vector-similarity alignment.

However, they rely on costly pre-training and
statically fix the positional roles of each layer. In
contrast, TRONTOR introduces a dynamic, head-
wise selection mechanism that adaptively deter-
mines whether to apply RoPE or NoPE. This ap-
proach achieves a flexible combination of posi-
tional encodings with minimal tuning, requiring
only a lightweight router to be trained while the
LLM backbone remains frozen.

Notably, our work focuses specifically on head-
wise scaling. Since this routing mechanism is or-
thogonal to frequency-domain scaling, TRONTOR
can be integrated with existing frequency scaling
methods applied to the target model.

Table 1: Impact of NoPE replacement on RULER in
preliminary experiments. Bold-faced numbers indicate
a better result than the baseline.

Layer Average Score (1)
ey | Method (S !
0 PAS 87.80 73.30
Random | 91.00 77.90
2 PAS 91.20 77.50
Random | 90.60 78.90
15 PAS 92.70 82.90
Random | 91.60 81.50
17 PAS 93.00 79.60
Random | 93.70 83.50
» PAS 93.20 78.40
Random | 92.60 80.40
[Baseline [ - [9250[ 78.70

3 Observations

We begin with an exploratory analysis that demon-
strates the potential of selectively mixing RoPE
and NoPE at the attention-head level. To validate
the hypothesis that eliminating redundant posi-
tional information from specific attention heads can
enhance model performance, preliminary experi-
ments were conducted on the pre-trained Llama3.2-
3B-Instruct (Grattafiori et al., 2024) model. In these
experiments, a single layer was systematically tar-
geted at a time, converting a subset of its attention
heads—targeting less than 20% of the total heads
(up to four heads)—from RoPE to NoPE without
further training. This approach enabled isolation of
the impact of selective positional encoding at the
head level. To determine which heads to convert,
two distinct strategies are employed: (1) Position-
Awareness Score (PAS) guided selection, which
targets up to four heads with the lowest position
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Figure 1: Overall architecture of TRONTOR and TRONTOR-Agg. The head router and threshold predictor constitute
TRONTOR, while the multi-base RoPE branch is additionally activated in TRONTOR-Agg.

awareness score (Zhang et al., 2024) in the selected
layer; and (2) random selection as a control. De-
tailed formulations and procedures for these selec-
tion strategies are provided in Appendix A.

Evaluation was conducted on a subset of the
RULER benchmark (Hsieh et al., 2024), focus-
ing on Needle-In-A-Haystack (NIAH) and Vari-
able Tracking (VT) tasks at 4k and 8k context
lengths. Table 1 presents average accuracy per con-
text length, particularly illustrating the case where
exactly four heads were replaced. The results con-
firm that NoPE replacement offers potential for per-
formance gains, although its effects vary by layer.
Specifically, removing RoPE in early layers (e.g.,
0-2) reduces performance, whereas removing it in
mid-to-late layers often improves results.

The observation that random selection occasion-
ally outperforms PAS indicates that static metrics
cannot reliably capture this potential. Note that
these random selection results represent the best
outcomes observed across 10 independent seeds.
Since relying on such random chance is practically
unfeasible for stable deployment, the key to unlock-
ing consistent performance gains lies in identifying
the optimal subset of heads to convert. This insight
directly motivates the introduction of a dynamic
head router that adaptively switches between RoPE
and NoPE based on the input context to capture
optimal positional configurations consistently.

4 Methods

Drawing on our findings, we present TRONTOR,
a lightweight mechanism designed to execute the
head-level routing. Figure 1 provides an overview
of the architecture.

4.1 Model Architecture

TRONTOR includes a head router and threshold
predictor.

Head router. Unlike static approaches, TRON-
TOR predicts whether to apply RoPE for each head
at every token step. Let z; € R? denote the in-
put hidden state for the ¢-th token, where d rep-
resents the hidden dimension of the model. The
router computes a head-specific score s; € R for
H attention heads:

s = LayerNorm(Wy - o(W7 - x))  (2)

Here, o denotes the activation function, specifically
SiLU (Elfwing et al., 2018), and W, and W5 are
learnable weight matrices. The h-th component of
this vector, s; j, represents the model’s preference
for bypassing RoPE for the h-th head, with higher
values indicating a greater likelihood that the head
functions as a NoPE head. Consistent with our find-
ings that removing RoPE in early layers degrades
performance, the router is disabled for the first three
layers.

Threshold predictor. A fixed decision boundary
prevents the model from adapting to varying lan-
guage contexts. Inspired by the method proposed
by Wang and Tang (2025), we employ a context-
sensitive mechanism via a threshold predictor. The
threshold 7; is derived from query vectors g; j, to
reflect the search intent at time ¢. Specifically, 7;
is determined by a global context vector c¢;, ob-
tained by averaging queries across all heads. Sub-
sequently, the selection probability F; ;, is derived
by comparing the head-specific score s; ;, against
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this threshold as follows:
1 H
Ct:H;%,}u Tr=Ws-c+0b

P, = Sigmoid <3“"‘T_”>

3)

where W3 and b are learnable parameters, and
the temperature scaling factor 7' is set to 0.1.

The model makes a binary decision to activate
NoPE behavior if P ;, > 0.5, which is equivalent
to sy p, > T¢, and retains RoPE otherwise. Although
this discretization is non-differentiable, we employ
the straight-through estimator (STE)(Bengio et al.,
2013) during training. Additionally, to maintain
training stability, the predictor’s parameters are ini-
tialized so that the initial probability of selecting
NoPE is approximately 5%. This intentional bias
allows the framework to gradually adapt its han-
dling of positional information, activating NoPE
only in contexts where it provides a clear semantic
benefit.

Extension with intra-head RoPE aggregation.
The formulation above defines TRONTOR, in
which each RoPE-active head uses the default
ROPE base of the backbone model. We further
extend TRONTOR by applying multiple RoPE
bases within each RoPE-active head; we refer to
this extended variant as TRONTOR-Agg. Specif-
ically, TRONTOR-Agg computes attention sepa-
rately with each RoPE base and takes a simple un-
weighted average of the resulting outputs. Unlike
MOoICE (Lin et al., 2024), this aggregation requires
no learnable weighting parameters. For a set of
M RoPE bases B = {b1, ..., by}, the aggregated
output oy, for head h at the ¢-th token is defined as
follows:

M
1 o )
op = i Z Attention(Ge pms Kt hm, Vin)-

m=1

“4)
In this formulation, g; j, ,, refers to the query vec-
tor of the current token at time step ¢, which is ro-
tated by applying RoPE with base b,,, and Kt,h,m
denotes the sequence of key vectors from the be-
ginning of the context up to the current step ¢,
where each vector in the sequence is also rotated
using the same base b,,. In contrast, V) repre-
sents the sequence of value vectors up to step
t in their original latent space, as they remain
unrotated. Following the search scheme in Chen
et al. (2024), we construct a candidate base pool of

{500,515, 535,635, 760, 800,900} x 103. Specif-
ically, we select M = 3 bases from this pool for
the 1B model, while utilizing all M = 7 bases for
larger models.

Final output integration. In both TRONTOR
and TRONTOR-Agg, the outputs of all H atten-
tion heads are concatenated and passed through
the output projection to produce the final multi-
head attention output. The overall procedure of
TRONTOR-Agg is summarized in Algorithm 1.

4.2 Training the Model

To ensure the router makes clear binary decisions
while maintaining a preference for the default po-
sitional bias, a specialized auxiliary loss function
is introduced, consisting of a sparsity term and an
uncertainty term.

Sparsity loss. A sudden and complete shift to
NoPE across all heads could disrupt the model’s
positional understanding. To ensure stable adapta-
tion, RoPE is maintained as the default state, and
NoPE is activated only when the specific context
provides clear semantic benefits. This is achieved
by regularizing the mean activation probability of
NoPE:

1
Esparse = N Z Pt,h (5)

Here, P, j, denotes the predicted probability of acti-
vating NoPE, and N represents the total number of
routing decisions. This term acts as a soft constraint
to prevent excessive deviation from the pre-trained
positional structure.

Uncertainty loss. To prevent the router from re-
maining in an ambiguous state (i.e., P, ~ 0.5)
and to facilitate clear binary switching, an uncer-
tainty penalty is imposed:

Euncert =1-4- % Z(Pt,h - 05)2 (6)
This loss is minimized when F; j, approaches 0 or
1 and maximized when P, 5, is 0.5, thereby encour-
aging the router to make confident decisions.

The total auxiliary loss L, is then defined as a
weighted sum of these two terms:

‘Caux = Asparseﬁsparse + )\uncert»cuncert- (7)

The total training loss £ is defined as the sum of the
negative log-likelihood loss £y 1, and the auxiliary
loss L,ux, formulated as £ = Lnir + Laux-
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Algorithm 1: Dynamic Head Routing with Intra-head RoPE Aggregation

Require: Input hidden state x; for the ¢-th token, and its projections gt r, k¢, 1, vt,», for each head h

Require: Key and value sequences up to step t: K, = {k1,n, ..

Require: Set of M RoPE bases B = {b1,...,bnm}

Skent, Vin ={vin, ..., 00}

Require: Head router ¢, Threshold predictor ¢/, Temperature 7", Output projection Wo

1: s¢ < ¢(z¢) # Compute routing scores for all H heads

2: cp % Zthl Gt

3: 7 < (ct) # Predict dynamic threshold

4: for eachhead h € {1,...,H} do

5. P < Sigmoid((s¢,n — 7¢)/T)

6: if P, > 0.5 then

7: on, < Attention(qt,n, Ki ny, Vi)

8 else

9: for each base b,, € B do
10: Gt,h,m < ROPE(q¢,n, bm) # Apply RoPE with base b, on query
11: K h.m < ROPE(K 1, bm) # Apply RoPE with base b, on key vectors
12: attny, m < Attention(Ge,n,m, K”,,,m,Vt,h)

13: end for
14: op +— ﬁ Zﬁle attng, m

15:  endif
16: end for

17: Oy < Concat(01,02,...,0H)
18: Y; <~ Wo - Oy # Final output projection
19: return Y;

5 Experiments

This section outlines the experimental setup and
provides a comparative analysis with several base-
line models to evaluate TRONTOR’s performance.

5.1 Experimental Setup

The model and baselines. TRONTOR is imple-
mented on Llama-3.2-Instruct-1B/3B (Grattafiori
et al., 2024) and Qwen3-1.7B/4B (Yang et al.,
2025a) to assess its effectiveness across architec-
tures and scales. We evaluate performance against
five configurations: (1) Baseline: the original pre-
trained model; (2) MoICE (Lin et al., 2024): a
multi-scale method computing a weighted sum of
outputs from multiple RoPE bases; (3) AVG: an
ablation applying simple unweighted intra-head ag-
gregation across all heads; (4) TRONTOR; and (5)
TRONTOR-Agg, as described in Section 4.

Among existing head-wise scaling approaches,
we focus on MoICE because it is a recent learned
multi-base baseline closely aligned with our set-
ting.

Dataset and training. We use OpenHermes-2.5-
1k-longest dataset (Teknium, 2023) during router
training, following MoICE (Lin et al., 2024). Other
training hyperparameters, such as the learning rate
and batch size, are also set to be identical to those
used in MoICE. The pre-trained LLM is frozen,
and only the lightweight routing layers (less than
0.1% of total parameters) are optimized. The en-

tire training process is completed in less than 10
minutes using 4 NVIDIA B200 GPUs.

Hyperparameters. Our training objective aimed
to maintain the proportion of NoPE heads at ap-
proximately 5% (typically O to 2 heads per layer),
an empirically determined ratio that ensures a
highly selective adaptation. Through an extensive
grid search on the auxiliary loss coefficients us-
ing the Llama-3.2-1B-Instruct model, we identi-
fied the optimal values as Agpqrse = 1.75 and
Auncert = 0.5. We confirmed that these values
yield robust performance across different model
sizes and various tasks. A detailed analysis of the
hyperparameter search is provided in Appendix D.

5.2 Performance on RULER Tasks

Table 2 shows the evaluation results. Long-context
performance is evaluated using the RULER bench-
mark across six context lengths, with tasks cat-
egorized as Needle-in-a-Haystack (NIAH), Vari-
able Tracking (VT), Word Extraction (WE), and
Question Answering (QA). NIAH reports the
average retrieval task accuracy (niah_single_1,
niah_single_2, niah_single_3, niah_multiquery,
and niah_multivalue). WE is calculated as the av-
erage of ruler_cwe and ruler_fwe, while QA is the
average of ruler_qa_hotpot and ruler_qga_squad.
VT reflects performance on the ruler_vt task. All
results are averaged over three independent runs
with different random seeds.
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Table 2: Detailed evaluation results on the RULER benchmark. The configurations are described in Section 5.1. The

best result in each task—length setting is indicated in bold.

(a) Llama-3.2 Models

(b) Qwen3 Models

1B-Instruct 1.7B
Task |Length|Baseline MoICE AVG TRONTOR TRONTOR-Agg Task [Length|Baseline MoICE AVG TRONTOR TRONTOR-Agg
4k 199.60 99.52 99.60 99.65 99.62 4k 199.89 99.85 99.89 99.82 99.80
8k [98.56 99.23 99.20 98.87 99.29 8k 199.77 99.74 99.77 99.75 99.74
NIAH 16k [95.49 96.87 96.48 96.55 97.81 NIAH 16k [99.65 99.60 99.71 99.65 99.77
32k [88.98 91.4291.29 90.58 92.50 32k [98.79 99.05 99.19 99.27 99,27
64k |84.52 85.20 85.24 85.89 85.97 64k [58.96 60.23 60.19 60.07 60.40
128k | 73.66 74.71 74.68 74.59 74.84 128k | 28.93 32.37 3228 32.72 32.94
4k |58.88 58.79 58.70 59.42 59.38 4k | 81.27 82.10 81.68 82.14 82.71
8k [40.41 40.22 40.21 42.18 42.14 8k [68.34 68.92 69.04 69.81 69.77
WE 16k [30.48 34.14 34.39 34.86 34.53 WE 16k [59.26 58.94 58.89 59.43 59.31
32k [20.35 24.4524.83 24.76 24.80 32k 4698 47.66 47.33 48.20 48.60
64k |15.66 17.6517.58 17.72 18.01 64k [36.76 37.40 37.52 37.60 38.37
128k | 11.73 13.56 13.56 13.27 13.73 128k |43.81 45.18 45.34 45.25 46.03
4k |49.16 49.58 49.40 49.68 49.84 4k |47.86 48.25 48.67 4822 49.05
8k |41.47 42.29 42.53 42.63 43.05 8k [37.63 38.05 37.94 38.05 38.18
QA 16k |37.53 38.01 38.38 37.68 39.38 QA 16k [44.32 46.62 46.50 46.27 46.90
32k |35.44 35.98 35.88 37.09 37.06 32k [41.70 42.67 43.28 42.95 43.64
64k |[32.33 33.72 33.81 33.27 34.23 64k [28.37 30.19 30.24 32.05 3241
128k | 25.38 27.64 27.48 27.92 28.00 128k | 25.86 27.54 27.61 27.16 27.92
4k | 82.24 84.64 84.40 84.37 85.18 4k |96.13 96.57 96.40 96.53 96.57
8k [74.12 75.50 75.64 77.07 77.24 8k 193.55 95.10 94.67 95.31 95.31
VT 16k |70.63 73.66 74.31 75.18 76.82 VT 16k [90.52 91.62 91.88 92.32 92.50
32k [78.80 80.52 80.40 79.92 80.92 32k [79.01 82.17 81.94 83.13 83.50
64k [63.12 65.28 65.39 66.45 67.33 64k |21.68 24.33 2498 2523 25.28
128k |41.21 43.56 44.02 44.59 45.72 128k | 7.04 8.81 8.49 9.40 9.86
3B-Instruct 4B
Task |Length|Baseline MoICE AVG TRONTOR TRONTOR-Agg Task |Length|Baseline MoICE AVG TRONTOR TRONTOR-Agg
4k 199.92 99.97 99.97 99.92 99.97 4k 19991 99.95 99.95 99.92 99.95
8k 199.85 99.9599.96 99.78 99.90 8k 199.90 100.00 99.95 99.95 100.00
NIAH 16k [99.64 99.60 99.62 99.60 99.64 NIAH 16k [99.65 99.80 99.80 99.87 99.90
32k 99.46 99.68 99.68 99.74 99.59 32k [99.85 99.89 99.91 99.87 99.91
64k [98.54 98.74 98.74 98.98 98.98 64k (6291 63.81 63.94 63.81 64.05
128k |97.34 97.8597.94 97.54 97.94 128k |31.72 32.30 32.49 32.81 33.56
4k 193.40 92.92 93.04 93.70 93.08 4k |86.88 86.95 87.13 86.87 87.62
8k |68.08 71.56 71.48 71.26 70.78 8k |85.44 86.28 86.22 8590 86.48
WE 16k [49.66 50.42 50.32 51.02 51.73 WE 16k |83.45 83.05 83.66 84.80 84.56
32k |41.31 41.93 41.71 42.06 42.65 32k |78.00 78.06 78.13 79.16 79.44
64k [39.08 39.83 39.71 41.24 44.64 64k [47.75 49.15 48.17 48.34 49.15
128k |30.54 32.48 31.80 31.90 32.73 128k |40.71 42.49 43.18 44.26 44.57
4k 62.31 62.13 62.01 65.42 66.03 4k | 64.15 65.15 64.87 64.52 64.78
8k [57.20 57.54 57.53 57.69 57.28 8k [58.28 59.18 59.32 59.23 60.27
QA 16k |53.57 54.40 54.80 53.98 54.14 QA 16k |57.13 58.84 58.20 59.14 59.33
32k |48.24 49.3249.12 49.54 49.88 32k [54.66 57.04 56.95 55.81 56.72
64k [42.49 43.59 43.50 44.06 44.62 64k |41.44 4275 43.10 42.94 43.86
128k | 38.64 40.23 40.38 41.06 41.34 128k |40.48 41.43 41.28 42.56 42.93
4k [90.03 92.88 92.40 92.54 93.40 4k [100.00 100.00 100.00 100.00 100.00
8k [85.24 88.52 88.28 87.68 89.52 8k 199.93 99.95 99.93 99.95 99.95
VT 16k [82.92 87.64 87.36 86.76 88.52 VT 16k [99.60 99.70 99.64 99.60 99.70
32k [84.08 85.67 85.75 86.32 90.44 32k [98.19 98.79 99.02 99.10 98.95
64k |87.36 87.38 88.02 88.04 88.55 64k |74.12 77.24 77.61 78.46 78.92
128k | 68.44 71.20 70.76 70.92 72.20 128k [35.04 37.30 37.16 38.87 38.72
Comparison. Both TRONTOR and TRONTOR-  ularly pronounced in long-context settings, includ-

Agg achieve strong overall performance across
different model scales and context lengths. The
router-only TRONTOR variant yields higher aggre-
gate performance than the vanilla Baseline for all
four backbone models without requiring multi-base
intra-head aggregation. Its improvements are partic-

ing the VT tasks for the Llama-3.2 models, while
it generally maintains or improves performance
at shorter context lengths (4k and 8k). Using the
three-seed mean for each setting, two-sided paired
t-tests over the 24 matched task—length settings
confirm that the aggregate improvement of TRON-
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Figure 2: Visualization of attention-sink mitigation through dynamic routing in TRONTOR. (a) The attention map
under standard RoPE. (b) The attention map under TRONTOR’s token-wise dynamic routing.

TOR over the Baseline is statistically significant for
all four backbones (p < 0.05). Moreover, TRON-
TOR achieves aggregate performance competitive
with MoICE, indicating that dynamic switching
between RoPE and NoPE can itself provide an
effective mechanism for long-context adaptation.
For intra-head aggregation, the AVG ablation per-
forms comparably to MoICE across most tasks,
suggesting that simple unweighted averaging of at-
tention outputs obtained with different RoPE bases
can provide performance comparable to learned
weighting in the evaluated settings. Building on
this observation, TRONTOR-Agg combines dy-
namic RoPE/NoPE routing with intra-head aggre-
gation and provides further performance gains over
TRONTOR. Under the same paired testing proto-
col, its aggregate improvements over TRONTOR,
the Baseline, MoICE, and AVG are statistically sig-
nificant for all four backbone models (p < 0.05).
Because TRONTOR activates only one positional-
encoding path for each head—token pair, it avoids
evaluating the multiple RoPE attention branches
used by MoICE. In our efficiency analysis using
Llama-3.2-1B with a 32k-token input, TRONTOR
increases the total decode time for 20 generated
tokens by only approximately 5% relative to the
Baseline, while requiring approximately 40% less
decode time than MoICE. Although TRONTOR-
Agg performs additional multi-base aggregation, it
still requires 33% less decode time than MoICE.

Beyond RULER, TRONTOR-Agg remains com-
petitive on LongBench and standard short-context
language-understanding benchmarks, suggesting
that its long-context improvements do not cause
systematic degradation on shorter-context tasks.
Detailed results are provided in Appendix B and
C, respectively.

5.3 Mitigating attention sinks

Figure 2 visualizes the attention maps of Layer 15,
Head 8 in the Llama-3.2-3B model. In Figure 2(a),
the original RoPE-based head concentrates its at-
tention on the initial tokens as the sequence length
grows, causing mid-context tokens to receive less
attention. By contrast, Figure 2(b) shows the same
head under token-wise dynamic routing, with query
positions selected by the router operating as NoPE.
In this case, attention is redistributed away from the
sequence prefix and toward semantically relevant
tokens located in the middle of the context.

We also measured the average attention proba-
bility mass allocated to the initial tokens (the first
1, 5, and 10 tokens) across all layers for the heads
designated as NoPE. To ensure robustness, these
measurements were averaged over multiple random
seeds and 10 diverse input sequences, covering
domains such as instruction-following, code, and
dialogue. We compared the attention weights of
these heads when operating as standard RoPE ver-
sus when routed to NoPE. As summarized in Table
3, we observed a clear mitigation of the attention
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sink across different initial token windows, with
an absolute attention weight reduction of 47.54%
for the first token and 40.06% for the first 5 tokens.
This evidence supports our claim that NoPE routing
effectively mitigates the attention sink and redis-
tributes attention capacity to the middle tokens.

Table 3: Comparison of average attention probability
mass allocated to the initial tokens when heads operate
as RoPE versus when routed to NoPE.

Initial Token | RoPE | NoPE Absolute
Window (%) (%) | Reduction (%)
First 1 79.81 | 32.27 47.54
First 5 80.74 | 40.68 40.06
First 10 81.22 | 50.27 30.95

6 Conclusion

In this paper, we introduce TRONTOR, a frame-
work that addresses the limitations of “always-
on” static positional encodings by employing a
lightweight, context-aware router. Moving beyond
conventional layer-level modifications, TRONTOR
explores the potential of adaptively switching be-
tween RoPE and NoPE at a fine-grained, head
level. Empirical evaluations demonstrate that this
head-wise dynamic routing alone improves per-
formance over the vanilla baseline with minimal
overhead and remains competitive with existing
multi-scale approaches. When additional compu-
tation is available, TRONTOR-Agg further im-
proves performance by augmenting RoPE-active
heads with simple unweighted intra-head aggre-
gation. The analysis of our results indicates that
TRONTOR effectively mitigates the attention-sink
phenomenon and redistributes attention capacity
to enhance mid-context sensitivity. To support re-
producibility, our implementation is available at
https://github.com/mcrl/TRONTOR.

Limitations

Although TRONTOR improves long-context mod-
eling, several limitations remain. First, our work
focuses on head-wise positional adaptation and
operates on top of the frequency scaling strat-
egy provided by each backbone. We therefore do
not directly compare against or replace frequency-
domain scaling methods such as NTK-aware scal-
ing and LongRoPE. Since these approaches are
largely orthogonal to head-wise routing, integrating
TRONTOR with more advanced frequency scaling
methods remains an important direction for future

work. Second, we initialize the NoPE routing ratio
to 5% to prevent premature collapse toward exces-
sive NoPE activation. Although the final routing
behavior is learned dynamically and the method
remains robust across a range of low initialization
ratios (below 10%), a broader sensitivity analysis
across model scales, tasks, and routing sparsity
regimes is needed to determine the optimal initial-
ization strategy.
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A Manual Head Selection Strategies

In preliminary analysis, we explore two distinct
strategies to identify target heads for RoPE re-
moval: Position-Awareness-Guided selection and
Random selection.

Position-Awareness—Guided Selection. Moti-
vated by evidence that attention heads exhibit vary-
ing sensitivities to positional information, we adopt
the head-wise Position Awareness Score (PAS) pro-
posed by Zhang et al. (2024). PAS serves as a proxy
for positional sensitivity by quantifying the fraction
of tokens whose attention scores exceed a threshold
relative to the mean attention score. Formally, the
position-awareness score Sp € R is defined as:

l l
SP_;E AiZa ZlAj (8)
i= j=

where A; denotes the attention score assigned to
the ¢-th token for the most recent query, [ is the se-
quence length, and « is a threshold hyperparameter
(fixed at o = 3 following prior work). Intuitively,
a higher Sp indicates stronger positional sensitiv-
ity. In our experiments, we identify heads with the
lowest PAS values and convert them to NoPE, al-
lowing us to assess the impact of removing RoPE
from heads that empirically encode positional in-
formation weakly.

~| =

Random Selection. As a control condition, we
evaluate a random head-selection strategy where
heads are converted to NoPE independently of any
positional metric. Specifically, within a targeted
layer, we randomly sample a subset of heads for
conversion. This baseline allows us to disentan-
gle the effects of principled head selection from
those arising merely from a general reduction of
positional bias.

B Computational Analysis

For a more precise inference-efficiency analysis,
we measured Peak VRAM, Prefill Time, and De-
code Time using a randomly generated input of 32k

Metric Baseline TRONTOR TRONTOR-Agg MoICE
Peak VRAM (GB) 13.26 15.02 18.36 21.22

Prefill Time (ms) 329.66 35274 569.92 741.74
Total Decode Time (20 tokens, ms) || 5158.07 5429.55 6034.69 8952.23

Table 4: Inference efficiency comparison at 32k context
length. Decode time is measured for generating 20 to-
kens after the prefill phase.
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Task

Llama-3.2-1B-Instruct

Llama-3.2-3B-Instruct

Qwen3-1.7B

Qwen3-4B

Baseline MoICE TRONTOR-Agg

Baseline MoICE TRONTOR-Agg

Baseline MoICE TRONTOR-Agg

Baseline MoICE TRONTOR-Agg

Single-Document QA || 25.17  25.69 25.94 3732 38.16 38.84 1340 1428 14.35 15.64  16.58 17.20
Multi-Document QA 2543 26.16 27.14 2442 2640 27.52 13.68  15.04 15.62 16.86  18.31 19.60
Summarization 2075 21.12 22.05 24.19  24.46 26.13 20.37  21.80 2291 2435  24.69 25.35
Few-shot Learning 5195 5235 52.89 60.16  61.04 61.78 5425  56.75 57.06 59.70  60.24 61.36
Synthetic Tasks 3.41 6.46 7.71 40.17  41.93 43.67 58.72  60.19 61.75 63.75  64.37 65.14

Code Completion

2620  26.38 27.19

33.08 3523 36.12

6.59 8.46 9.32

12.83  15.06 14.96

Table 5: Evaluation results on the LongBench benchmark across Llama-3.2 and Qwen3 models.

tokens on the Llama-3.2-1B model. The decode
time specifically reflects the latency for generating
20 tokens subsequent to the 32k token prefill phase.

First, to isolate the computational cost of our
components, we evaluate a TRONTOR variant,
which applies our context-aware routing to select
between default RoPE and NoPE per head, without
any intra-head aggregation. As shown in Table 4,
TRONTOR introduces a marginal overhead com-
pared to the vanilla Baseline, with less than an
8% increase in prefill time and minimal impact
on decode latency and memory. This demonstrates
that the dynamic head routing mechanism itself is
highly lightweight and efficient.

The primary computational overhead in
TRONTOR-Agg arises from the intra-head aggre-
gation phase, which necessitates the computation
and blending of three distinct RoPE bases used
in this experiment. Although this aggregation
introduces an increase in cost compared to the
Baseline, it is a worthwhile trade-off for the
substantial performance improvements achieved in
long-context scenarios. More importantly, when
compared to MoICE, TRONTOR-Agg proves to
be highly efficient. Our method achieves an exe-
cution speedup of over 30% in total decode time,
alongside a substantial reduction of approximately
15% in peak VRAM consumption. Optimizing the
low-level kernels for the intra-head aggregation
to further accelerate inference speed remains an
important direction for future work.

C Additional Benchmark Results

While our primary evaluation focuses on the
RULER benchmark to demonstrate long-context
capabilities, we provide supplementary results in
this section to offer a comprehensive performance
assessment. Specifically, we evaluate the LLaMA-
based implementation of TRONTOR-Agg on Long-
Bench (Bai et al., 2024b), another standard long-
context benchmark, as well as on several general
language understanding tasks that handle short-
context documents. LongBench categorizes its de-

tailed sub-tasks into six main areas, and we re-
port the average performance for each: Code Com-
pletion (longbench_Icc, longbench_repobench-p),
Few-shot Learning (longbench_Isht, longbench_
samsum, longbench_trec, longbench_triviaga),
Multi-Document QA (longbench_2wikimqa, long-
bench_dureader, longbench_hotpotqa, longbench_
musique), Single-Document QA (longbench_
multifieldga_en, longbench_multifieldqa_zh, long-
bench_narrativeqa, longbench_gasper), Summa-
rization (longbench_gov_report, longbench_multi_
news, longbench_gmsum, longbench_vcsum), and
Synthetic Tasks (longbench_passage_count, long-
bench_passage_retrieval_en, longbench_passage_
retrieval_zh).

Llama-3.2-3B-Instruct
Baseline MoICE TRONTOR-Agg
5329  54.08 54.08
29.00 2947 30.20
68.82  69.12 69.05
7538  75.80 76.27
4377 4394 44.33

Llama-3.2-1B-Instruct
Baseline MoICE TRONTOR-Agg
4509  45.12 4545
2440  24.60 24.60
59.67  59.75 59.78
68.43  68.27 68.43
3575 3541 3572

Task

HellaSwag
OpenBookQA
WinoGrande
ARC-Easy
ARC-Challenge

Table 6: Evaluation results on General Tasks for stan-
dard language understanding across Llama-3.2 1B and
3B models.

The reported score for each category represents
the average performance of its corresponding sub-
tasks. As shown in Table 5, TRONTOR-Agg con-
sistently improves over the Baseline and outper-
forms MoICE across nearly all grouped Long-
Bench tasks. This confirms that the retrieval im-
provements observed in RULER stably general-
ize to diverse long-context evaluation scenarios.
We also demonstrate that TRONTOR-Agg effec-
tively maintains, and in some cases marginally
improves, performance even on tasks involving
short documents. Table 6 presents the evaluation
results on standard general language understand-
ing benchmarks, including HellaSwag (Zellers
et al., 2019), OpenBookQA (Mihaylov et al., 2018),
WinoGrande (Sakaguchi et al., 2021), ARC-Easy,
and ARC-Challenge (Clark et al., 2018). Compared
to the baseline, TRONTOR-Agg not only preserves
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fundamental reasoning skills without catastrophic
forgetting but also exhibits slight but consistent per-
formance gains across most tasks. These findings
validate that TRONTOR-Agg robustly enhances
long-context capabilities while safely preserving
general language understanding in shorter contexts.

1.0

74.5

1.00 125

/\sparse

Figure 3: Hyperparameter search results for Agpqrse and
Auncert- The color intensity represents the model score,
with the optimal performance achieved at Agparse =
1.75 and Ayneert = 0.5.

D Hyperparameter Search for Auxiliary
Loss

To determine the optimal coefficient values that
achieve the balance between sparsity and perfor-
mance, we performed a grid search for the aux-
iliary loss. We evaluated Agpqrse Over [0, 2] with
a 0.25 interval and Ayycere OVer [0, 1] with a 0.1
interval. For this analysis, we utilized the Llama-
3.2-1B-Instruct model with an 8k context length
on the RULER Variable Tracking (VT) task. As
mentioned in the main text, our training objective
was to maintain the proportion of NoPE heads at
approximately 5%, which means typically only O to
2 heads per layer are activated as NoPE heads. The
complete results of this grid search are presented
as a heatmap in Figure 3.

Model performance across most configurations
surpassed the baseline score of 74.12. A distinct
performance peak was observed at Agpgrse = 1.75
and Aypcert = 0.5. Although the parameter search
was restricted to the 1B model and the VT task due
to resource limitations, we empirically confirmed
that these values yield robust performance across
different model scales and various evaluation sce-
narios.

E System configuration

Detailed system configurations are provided in Ta-
ble 7.
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CPU 2 x AMD EPYC 9365 36-Core Processor
GPU 4 x NVIDIA B200
oS Ubuntu 24.04.3 LTS

CUDA Version [13.0

PyTorch Version|2.11.0+cul28

Table 7: System configuration



