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1 Overview

The primary contribution of this work is the in-
troduction of Token-Wise Kernels (TWiKers) as
a means of injecting interpretable, token-specific
inductive bias into transformer attention—aimed
at improving transparency and enabling linguis-
tic analysis, rather than optimizing downstream
task performance. That said, in response to re-
viewer feedback, we have conducted substantial
additional experiments to evaluate TWiKers on
standard NLP benchmarks (GLUE), extended to
larger model architectures (LLaMA-3), and incor-
porated stronger baselines for our clustering ex-
periments. These additions confirm that TWiKers
offer interpretability without sacrificing model per-
formance. To clarify the structure of the revised
manuscript, the new empirical results are consoli-
dated under Training-focused Experiments, while
the original conceptual contribution is emphasized
in Language-focused Experiments.

2 Recap of Issues Raised in the Previous
Review Round

This submission was previously reviewed under
ACL Rolling Review (May 2025 cycle). While
reviewers acknowledged the conceptual novelty
of Token-Wise Kernels (TWiKers)—a lightweight,
interpretable modification to transformer atten-
tion—some critical concerns were raised, particu-
larly by Reviewer 6pFV and the Meta Reviewer.
These are summarized below:

* Lack of Standard NLP Benchmark Re-
sults: The initial submission focused on in-
terpretability, but did not provide quantitative
results on common NLP benchmarks (e.g.,

GLUE, perplexity). Reviewers requested clear
evidence of the method’s effect on model train-
ing and downstream performance.

* Limited Model and Data Diversity: Experi-
ments were limited to GPT-2. Reviewers en-
couraged validation on modern, large-scale
transformer architectures.

» Absence of Strong Clustering Baselines: In
the literary translation clustering experiment,
reviewers suggested comparing TWiKers with
additional baselines, such as token embedding
clustering.

* Focus Ambiguity: Reviewers pointed out
an unclear distinction between interpretability
and performance improvement as the paper’s
main goal.

* Suggested Evaluation on Genera-
tive/Reasoning Tasks: Reviewers suggested
(but did not require) further experiments on
advanced benchmarks like ARC or GSM8K.

3 Summary of Revisions and Key New
Results

We thank all reviewers for their feedback. The fol-
lowing substantive changes and new experiments
have been made:

1. LLaMA-3 Implementation and GLUE
Benchmark [MAJOR]:
In response to reviewer suggestions, we ex-
tended TWiKers to LLaMA-3 and conducted
systematic evaluations on model training us-
ing the full GLUE benchmark (using LoRA,
rank=16). The results and analysis have been
prominently integrated into the new Experi-
ments section of the manuscript.

Experimental Setup: GLUE tasks include
MNLI, QQP, QNLI, SST-2, CoLA, MRPC,



STS-B, RTE (WNLI excluded). TWiKers
were evaluated in three settings: OFF (dis-
abled), SMALL (kernel size 3, values only,
head-invariant), and LARGE (kernel size 5,
keys and values, head-variant). All exper-
iments used LLaMA-3-8B finetuned with
LoRA (rank=16).

Key Results: Across all tasks, TWiKers con-
sistently matched or improved model per-
formance over the baseline (OFF), with no
evidence of performance degradation. Some
highlights:

* RTE Accuracy: 0.8342 (OFF) —

0.8628 (LARGE)

e SST-2 Accuracy: 09667 (OFF) —
0.9690 (LARGE)

e Other tasks (MRPC, STS-B, QQP,
MNLI, etc.) also show matched or im-
proved results.

The complete summary table is below and in
Section 4/Table 1 of the revised manuscript.

Task  Metric OFF SMALL LARGE
rte Loss 0.5037 0.4901 0.4704
Acc 0.8342 0.8339 0.8628
mrpc  Loss 0.3821 0.3805 0.3863
Acc 0.8625 0.8701 0.8652
F1 0.9054 0.9062 0.9037
stsb Loss 0.4182 0.3999 0.3862
PC 0.9042 0.9072 0.9107
SC 0.9069 0.9072 0.9125
cola Loss 0.3804 0.4132 0.3812
MC 0.6830 0.6473 0.6878
sst2 Loss 0.1722 0.1873 0.1580
Acc 0.9667 0.9633 0.9690
qnli Loss 0.1913 0.1925 0.1848
Acc 0.9573 0.9568 0.9553
qqp Loss 0.2977 0.3029 0.2959
Acc 09111 0.9191 0.9189
F1 0.8913 0.8919 0.8916
mnli  Loss 0.3651 0.3555 0.3678
Acc 0.9148 0.9155 09111

Table 1: GLUE benchmark results for LLaMA-3-
8B finetuned with LoRA, comparing TWiKers (OFF,
SMALL, LARGE). MC = Matthews Correlation, PC
= Pearson Correlation, SC = Spearman Correlation.
WNLI excluded due to random-chance performance.
See Section 4/Table 1 of the revised manuscript.

These results demonstrate that, beyond inter-
pretability, TWiKers offer measurable and
sometimes positive effects for transformer
model training, without any observed loss in
performance compared to strong baselines.
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Figure 1: Mean deviation of learned TWiKers from Cen-
tral Dirac [0, 1, 0] across five English translations of The
Dream of the Red Chamber.

2. Expanded Baselines for Clustering:

In the Dream of the Red Chamber translation
clustering task, we introduced new baselines
using token embeddings and PoS tag distri-
butions. TWiKers outperformed all baselines,
with a V-measure of up to 1.00 (no Al transla-
tion) and 0.91 (with Al translation), compared
to 0.75 (token embedding) and 0.61 (PoS tag).
The details are shown in Figure 2.

Method V-measure
TWiKers with Al translator 091
TWiKers without Al translator 1.00
PoS tag baseline 0.61
Token embedding baseline 0.75

Table 2: Clustering results for Dream of the Red Cham-
ber translations. See Section 4/Table 2.

3. Clarified Paper Focus:

The revised manuscript now explicitly states
that the main contribution of TWiKers is intro-
ducing interpretable, token-specific inductive
bias into transformer attention. Benchmark
and clustering experiments are provided in re-
sponse to reviewer requests, not as the core
innovation.
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(a) TWiKer-based

(b) TWiKer-based, no OpenAl

(c) PoS-based

(d) Embedding-based

Figure 2: Clustering five English translations of The Dream of the Red Chamber. Each point represents one corpus
(~24 chapters), where the label shows the ground-truth (initial of the first translator’s name and the starting chapter
number; see Figure 1), and the marker shape indicates clustering results. We use a simple KMeans algorithm,
starting from 100 different random states, and show the best results as above. Subfigures (a) and (b) are based on
learned TWiKer weights, and (c) and (d), as baselines, are respectively based on PoS tag distributions and token
embeddings averaged across PoS tags.

4. Unrun Experiments:

Reviewer 6pFV suggested running ad-
vanced generative/reasoning tasks (e.g., ARC,
GSMS8K). We attempted to prepare these, but
the required resources (long sequences, very
large models) exceeded our available hard-
ware. This limitation is documented in the
paper and here; we encourage future work to
extend in this direction.

. Improved Clarity and Readability:

The methodology, experimental design, and
ablation studies were streamlined for clarity.
Figure and table labels were clarified, and de-
tails moved to the appendix as appropriate.

sive new experiments on the GLUE bench-
mark using LLaMA-3-8B with LoRA finetun-
ing. Results show that TWiKers consistently
match or improve model performance, con-
firming that our method scales well and incurs
no accuracy or efficiency loss.

Stronger Clustering Baselines: For our lit-
erary analysis task, we introduced additional
baselines (e.g., PoS tag and token embedding
distributions). TWiKers continue to outper-
form these alternatives by a large margin in
V-measure, reinforcing their utility for inter-
pretable stylistic modeling.

4 Closing Statement

We have substantially revised the manuscript to
address all major reviewer concerns. While our
central goal remains the introduction of a inter-
pretable, token-wise inductive bias—not perfor-
mance improvement—we have taken considerable
care to validate the practicality and effectiveness
of our method. The key points of this revision are

manuscript
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the reviewers’ requests and our original

motivation.

summarized below:

* Core Contribution: The principal innova-

tion lies in the introduction of Token-Wise
Kernels (TWiKers)—a directly interpretable,
token-specific inductive bias in transformer at-
tention—designed to improve linguistic align-
ment and interpretability in large language
models.

* New Experiments on Benchmarks: To ad-

dress reviewer concerns, we conducted exten-

* Documented Limitations: Reviewer sugges-

tions regarding generative and reasoning tasks
(e.g., ARC, GSMB8K) were acknowledged but
not implemented due to hardware constraints.
We clearly document this limitation and sug-
gest it as a direction for future work.

We hope the revised submission makes the in-
tent, scope, and contribution of our work clear. We
respectfully submit this version with the confidence
that all major reviewer concerns have been ad-
dressed, and that the core value of TWiKers—as an



interpretable, linguistically grounded transformer
modification—is now properly demonstrated.
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