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Abstract

Transformer models achieve strong performance across many NLP tasks, but com-
putational costs scale with input length. Dynamic token merging (DTM) addresses
this inefficiency by deleting low-importance tokens in an early encoder layer, al-
lowing later layers to operate on a shorter sequence. In this work, we study DTM
in a subword encoder-decoder model by integrating a deletion gate into the en-
coder of TSGemma?2, evaluating the trade-off between deletion rate, accuracy,
and efficiency on natural language inference. We find that subword tokeniza-
tion is less redundant than byte-level tokenization, so moderate deletion rates re-
duce encoder FLOPs with limited accuracy loss, while aggressive deletion causes
rapid performance degradation. A fixed-rate random deletion baseline performs
competitively at low deletion rates, suggesting substantial input redundancy. Fi-
nally, cross-lingual evaluation reveals that learned deletion policies vary across
languages.
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2 Introduction

Transformer models [I] achieve strong performance across many NLP tasks, but computational
costs scale with input sequence length. In standard architectures, every token is processed by every
encoder layer, even though many tokens contribute little to the final prediction. This redundancy
results in unnecessary computation, particularly for long inputs.

Dynamic token merging (DTM) addresses this inefficiency by allowing the model to remove low-
importance tokens during the forward pass. By shortening the sequence at an early layer in the
encoder, the model can reduce computation while preserving the most informative tokens. Prior
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work demonstrates that deletion can reduce sequence length and model cost while maintaining per-
formance in transformer models. However, existing studies primarily evaluate token deletion in
byte-level architectures []. It remains unclear whether these methods transfer effectively to sub-
word encoder-decoder models, which are more widely used in modern NLP systems. Subword
tokenization may exhibit different redundancy patterns, and deletion policies learned under one tok-
enization scheme may not generalize to another.

In this work, we investigate DTM in a subword encoder-decoder model. We implement a deletion
mechanism in the encoder of TSGemma?2 [3] and evaluate the behavior of our new MrT5Gemma2
model on natural language inference tasks. We analyze the trade-off between deletion rate, model ac-
curacy, and computational cost on MNLI [@], and examine cross-lingual generalization using XNLI
[5]. Our results show that moderate deletion reduces encoder computation with limited accuracy loss
on MNLLI, but deletion policies learned on English do not generalize uniformly across languages.

3 Related Work

Improving the efficiency of transformer models is an active area of research because the growing
computational demands of large models increase financial costs, energy consumption, and barriers
to accessible deployment.

Some approaches reduce the quadratic complexity of self-attention. Methods such as Longformer
[6], BigBird [[], and Reformer [R] introduce sparse or structured attention patterns that enable trans-
formers to process longer sequences with reduced computational cost. Other approaches reduce
model size through compression techniques such as knowledge distillation, as demonstrated by Dis-
tilBERT [9].

Another approach improves efficiency by reducing the number of tokens processed by later layers of
the model. Token pruning removes tokens predicted to be uninformative during intermediate layers.
For example, POWER-BERT [[I{] bases this deletion on attention-derived importance scores, while
TR-BERT [I1] learns a dynamic token selection policy. However, most token pruning methods are
developed for encoder-only architectures and evaluated primarily on English benchmarks. Similar
ideas have been explored and become increasingly common in vision transformers. DynamicViT
[T2] learns token importance scores to progressively prune tokens during inference, while Token
Merging (ToMe) [[[3] reduces sequence length by merging similar token representations rather than
removing them entirely.

Dynamic token merging (DTM) has recently been explored as a new approach in byte-level encoder-
decoder transformers. MrT5 [2], derived from ByTS5 [[[4], introduces a learned deletion gate during
encoding that predicts token importance and removes uninformative representations, allowing later
layers to process shorter sequences. This approach reduces sequence length and computational cost
while maintaining downstream task performance. However, because MrT5 operates on byte-level
inputs, deletion decisions are made over sequences with different properties than subword-tokenized
mputs.

Our work studies DTM in a subword encoder-decoder transformer architecture. We integrate a dele-
tion gate into the encoder of TSGemma?2 [B], a recent state-of-the-art encoder-decoder model from
the Google Gemma family [[I5] that uses SentencePiece tokenization of vocabulary size 262k [[[f]
and UL2-style pretraining [["4]. It supports both image and text modalities with a shared embed-
ding space between the encoder and decoder parts of the model; we focus on text-only tasks and
freeze the vision tower during training and evaluation. Our work therefore provides the first anal-
ysis of dynamic token merging transferred to a modern subword encoder-decoder architecture and
evaluates its behavior under multilingual evaluation. Multilinguality is particularly important in this
context, as efficiency techniques may unfairly affect languages with different tokenization patterns
or linguistic structures.

Finally, we adopt parameter-efficient fine-tuning to adapt the model during training. We use Low-
Rank Adaptation (LoRA) [IX], which introduces low-rank update matrices that enable large trans-
former models to be fine-tuned with substantially fewer trainable parameters while keeping the base
model weights frozen. This approach reduces training cost while isolating the effect of the deletion
mechanism.



4 Approach

Our method follows the dynamic token deletion framework introduced in MrT5 [[], integrating a
deletion gate into the T5Gemma?2 encoder [B]. Figure 1 shows the architecture, where after the
first k encoder layers, a deletion gate shortens the sequence before it is processed by the remaining
26 — k encoder layers and passed to the decoder through cross-attention. We study this mechanism
in a fine-tuning setting, where a pretrained TSGemma2 model is adapted to the downstream task
while learning the deletion gate.
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Figure 1: MrT5Gemma?2 architecture.

Let h; € R? denote the hidden representation of token i at encoder layer [. A deletion gate predicts
a scalar importance score for each token

gi=co(—(Wh; +b)), ¢<0

where W € R4 and b are learned parameters, c is a fixed scaling constant, and o () is the sigmoid
function. During training, we apply soft deletion through attention-logit masking. Let A;; denote
the original attention logit between tokens ¢ and j. The masked attention logits are

!/
Aij = Aij + gj
and the attention WCightS are computed as

@j = softmax;(A;;).

Target deletion rates

We adopt the proportional-integral (PI) controller used in MrT5 [2], which dynamically adjusts the
gate-regularization coefficient to maintain a target deletion rate J; in our experiments, we evaluate
target deletion rates 6 € {0.1,0.2,0.3}. Let r; denote the observed deletion rate at training step t.
The controller updates the regularization coefficient cv; using both the instantaneous error (§ — )
and an accumulated error term over previous steps:

t
o= a1+ k(0 —1e) + ki Y (0 —14), )
i=1
where &, and k; are the proportional and integral gains, respectively. This feedback mechanism en-

courages the model to match the desired deletion rate during training, resulting in observed deletion
rates that closely approximate the specified targets at inference time.



Hard deletion

During inference, we apply hard deletion by compacting tokens at the gate layer using a threshold 7.
If S = {i| g; > 7} denotes the retained tokens, the encoder sequence becomes H' = {h; | i € S},
so later encoder layers and decoder cross-attention operate on the shortened sequence.

Following the performance-efficiency tradeoffs reported in MrT5 [2], the deletion gate is inserted at
layer 3 of the encoder. Early encoder layers contextualize tokens before deletion decisions are made,
while later layers process the reduced sequence.

LoRA

We adapt the model using LoRA [IH], which keeps the pretrained weight matrix fixed and learns
only a low-rank update. For a weight matrix W € R%**_ the adapted layer is

W' =W + 2BA,
T

where A € R™** and B € R?*" are trainable matrices with rank » < min(d, k). In our setup, we
use r = 8 and o = 16, so the LoRA branch is scaled by a/r = 2. This gives a compact update
that adds far fewer trainable parameters than full fine-tuning while still allowing the model to adapt
effectively. We also use LoRA dropout p = 0.05, which regularizes the low-rank branch during
training by randomly dropping a small fraction of its activations.

Softmax1
To stabilize training, we adopt the softmax1 normalization used in MrT5 [2] to prevent degenerate
soft deletion behavior (see Appendix). Given logits x;, softmax]1 is defined as

exp(x;)

softmax;(z;) = ————""+—.
(x:) 1+, exp(zy)

However, we use regular softmax during evaluation, as we find near-identical hard deletion perfor-

mance with significantly reduced latency (see Appendix).

We compare our MrT5Gemma2 DTM method against two baselines to contextualize results. The
first baseline is standard TSGemma?2 fine-tuning without any token deletion mechanism. The second
baseline uses a fixed-rate random deletion strategy in which random token positions are removed to
match the same average deletion rate. These baselines allow us to evaluate whether learned token
deletion provides benefits beyond simple sequence reduction by preserving task-relevant tokens.

5 Experiments

5.1 Data

Our experiments focus on the downstream task of natural language inference (NLI), where the model
predicts the semantic relationship between a premise-hypothesis sentence pair among three types:
entailment, contradiction, or neutral. This task provides a standard benchmark for evaluating general-
purpose sentence-level language understanding.

We fine-tune on the Multi-Genre Natural Language Inference (MNLI) [4] dataset. In our setup,
MNLI provides 392,702 training examples, and we report validation performance on the matched
split of 9,815 examples, each example across the entire dataset containing on average 29.6 words.
The examples are distributed evenly among the three types of semantic relationships.

To analyze cross-lingual behavior, we additionally evaluate on the Cross-lingual Natural Language
Inference (XNLI) [§] dataset. XNLI provides 2490 validation examples for each of its 15 covered
languages: Arabic, Bulgarian, German, Greek, English, Spanish, French, Hindi, Russian, Swabhili,
Thai, Turkish, Urdu, Vietnamese, and Chinese. This benchmark allows us to test whether deletion
policies learned during fine-tuning transfer across languages with different linguistic and tokeniza-
tion characteristics.

For the continued pretraining experiment, we use a span-corruption objective with a HuggingFace
streaming multilingual corpus of non-English data from FineWeb-2 [IY] and English data from
FineWeb [20].



5.2 [Evaluation method

We evaluate models using both task performance and efficiency metrics. Task performance is mea-
sured using classification accuracy on the NLI task. Accuracy is computed as the proportion of
correctly predicted labels over the evaluation set.

To measure the behavior of the deletion mechanism, we report the average deletion rate, defined as
the fraction of non-padding input tokens removed by the deletion gate during inference. This metric
reflects how aggressively the model prunes tokens and allows us to compare models trained with
different target deletion rates.

We run this evaluation on two variants of this mechanism, soft and hard deletion. In the first setting,
tokens are greatly attenuated through the soft deletion gate but remain in the sequence. In the second
setting, tokens selected by the gate are removed entirely via hard deletion, reducing the effective
sequence length processed by the model.

We also measure computational efficiency using two metrics. First, we estimate encoder floating-
point operations (FLOPs), which approximate the theoretical computation required for the encoder
forward pass after token deletion. We calculate this as

FLOPey = B - L (25°d + 8sd?),

where s is the effective encoder sequence length after deletion, d is the hidden size, L is the number
of encoder layers, and B is the batch size (set to 1 for per-example reporting). Second, we measure
forward-pass latency per example to capture the practical runtime impact of dynamic token deletion,
though this metric exhibits slight variance across runs.

5.3 Experimental details

All models are fine-tuned from pretrained TSGemma?2 weights. Training uses the MNLI training
split, and evaluation is performed on the validation sets for both MNLI and XNLI. The maximum
input length is set to 512 tokens. Early training runs showed substantial performance degradation
when training for more than one epoch (see Appendix). Because of this, we train all models for a
single epoch. We evaluate several configurations of the deletion mechanism. Models are trained
with target deletion rates of 0.1, 0.2, and 0.3. For each configuration, we compare soft deletion
during training with hard deletion during inference.

Optimization is performed using the HuggingFace Seq2SeqTrainer with the AdamW optimizer
and a learning rate of 1 x 10™%. A linear learning rate scheduler without warmup is used. Weight
decay is set to 0, gradient accumulation is set to 1, and the maximum gradient norm is set to 1.
The batch size is 32 during training and 8 during evaluation. Parameter-efficient fine-tuning is
implemented using LoRA adapters applied to the attention layers of TSGemma2, while the base
model weights remain frozen. The deletion gate parameters and the LoRA adapters are optimized
jointly during fine-tuning. During training, the loss decreases steadily over the course of the single
epoch. The deletion rate also stabilizes over time and converges to the target deletion rate due to the
controller. Training curves for loss and deletion rate are reported (see Appendix). All experiments
are run on a single NVIDIA L4 GPU (4 vCPUs, 16 GB RAM) through GCP Deep Learning VM.
Each training epoch took approximately 2 hours. Additional experiments initializing the deletion
gate using continued pretraining on span corruption objective before fine-tuning were conducted
on a single NVIDIA GH200 GPU, but we found that this continued pretraining does not produce
measurable improvements over the standard fine-tuning setup (see Appendix).

5.4 Results

We evaluate the deletion mechanism along three dimensions. First, we examine task performance
under varying deletion rates and compare learned deletion against a fixed deletion baseline. Second,
we analyze efficiency using profiling metrics, including encoder FLOPs and forward-pass latency.
Finally, we evaluate cross-lingual behavior by applying MNLI-trained deletion models to the XNLI
benchmark.

Task performance

We evaluate MNLI validation accuracy as a function of the target deletion rate, as shown in Figure
2. Moderate deletion rates preserve much of the task performance. The baseline model without



deletion achieves 0.863 accuracy on MNLI. Under hard deletion, accuracy is approximately 0.80 at
a target deletion rate of 0.1 and 0.78 at a target deletion rate of 0.2. When the deletion rate increases
to 0.3, performance declines substantially, indicating that more aggressive token removal reduces
task accuracy.

Notably, the relatively strong performance at low deletion rates verifies that MNLI inputs contain
some redundancy under subword tokenization. At higher deletion rates, our learned soft dele-
tion model outperforms the fixed deletion baseline, indicating more effective preservation of task-
relevant tokens and better retention of task-relevant information.

However, learned hard deletion does not consistently outperform the fixed deletion baseline, sug-
gesting that reliably identifying entirely dispensable tokens under subword tokenization remains
difficult.
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Figure 2: MNLI accuracy vs token deletion rate.
Efficiency metrics

For each configuration, we report achieved deletion rate, estimated encoder FLOPs, and forward-
pass latency per example, shown in Table 1.

Baselines MrT5Gemma2
Baseline Fixed Deletion  Soft Deletion  Hard Deletion
Accuracy on MNLI 0.863 0.803 0.822 0.780
Deletion Rate (%) 0.0 18.9 19.0 19.0
Encoder FLOPs (B) 36.2 28.4 36.2 28.4
Latency (ms/example) 6.36 6.53 6.37 6.31

Table 1: Efficiency results evaluated with target deletion rate of 0.2 on MNLI.

Forward-pass latency remains largely unchanged across configurations. The fixed deletion baseline
exhibits slightly higher latency than the baseline model without deletion. This result suggests that
forward-pass latency in our implementation is not determined solely by arithmetic computation.
Instead, runtime may be influenced by factors such as GPU overhead, memory movement, and other
system-level costs, so theoretical efficiency does not yet translate directly to realized efficiency.

In contrast, the FLOP estimates align with the expected behavior of the architecture. Hard deletion
reduces encoder FLOPs from 36.2B to 28.4B, corresponding to a significant 21.5% reduction in
encoder computation. This reduction reflects the shorter effective sequence length processed by
later encoder layers after tokens are removed by the deletion gate.

Multilingual evaluation
In Figure 3, we compare the cross-lingual behavior of the learned deletion model and fixed deletion
baseline, both trained on MNLI with a target deletion rate of 0.1.
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Figure 3: Token deletion rate for different languages.

Evaluation on XNLI shows that deletion behavior varies across languages. The learned deletion
model does not realize the same deletion rate across languages, even though it was trained with a
target deletion rate on English MNLI. This variation suggests that the learned deletion policy does
not transfer uniformly from English to other languages and is sensitive to language-specific tok-
enization or representation patterns. This also suggests the model could potentially learn language-
specific deletion rates. There are some performance discrepancies, with English outperforming other
languages, as expected (see Appendix).

6 Analysis

Our results show that dynamic token deletion remains effective in a subword encoder-decoder
model. At moderate deletion rates, the model preserves much of the baseline performance while
reducing encoder computation. However, performance degrades rapidly once deletion becomes too
aggressive, suggesting that although subword token sequences contain redundancy, the margin for
safe compression is narrower than in the byte-level setting studied by MrT5.

Table 2 examples how entropy changes between the fixed-deletion baseline and learned soft deletion
at 0.2.

Metric Fixed Deletion (0.2)  Soft Deletion (0.2)
Shannon Entropy (H) 0.7857 0.4896
Gini Impurity 0.4580 0.2717
Brier Score 0.1309 0.2914
Confidence Margin 0.4334 0.6765

Table 2: Comparison of uncertainty-related evaluation metrics for the 0.2 fixed deletion baseline
and the learned 0.2 soft deletion model.

The fixed-deletion baseline shows higher Shannon entropy and Gini impurity, while the learned soft
deletion model yields substantially lower values, indicating more confident predictions. Despite
some variation in calibration reflected in the Brier score, the overall pattern across these metrics
suggests sharper prediction distributions under the learned deletion policy.

Qualitative analysis of token-level deletion behavior suggests that the model preferentially removes
tokens that contribute little to the core semantic content of the NLI task, such as special markers,
formatting tokens, and punctuation (see Appendix). Figure B shows two representative examples.
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Figure 4: Examples of token deletion patterns. The top example is from English MNLI and the
bottom example is from Chinese XNLI. Both are produced by MrT5Gemma2 under hard deletion
with target rate 0.2.

In the English example, the model deletes several structural or low-information tokens, including
the <bos> token, formatting markers such as _premise and _hypothesis, punctuation tokens (e.g.,
“” and “.”), and auxiliary words such as _is. This pattern is consistent with aggregate statistics on
the MNLI validation set for MrT5Gemma2 with target deletion rate 0.2. Special marker tokens are
deleted on average 57.9% of the time, with the initial <BOS> token deleted in 100% of examples.
Punctuation tokens (e.g., “,” and “.”) are deleted 40.1% of the time, and numerical tokens (e.g., “1”
and “4”) are deleted 29.2% of the time. These categories appear to play a relatively limited role in

determining the semantic relation between the premise and hypothesis.

By contrast, semantically informative tokens in the English example, such as _man, _playing, _gui-
tar, _stage, _musician, _performing, and _live, are retained. This tendency also appears in the
broader validation set. For example, tokens such as _government, _democratic, _friends, _re-
searchers, and _receive occur 55, 18, 32, 13, and 48 times, respectively, and are deleted only about
5-7% of the time. Overall, these examples suggest that the learned deletion policy often preserves
tokens that are more central to sentence meaning.

A similar pattern is visible in our cross-lingual XNLI evaluation. In the Chinese example, the model
deletes several function or modifier tokens, including *“F]PA” (_can), ‘U1 (_if), and ‘“B” (_ir).
However, token-level deletion behavior is still variable, and the model sometimes deletes seman-
tically important words, especially in examples where the realized deletion rate substantially ex-
ceeds the target. In the example shown in Figure B, the model deletes 48.8% of tokens, including
content-bearing words such as ‘" (patient/sufferer) and ‘& f{K” (tell you). This illustrates
that although the deletion policy often identifies low-information tokens, it can also over-prune and
remove important content in some cases.

Finally, token character length has almost no linear relationship with dataset-wide deletion fre-
quency, with correlation » = —0.043. This suggests that the model is not simply favoring shorter or
longer tokens for deletion. Additional interpretability analyses are provided in the Appendix.

7 Conclusion

We studied dynamic token deletion in a subword encoder-decoder transformer by integrating an
MirT5-style deletion gate into TSGemma2. Our results show that moderate deletion rates can re-
duce encoder computation with relatively small accuracy loss, but performance deteriorates quickly
once deletion becomes too aggressive. We further find that learned deletion does not consistently
outperform a random deletion baseline at low deletion rates, and that gains in theoretical efficiency
are larger than gains in measured latency. Cross-lingual evaluation also reveals that deletion behav-
ior varies across languages, suggesting sensitivity to tokenization and language-specific structure.
Overall, our findings show that dynamic token deletion remains a promising efficiency mechanism
in subword models, but that robust token selection and practical runtime gains remain open chal-
lenges. Several directions remain for future work (see Appendix), including additional experimen-
tation and analysis, as well as novel creative directions to further explore the potential of dynamic
token merging.
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Appendix

Training Dynamics
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Figure 5: Training dynamics for the learned 0.1 deletion policy.

Continued pretraining

Number of Epochs Pretrained

Deletion Type  None 1 2 3 5 10
Hard 0.7804 0.2858 0.4875 0.6561 0.6905 0.3099
Soft 0.8224 0.7348 0.7504 0.8196 0.7419 0.8094

Table 3: MNLI test accuracy for 0.1 deletion models with different degrees of continued

pretraining, softmax used for both pretraining and fine-tuning. Continued pretraining does not offer

clear performance improvements.

10



Training epochs

Epochs Deletion Type Test Accuracy Latency (ms) Avg. Delete Rate (%)

1 Hard 0.7804 6.31 19.03
1 Soft 0.8224 6.37 19.03
2 Hard 0.2094 7.09 18.25
2 Soft 0.7923 7.06 18.25

Table 4: MNLI results for MrTSGemma?2 with target deletion rate 0.2 after 1 and 2 training epochs.
Training for 2 epochs does not improve performance. Deletion rates remain similar across epochs,
suggesting the degradation is not due to substantially different pruning behavior.

Softmaxl1 in training

Training Deletion Type Avg. Delete Rate (%) Test Accuracy

Softmax1 Hard 19.03 0.7804
Soft 19.03 0.8224
Softmax Hard 84.07 0.0411
Soft 84.07 0.8637

Table 5: Effect of removing softmax1 and using regular softmax during training. Without this
normalization, the model learns a degenerate deletion policy that removes ~84% of tokens, causing
severe degradation in MNLI performance under hard deletion.

Softmax1 in evaluation

Target Deletion Deletion Type Standard Eval Softmax1 Eval

0.1 Hard 0.7969 0.7972
0.1 Soft 0.8232 0.8533
0.2 Hard 0.7804 0.7793
0.2 Soft 0.8224 0.8536

Table 6: MNLI accuracy under standard evaluation and evaluation with softmax1. Soft deletion
benefits noticeably from softmax1, while hard deletion remains largely unchanged.

Target Deletion Deletion Type Standard Eval (ms) Softmax1 Eval (ms)

0.1 Hard 6.28 7.27
0.1 Soft 6.32 7.01
0.2 Hard 6.31 7.26
0.2 Soft 6.37 6.89

Table 7: Forward-pass latency for standard evaluation and evaluation with softmax1. Applying
softmax1 introduces a modest latency overhead.

Full XNLI evaluation results
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Language T5Gemma2 MrTS5Gemma?2 Fixed Deletion

Acc Lat (ms) Acc Lat (ms) Del (%) Acc Lat (ms)
Arabic 0.6847 6.50 0.5743 6.39 10.24  0.6715 6.44
Bulgarian 0.7438 6.46 0.6365 6.42 6.95 0.7124 6.41
German 0.7430 6.44 0.5996 6.48 9.49 0.7365 6.50
Greek 0.7273 6.44 0.6157 6.40 1095 0.7185 6.37
English 0.8606 6.41 0.7827 6.39 8.68 0.8349 6.38
Spanish 0.7904 6.56 0.6916 6.41 5.83 0.7643 6.52
French 0.7867 6.50 0.6739 6.43 5.56 0.7570 6.40
Hindi 0.6667 6.57 0.5494 6.60 9.87 0.6554 6.34
Russian 0.7201 6.65 0.6000 6.41 6.33 0.7056 6.42
Swahili 0.5149 6.46 0.4462 6.50 12.98  0.5028 6.40
Thai 0.6771 6.45 0.5554 6.37 13.50 0.6711 6.39
Turkish 0.6851 6.46 0.5542 6.41 12.71  0.6486 6.40
Urdu 0.5980 6.53 0.5040 6.50 10.99  0.5892 6.50
Vietnamese 0.7289 6.53 0.6092 6.42 9.89 0.7217 6.39
Chinese 0.7490 6.46 0.6000 6.38 11.93  0.7088 6.37

Table 8: XNLI transfer evaluation across 15 languages reporting accuracy, latency, and average
token deletion rates. MrTSGemma?2 uses hard deletion.

Entropy distributions

Max Probability Distribution Gini Impurity Distribution

400 600

300
400

Count
Count

200

200
100

04 05 06 07 08 09 0 0.1 02 03 04 05 06
Max Prob Gini Impurity

Shannon Entropy Distribution Brier Score Distribution

1000 1500
800

1000
600

Count
Count

500

=

0.2 0.4 06 08 1 o 01 02 0.3 0.4 05 06

Entropy Brier Score

Figure 6: Entropy visualizations for the 0.2 fixed deletion policy.

12



Max Probability Distribution Gini Impurity Distribution
1000

600

8 8
400
200
L]
04 0 01 02 03 04 05 06
Max Prob Gini Impurity
Shannon Entropy Distribution Brier Score Distribution
a0 2500
500 2000
c £ 1500
8 40 3
1000
200
500
0 L]
0.2 04 0.6 0.8 1 0 01 02 03 04 05 06
Entropy Brier Score
Figure 7: Entropy visualizations for the learned 0.2 soft deletion policy.
Deletion by token type
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Figure 8: Deletion rates by token type for MrTSGemma?2.

Deletion by character length
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Character Length vs Deletion Rate (r = -0.043)
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Figure 9: Deletion rates by character length for MrT5SGemma?2.

Future work

Training stability appears to be an important factor, as performance degraded when training was
extended beyond a single epoch; exploring alternative optimization settings, such as lower learning
rates or different controller parameters, may improve stability. It may also be beneficial to place
the deletion gate later in the encoder, since subword tokenization may require additional contex-
tualization before reliable deletion decisions can be made. Evaluating the method on tasks with
longer inputs, such as question answering benchmarks like TyDiQA-GoldP or long-context retrieval
settings, may further clarify the benefits of sequence shortening. Extending the approach to mul-
timodal tasks, such as visual question answering or image—text understanding, may also help eval-
uate how deletion mechanisms behave in multimodal encoder-decoder architectures. Additional
architectural variations, including applying deletion mechanisms to decoder layers or decoder-only
models, also warrant investigation. Future work could also explore alternative parameter-efficient
fine-tuning strategies or different LoORA configurations to better understand how adaptation methods
interact with learned deletion policies. Finally, more detailed profiling of encoder computation and
runtime behavior may help better understand when reductions in theoretical computation translate
into practical efficiency gains.
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