Do Soft Prompts Have Useful Wavelet Structure?
Negative Evidence In A Controlled Setup

Soumyadeep Dey*

Srikanth Tenneti

Shobhit Niranjan
Microsoft India
{soumyadeep.dey, stenneti, bamdevm, shniranjan, mayurdatar}@microsoft.com

Abstract

Soft prompts are learned embedding sequences,
but nothing guarantees that their token axis
behaves like a signal with useful coarse
and fine structure. We test that premise
with the Discrete Wavelet Transform (DWT),
which rewrites a sequence into approximation
(coarse, low-frequency) and detail (local, high-
frequency) coefficients. Wavelets help images
and audio when most squared coefficient mass
concentrates in the approximation band and the
detail coefficients become sparse. Trained soft
prompts meet neither condition.

Our primary test decomposes a converged soft
prompt into DWT bands, fine-tunes one band or
both, and compares against a matched-budget
baseline that continues vanilla training with
no DWT. A constructed positive control first
confirms that the procedure recovers a target
displacement when the displacement is con-
fined to the trainable band and rejects it when
the required band is frozen. On SST-2 (67K)
and AG News (120K) with Haar wavelets, and
on an SST-2 check with Daubechies-2, no
band-selective mode reliably beats the baseline,
and the two bands are interchangeable within
0.2 pts. Direct measurement of the converged
prompt finds coefficient mass roughly balanced
across the bands and detail coefficients far
denser than classical wavelet theory expects.
Related variants behave the same way. An end-
to-end wavelet prompt tuner does not reliably
outperform vanilla, and a token-diversity vari-
ant makes prompt tokens more diverse without
improving accuracy. On 250 held-out FLAN
generation examples, existing Wavelet KD and
Standard KD checkpoints are indistinguishable
under token F1 and ROUGE-L.

1 Introduction

Soft prompts are ordered continuous embedding
sequences, but ordering alone does not imply the lo-
cal smoothness or multiscale regularity that makes
wavelets effective on physical signals. Their to-
ken indices do receive distinct model positions and
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may develop cross-position correlations during op-
timization. Conversely, prompt vectors are learned
parameters rather than samples of an underlying
spatial or temporal process, so wavelet alignment
is a plausible transfer hypothesis and not an es-
tablished property. Frequency-domain transforms
separate coarse signal components from local de-
tail components. The Discrete Wavelet Transform
(DWT), the Discrete Cosine Transform, and the
Fast Fourier Transform are foundational signal-
processing tools, applied recently to deep learning
in vision (Zeng et al., 2024; Yao et al., 2022), au-
dio (Xie et al., 2026), and gradient compression
(Wen et al., 2025). We ask whether the same idea
helps on learned prompt embeddings, in particular
the soft prompts of Lester et al. (2021): a learn-
able matrix P € RY*? prepended to a frozen large
language model (LLM). Splitting P along the se-
quence dimension into approximation coefficients
(hypothesized “macro-semantics”) and detail coef-
ficients (hypothesized “micro-syntax”) is a plausi-
ble structured prior.

We test this intuition directly. We take a con-
verged vanilla soft prompt P, apply the DWT to
obtain approximation A and detail D, and then fine-
tune only A, only D, or both. The reference point
is continued training of P with no DWT, which we
call CTRL. If the decomposition exposed useful
structure, a band-selective mode should beat CTRL.
The question is narrow: does the wavelet basis line
up with the directions that prompt training actually
uses? We do not aim to rule out wavelets in nat-
ural language processing (NLP), but to pin down
a setting where the usual signal-processing intu-
ition breaks. To this end, our contributions are the
following.

1. A direct test of DWT-band structure in
trained soft prompts. A constructed-band pos-
itive control first verifies that the procedure
detects known wavelet alignment (§4.1). On
real tasks, band-selective fine-tuning shows no
detail-vs-approx asymmetry with Haar or with
Daubechies-2 (§4.2), and direct measurement
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of the converged prompt agrees (§5).

A controlled band-selective fine-tuning de-
sign with a matched-budget continued-training
baseline (CTRL), following the matched-
baseline practice of Tamkin et al. (2020) and
Lee-Thorp et al. (2022). No band-selective
DWT mode is reliably better than CTRL on
AG News, and the nominal SST-2 gains are too
small to treat as reliable without replicated full-
data seeds.

A negative result that persists across variants,
covering an end-to-end wavelet prompt tuner, a
token-diversity test, and wavelet-decomposed
distillation (Appendices D-F), including an
output-level check on held-out FLAN genera-
tion examples (§4.5). One secondary finding
is that DWT is associated with better stability,
but not higher accuracy, in a single conv-only
ablation (§4.4). We close with five hypotheses
about the failure mode (§5).

2 Background

Soft prompt tuning. A learnable matrix P €
RE%4 is prepended to the input, and only P is
trained (Lester et al., 2021; Li and Liang, 2021).
With L=20 and d=896 (Qwen2.5-0.5B), P has
17,920 parameters.

Discrete Wavelet Transform. A 1-level Haar
DWT along the sequence dimension produces ap-
proximation A € RIL/21%4 (Jow-frequency aver-
ages) and detail D € RIL/2]%d (high-frequency
differences). The inverse transform (IDWT) recon-
structs P exactly. Classical wavelet theory expects
most squared coefficient mass to concentrate in
A, often written as || A|?/||D||> > 1 for natural
images and audio. We test whether this holds for
trained soft prompts.

Frequency transforms in deep learning. Fre-
quency transforms have shown gains in vision
(Zeng et al., 2024; Yao et al., 2022), audio (Xie
et al., 2026), and LLM gradient compression (Wen
et al., 2025). In NLP, FNet (Lee-Thorp et al.,
2022) replaces self-attention with a fixed Fourier
mixer on activations, and Tamkin et al. (2020)
apply spectral filtering to language-model hidden
states. Both modify the forward pass rather than
tune parameters through a transform, and both re-
run matched non-frequency baselines, a practice
we follow (§4.2).
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3 Method: DWT Surgery

Given a converged soft prompt P trained on a target
task, our DWT surgery procedure is:

1. Decompose: (A, D) = DWT(P) using a cho-
sen wavelet (Haar or Daubechies-2 db2).

2. Selectively fine-tune one of: detail only (freeze
A, update D), approx only (freeze D, update
A), or both (update A, D jointly).

3. Reconstruct: P’ = IDWT(A’, D'), fed to the
frozen LLM.

All optimization details are reported in Ap-
pendix C.

Prompt order and positional encoding. We ap-
ply the DWT to the learned prompt matrix before
the frozen LLLM forward pass, and the IDWT re-
turns exactly one embedding per original prompt
index. Qwen2.5 then applies its ordinary position
IDs and rotary positional mechanism to the result-
ing sequence, and we leave both untouched. The
structural assumption under test is therefore that
neighboring indices of the learned prompt matrix
carry useful smooth or local relationships, not that
the model’s positional encoding itself has wavelet
structure.

Baseline (CTRL). We compare this procedure
against a matched-budget baseline, CTRL, which
continues training the original P for the same num-
ber of epochs with the same fresh optimizer and
learning rate but no DWT or IDWT. CTRL sepa-
rates the contribution of frequency-band structure
from that of the learning-rate restart itself, a known
late-stage refinement technique (Mosbach et al.,
2021). Without it, a gain after surgery could simply
be a gain from continued training.

Models and data. We use a frozen Qwen2.5-
0.5B (494M parameters, d=896) with prompt
length L=20, on SST-2 (67K train, sentiment)
and AG News (120K train, topic classification).
Vanilla prompt tuning supplies the converged start-
ing prompt. Optimizer, precision, batch size, stop-
ping, and boundary-handling details are consoli-
dated in Appendix C.

4 Results
4.1 Positive Control: Detecting Constructed
Band Alignment

Before interpreting a null result on task accuracy,
we verify that the surgery procedure detects wavelet



alignment when it is known to exist. Starting
from the converged SST-2 prompt, we build two
teacher prompts by adding a displacement of norm
0.25|| P|| entirely to either the approximation or
the detail coefficients. From the original prompt,
we then optimize the CTRL, approximation-only,
detail-only, and both-band parameterizations to re-
cover each teacher.

Table 1: Constructed-band positive control, starting
from the converged SST-2 prompt with a level-1 Haar
decomposition. Entries are the relative reconstruction
error |P’ — P.||r/||Ps||r against the teacher prompt
P,, where lower is better and 0 is exact recovery. Each
mode optimizes for 5 epochs at 64 update steps per
epoch. Values are means over 3 random perturbation
draws, with standard deviations below 4x10~%. CTRL
and both-band modes span the full prompt space and
are reference rows.

Teacher displacement CTRL  Approx only Detail only  Both

<107 <10°¢
<1076 0.242

<1076
<107

0.243
<1076

Approximation band
Detail band

The expected direction holds on all six tar-
get/draw combinations, so the implementation
and the selective-freezing design can expose band
asymmetry when the target is explicitly wavelet-
aligned. This does not establish that downstream
task behavior is naturally aligned. A separate
frozen-LLM logit-matching diagnostic favored the
correct band on average, but with only three draws
the paired differences remained uncertain (3/3
draws for the approximation target and 2/3 for the
detail target), so we use the prompt-recovery result
only as an implementation-level positive control.

4.2 DWT Surgery Does Not Separate Useful
Bands

Table 2 reports the surgery experiment with a 1-
level decomposition, using Haar on both datasets
and Daubechies-2 on SST-2.

CTRL matches every surgery mode. On AG
News, which starts from a well-converged prompt,
CTRL gains as much as or more than every DW'T-
based mode. The SST-2 Haar modes are nominally
ahead of CTRL by 0.23 pts, but we do not treat a
gap that small as reliable without replicated full-
data seeds, and with db2 the ordering flips, so that
CTRL matches the best surgery mode and beats two
of the three. Taken alone, the SST-2 rows would
read as a wavelet gain, whereas against CTRL they
amount to at most a small and unreplicated advan-
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Table 2: DWT surgery after convergence. Frozen
Qwen2.5-0.5B, L=20, level-1 decomposition, on SST-2
(67K) and AG News (120K). Every mode fine-tunes for
5 epochs with a fresh AdamW optimizer at Ir 10~4, start-
ing from the converged vanilla prompt of that dataset.
“Vanilla cont. [CTRL]” is the matched-budget control
with no DWT. Entries are accuracy in percent, and A
is measured against the “Vanilla (conv.)” row for that
dataset, which the Haar and db2 blocks share. Detail-
only and approx-only update 8,960 parameters, CTRL
and both update 17,920. Single run per cell, so the sec-
ond decimal is not meaningful and no winner is marked.

Setting Method Acc (%) A
Vanilla (conv.) 89.79 —
Vanilla cont. [CTRL] 92.43 +2.64
SST-2, Haar Detail only (D) 92.66 +2.87
Approx only (A) 92.66 +2.87
Both (A+D) 92.89 +3.10
Vanilla cont. [CTRL] 92.66 +2.87
Detail only (D) 9243 +2.64
SST-2, db2 Approx only (4) 92.55 +2.75
Both (A+D) 92.66 +2.87
Vanilla (conv.) 93.08 —
Vanilla cont. [CTRL] 93.54 +0.46
AG News, Haar Detail only (D) 93.50 +0.39
Approx only (A) 93.49 +0.38
Both (A+D) 93.50 +0.39

tage. No band-selective DWT mode is reliably
better than CTRL, and the same qualitative pattern
holds for both tested wavelets.

The two bands are interchangeable. Tuning
the high-frequency band matches tuning the low-
frequency band in every tested setting, with a
largest gap of 0.12 pts. Both modes halve the
trainable parameters from 17,920 to 8,960 and still
reach CTRL’s accuracy, so at this precision there is
no band asymmetry. Tuning all wavelet coefficients
jointly also stays close to CTRL, which suggests
that training through the DWT behaves much like
training directly.

4.3 Seed Sensitivity of Wavelet-Augmented
Architectures

The surgery experiment isolates the effect of the
DWT on a converged prompt. We also test WD-
CPO (Wavelet-Decomposed Convolutional Prompt
Optimizer, Appendix D), an end-to-end prompt
tuner that decomposes P by DWT, refines each
band with dilated convolutions, and recombines
the bands by IDWT through a learned gate. WD-
CPO does not improve on vanilla on average, and
it is severely seed-sensitive, a known hazard for
language-model fine-tuning on small data (Dodge



et al., 2020; Mosbach et al., 2021; Reimers and
Gurevych, 2017).

Table 3: Seed sensitivity. Vanilla soft-prompt tuning
and WD-CPO under identical configurations at seeds 42,
123, and 456, with frozen Qwen2.5-0.5B on SST-2 (2K)
and BoolQ (9.4K). Entries are accuracy in percent, and
“Range” is the largest minus the smallest of the three
seeds. Bold marks the better Mean=+Std per task. Per-
seed winners are not marked because they flip across
seeds and are not statistically separable.

SST-2 BoolQ
Seed Vanilla WD-CPO Vanilla ~WD-CPO
42 89.6 92.2 71.8 63.4
123 91.2 90.4 74.6 66.0
456 91.8 72.0 69.6 66.2

Mean+Std 90.9+1.1 84.94+11.0 72.0+2.5 65.2+1.6
Range 2.2 20.2 5.0 2.8

On SST-2, WD-CPO’s spread across seeds is
nearly an order of magnitude wider than vanilla’s,
and it covers both a run that beats vanilla and a run
far below it. A study that happened to report the
favorable seed would reach the opposite conclusion.
This is why we report the matched control and the
full seed table.

4.4 Conv-only Collapse: DWT as Structural
Regularizer

A single-run secondary finding comes out of
WD-CPO. A conv-only ablation keeps the
dilated-convolution refinement but removes the
DWT/IDWT round-trip. On SST-2 (2K) it reaches
91.4%, then collapses to 54.4% within four epochs
and never recovers, whereas WD-CPO from the
same run only drifts from 91.2% to 86.0% (Fig. 1).
This suggests a possible stabilizing role for the
round-trip, but we do not claim a replicated effect
or an accuracy gain over vanilla.

4.5 A Generative Check on Existing FLAN
Checkpoints

The surgery experiments are classification tasks.
To see whether the negative pattern extends to gen-
eration, we reevaluate the existing 200K-example
FLAN distillation checkpoints of Appendix F by
greedy generation on 250 held-out examples from
the FLAN generation family. Table 4 reports
output-level token F1 and ROUGE-L in place of
the loss proxy used during training.

Wavelet KD is nominally ahead of Standard KD
on both metrics, but both paired bootstrap inter-
vals cross zero. FitNets is nominally lower by 0.9
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Figure 1: Training trajectories on SST-2 (2K), single
run per method. Conv-only (red) peaks near 91% and
collapses to 54% around epoch 20. WD-CPO with DWT
(blue) drifts down instead. Vanilla (green) is stable.

Table 4: Generation metrics on 250 held-out FLAN
generation examples, for the Qwen2.5-7B to Qwen2.5-
0.5B distillation checkpoints of Table 9. One saved
checkpoint per method, greedy decoding, 64-token limit.
Entries are percentages, with metric definitions in Ap-
pendix C. The last two rows give the paired difference
and its 95% bootstrap interval over 10,000 resamples of
the shared examples.

Method Token F1 ROUGE-L
Standard KD 36.25 28.59
Wavelet KD 36.86 28.81
FitNets 35.39 27.24
Wavelet — Standard +0.61 +0.23
95% CI [-1.05,2.21] [-1.34,1.76]

and 1.4 pts. Output-level metrics therefore reach
the same conclusion as the loss-based diagnostic,
namely that the three distillation methods are not
distinguishable here. This is evidence outside the
soft-prompt setting and does not replace generative
prompt surgery.

S Why Frequency-Domain Methods
Transfer Poorly Here

We organize the discussion around five hypotheses
for why the pattern holds.

H1: LLM embeddings lack classical frequency
structure. Wavelet theory expects energy in the
approximation band and many near-zero detail co-
efficients. Converged vanilla prompts show neither.
Writing A/(A+D) for [|A|1?/(J A2 + |ID|]?).
SST-2 sits at 0.49 and AG News at 0.65, and only
about 5% of detail coefficients are numerically near
zero (Appendix G). That is nowhere near the sparse-
detail regime that makes wavelets attractive on nat-
ural signals. Appendix J is not in tension with



this, because numerical density in vanilla prompts
and post-hoc functional redundancy in WD-CPO
prompts are different notions.

H2: DWT bands do not define privileged sub-
spaces. The detail-only = approx-only equality
of §4.2 is the most direct evidence, since neither
band carries task-relevant signal that the other lacks.
The useful degrees of freedom are not aligned with
the DWT bands, and freezing either half behaves
like vanilla continuation with smaller steps.

A related token-diversity check. We also test
WavePT (wavelet prompt tuning, Appendix E), a
T5-Base SuperGLUE variant that learns a vanilla
prompt, freezes the Haar approximation coeffi-
cients, and trains only the detail coefficients. The
intended mechanism works and the task result does
not follow. For 100-token prompts, average pair-
wise token cosine similarity drops from 0.098 to
0.004, while average accuracy falls from 76.6 to
75.7 and RTE loses 2.6 pts. On CB, the one task
with measurable starting redundancy, WavePT re-
moves that redundancy entirely and accuracy does
not move, and an explicit cosine-diversity regular-
izer fails the same way. WavePT also collapses
effective prompt rank, and a rank-preserving alter-
nating variant does not recover the accuracy either.
Token redundancy is therefore not the bottleneck,
and the geometry change that the wavelet step pro-
duces is not itself useful.

H3: Gradient path length may dilute the signal.
Vanilla’s gradient takes one linear hop from the
loss to P. The WD-CPO gradient instead passes
back through the blending gate, the IDWT, four
convolution layers, and the DWT. That path com-
poses at least seven non-trivial Jacobians before it
reaches the prompt. The accompanying gap is mild
on easy in-distribution tasks (—1.4 pts on SST-2
full, —1.3 pts on AG News full) and large on out-
of-distribution reasoning (—18.4 pts on RTE, Ap-
pendix D). We read this as a plausible optimization
cost rather than a mechanism we measured directly.

H4: The auxiliary wavelet loss is small next to
the main loss. In wavelet-decomposed knowl-
edge distillation, the recorded weighted wavelet-
loss components are small relative to the KD loss
(Appendix F). These are loss components rather
than gradient magnitudes, so we read them only
as evidence that the configured auxiliary objective
contributes little to the scalar training objective.

52

Raising 3 enough to change that destabilizes the
main Kullback-Leibler (KL) training.

HS: Short sequences offer no multi-scale
structure. L=20 yields sub-bands of length 10,
shorter than the convolutional receptive field of
31, so multi-scale convolution is structurally de-
generate. Raising the prompt to L=100 lifts the
approximation-band mass from 0.49 to 0.80, yet
accuracy still does not move and the learned WD-
CPO gate weight drops (Appendix H). In these runs,
longer prompts do not make the wavelet channel
more useful.

What a positive result would need. A convinc-
ing positive result would have to hold against
CTRL, survive multiple seeds (Table 3), and break
the detail-only = approx-only symmetry by a mar-
gin replicated on the target setting. Our band-
structure variants fail this test, and WavePT adds
the caution that wavelet-induced diversity can ap-
pear without an accuracy gain.

6 Conclusion

The constructed positive control shows that the
surgery implementation detects band asymmetry
when alignment is imposed by construction (§4.1).
Against that check, the CTRL comparison turns up
no reliable advantage from DWT-band structure in
trained soft prompts. The bands are interchange-
able within 0.2 pts, and surgery gives no replicated
gain over CTRL. Direct measurement agrees, be-
cause the energy is not concentrated in the approxi-
mation band and the detail band is not sparse. WD-
CPO, WavePT, and wavelet-decomposed knowl-
edge distillation are related failures rather than ex-
ceptions, and output-level FLAN generation met-
rics do not separate Wavelet KD from Standard KD
(§4.5). Within the tested model families, prompt
lengths, tasks, and level-1 wavelet configurations,
the plain explanation is that the wavelet prior does
not match the structure of learned prompt embed-
dings. The DWT round-trip may stabilize the conv-
only ablation in one run (§4.4), but it buys no accu-
racy, and Appendix K explains why a short vanilla
prompt is the relevant practical baseline for storage
and key-value cache comparisons. We recommend
that future spectral prompt-tuning results report a
matched continued-training control.
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A Limitations

Our main soft-prompt experiments use Qwen2.5,
with a cross-architecture diagnostic on T5-Base
(App. E) and a focused set of wavelet configura-
tions chosen to keep the matched-budget compar-
ison clean. Broader sweeps over model families,
wavelet bases, decomposition depths, and other
parameter-efficient methods are left to future work,
and we do not claim a general impossibility result
for wavelet methods in NLP. Although prompt to-
kens occupy ordered model positions, this study
does not isolate how alternative positional mech-
anisms affect learned prompt smoothness. The
output-level generative check uses one saved check-
point per distillation method and 250 FLAN exam-
ples, so it is evidence outside soft-prompt surgery
rather than a full generative prompt-tuning study.
The positive control is synthetic and validates repre-
sentational recovery under known band alignment.
It does not show that the constructed displacement
is a naturally occurring task direction.
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B Ethics Statement

We use publicly available models (Qwen2.5-
0.5B/7B) and datasets (SST-2, AG News, BoolQ,
RTE, CB, FLAN), with no new data or human sub-
jects. We see no direct path to misuse beyond those
already present in soft-prompt tuning of general-
purpose LLMs. Experiments ran on NVIDIA A100
80GB GPUs for a total of tens of GPU-hours, dom-
inated by the FLAN multi-task distillation runs
(Appendix F). As a negative-results paper, our in-
tended societal contribution is to reduce redundant
experimental effort across the community.

C Experimental Setup
Models.

* Soft-prompt experiments: Qwen2.5-0.5B (494M
params, d=896, 24 layers), frozen, fp16 preci-
sion.

* Knowledge-distillation teacher: Qwen2.5-7B
(7.6B params, d=3584, 28 layers), frozen, fp16
precision.

* Knowledge-distillation student: Qwen2.5-0.5B,
trainable, fp32 precision.

Table 5: Datasets. “Train” is the number of training ex-
amples, “Cls.” the number of output classes, and “Gen.”
marks free-form generation with no fixed label set. SST-
2 appears both as a 2K subsample and as the full 67K
split. Use codes: S=DWT surgery (§4.2), W=WD-CPO
(App. D), Z=seed sensitivity (§4.3), K=knowledge dis-
tillation (App. F), which additionally uses a 10K SST-2
subsample for the axis comparison.

Dataset Task Train Cls. Use
SST-2 Sentiment 2K /67K 2 S, W, K
AG News Topic 120K 4 S, W
BoolQ Yes/No QA 9.4K 2 WZ
RTE Entailment 2.5K 2 W
CB NLI 250 3 W
FLAN Multi-task 200K Gen. K
Datasets.

Soft-prompt training (vanilla and surgery start-
ing point). AdamW, learning rate (Ir) 1073, co-
sine annealing to 10~°, batch 64, prompt length
L=20, dropout 0.1, early stopping patience 10, gra-
dient clipping ||g||2<1.0. Vanilla soft prompts have
L-d=20-896 = 17,920 trainable parameters.

Surgery fine-tuning. After convergence of the
vanilla prompt, we run 5 additional epochs with
a fresh AdamW optimizer at Ir 1074, CTRL uses
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the same hyperparameters with no DWT applied.
Detail-only and approx-only each have L - d/2 =
8,960 trainable parameters, while the both mode
and CTRL each have 17,920.

DWT implementation. All DWT/IDWT oper-
ations use level-1 decomposition with symmetric
(reflection) boundary extension along the token
axis. All surgery results in §4.2 use the corrected
implementation. An early db2 architecture-search
row (Table 13 row 6, App. I) predates this fix and
is flagged accordingly.

End-to-end WD-CPO training (Appendix D).
Same vanilla schedule but optimizing the aug-
mented model. WD-CPO adds dilated-convolution
stacks and a learnable blending scalar «, totaling
60,929 trainable parameters.

Knowledge distillation (Appendix F). AdamW
with Ir 2x107?, cosine annealing, batch 8 for the
SST-2 checks and batch 16 for the 200K FLAN
runs, and early stopping patience 5. Teacher on
GPU 0 (inference only), student on GPU 1 (train-
ing). The wavelet channel adds 6.4M projection pa-
rameters (linear maps between student and teacher
hidden sizes).

FLAN generation reevaluation. We reconstruct
the deterministic validation split with seed 42 and
evaluate the first 250 examples of its generation
family. Each saved best student checkpoint is de-
coded greedily with a 64-new-token limit. All three
metrics lowercase and collapse whitespace first, af-
ter which token F1 uses bag-of-token overlap and
ROUGE-L uses the F1 form of longest-common-
subsequence overlap. Exact match is O for all three
methods. Paired 95% bootstrap intervals come
from 10,000 resamples of the shared examples.

Constructed-band positive control. We start
from the converged SST-2 vanilla checkpoint and
apply a level-1 Haar DWT. For each of three ran-
dom draws, Gaussian coefficient noise is normal-
ized so that the reconstructed teacher displacement
is 0.25|| P||, and it is added exclusively to either
the approximation or the detail band. All modes
start from the same original prompt and optimize
normalized prompt mean-squared error for five
epochs, with 64 update steps per epoch to match the
512-example, batch-8 behavioral budget. We also
run a frozen-LLM diagnostic on 512 training and
500 evaluation examples that matches the teacher’s
temperature-scaled class distribution by KL diver-



gence. Table 1 reports the prompt-recovery re-
sult, and we treat the behavioral diagnostic as ex-
ploratory because its three-draw paired differences
include zero.

D WD-CPO: End-to-End
Wavelet-Augmented Prompt Tuning

WD-CPO (Wavelet-Decomposed Convolutional
Prompt Optimizer) augments the soft prompt
with a DWT-decomposed, conv-refined, IDWT-
reconstructed channel and blends it with the raw
prompt via a learnable residual gate.

Architecture.

(A, D) = DWT(P),
A" = Convy(A), D' = Convp(D),
P =IDWT(A', D),
Po = (1= 0(a)) P+ 0(a) P,
where o (+) is the sigmoid and « is a learnable scalar
(initialized so o(a)=0.5). Conv4 and Convp are

stacks of dilated 1D convolutions with dilations
{1,2,4, 8} along the token axis, with dropout 0.1.

DilConv 4
(x4)

DWT
(Haar)

[ IDWT H

D D*
DilConvp
(x4)
-)‘ P +o(a)(P*—P) }—>‘ Pout ‘

Figure 2: WD-CPO architecture. The soft prompt P €
RE*d is decomposed by DWT into approximation A
and detail D bands, each refined by an independent
dilated-convolution stack (DilConv 4,p, four layers),
recombined by IDWT into ]5, and blended with the raw
P through a learnable residual gate o («).

Cross-task results. The entries of Table 6 are
single runs, and the seed study of §4.3 shows a
+11 pts swing for WD-CPO on the small SST-2
split, so they should not be read as point estimates.
In this set of runs, WD-CPO does not outperform
vanilla anywhere. The larger gaps on the small
reasoning splits (RTE, CB) match the catastrophic-
basin behavior of §4.3, where a bad WD-CPO seed
falls close to chance while vanilla stays stable.

a trajectory. The learned blending weight o («)
stays at its 0.5 initialization on the small splits and
rises only modestly with scale, reaching 0.58 on
SST-2 67K and 0.60 on AG News. Even at 0.60,
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Table 6: WD-CPO cross-task results. Frozen Qwen?2.5-
0.5B with L=20 except in the row marked L=100. En-
tries are accuracy in percent, Gap is WD-CPO minus
vanilla, and bold marks the higher of the two per row.
Single run per cell, not selected from multiple trials,
so entries should be read against the seed sensitivity of
Table 3.

Dataset Train Vanilla WD-CPO Gap
SST-2 2K 924 90.6 —1.8
SST-2 (full) 67K 93.4 920 —14
SST-2 (L=100) 67K 93.1 91.6 —1.5
AG News (full) 120K 93.1 91.8 —-1.3
BoolQ 9.4K 71.7 673 —44
RTE 2.5K 72.2 53.8 —18.4
CB 250 55.4 518 —-3.6

vanilla still beats WD-CPO by 1.3 pts, so the model
learns to use the wavelet channel partially, but not
enough to offset the gradient-dilution cost.

Conv-only collapse. The conv-only ablation of
§4.4 runs in the same WD-CPO codebase. Fig. 1
gives the training trajectories, and rows 4 and 5 of
Table 13 give the corroborating architecture-search
entry.

E WavePT: Wavelet Prompt Tuning for
Token Diversity

WavePT tests a related hypothesis. If standard soft
prompts under-use their token dimension, then forc-
ing local token differences through a wavelet detail
band might improve both token diversity and task
accuracy. This experiment is not used to establish
the main DWT-surgery claim. It checks a possible
prompt-geometry bottleneck.

Setup. We use frozen T5-Base (220M parame-
ters) on BoolQ, RTE, CB, and WiC from Super-
GLUE with 3 seeds (42, 123, 456), 90/10 strati-
fied train splits, and the original validation sets as
evaluation sets in a standard text-to-text prompt-
tuning setup. We compare standard prompt tun-
ing, WavePT, WavePT-Alt, and a cosine-diversity
regularizer. WavePT first trains a vanilla prompt,
then applies a 1D Haar DWT along the token axis,
freezes approximation coefficients, and trains only
detail coefficients. WavePT-Alt alternates between
vanilla and detail-only stages.

Interpretation. Standard prompt tuning stays
best on average. WavePT is nonetheless infor-
mative because the intended mechanism succeeds
while the task result does not. It drives pairwise
token cosine similarity nearly to zero across tasks,



Table 7: WavePT on SuperGLUE with frozen T5-Base
and 100 prompt tokens. Entries are accuracy in per-
cent on the SuperGLUE validation sets, reported as
Mean=+Std over seeds 42, 123, and 456. “Avg” is the
unweighted mean over the four tasks and is left blank
for Cosine-Reg, which was not run on WiC. Bold marks
the best method per column.

Method BoolQ RTE CB WiC Avg
Standard 79.3+0.3 73.0+£1.7 89.3£1.5 64.9+2.6 76.6
WavePT 79.0£0.3 70.4%£1.8 89.3+1.5 64.1+£1.4 75.7

WavePT-Alt 79.1+0.2
Cosine-Reg  79.140.3

71.5£2.7 89.3+1.5 64.0+=1.6 76.0
71.14+0.8 88.74+0.8

Table 8: Prompt-geometry metrics for the 100-token
WavePT runs. Cosine is the mean pairwise token-
embedding cosine similarity. Effective rank is the
entropy-based rank of the prompt-token singular-value
spectrum, out of a maximum of 100. Values are aver-
aged over BoolQ, RTE, CB, and WiC, except Cosine-
Reg, which excludes WiC. Bold marks the extreme
value in each column, which is a nominal design target
rather than a better task outcome.

Method Cosine Eff. Rank
Standard 0.098 86.6
WavePT 0.004 79.3
WavePT-Alt  0.022 90.8
Cosine-Reg  0.035 89.2

and on CB it removes the clearest redundancy sig-
nal (0.277 — 0.018) without changing accuracy.
Unexpectedly, it also reduces effective rank, so
making tokens pairwise orthogonal can still col-
lapse them into a narrower subspace. WavePT-Alt
repairs that rank loss and still does not beat stan-
dard prompt tuning. Token similarity therefore
does not explain the gap, and this wavelet reparam-
eterization changes geometry in directions that are
not task-useful.

F Wavelet-Decomposed Knowledge
Distillation

We additionally test whether DWT helps when
distilling Qwen2.5-7B into Qwen2.5-0.5B. Stan-
dard knowledge distillation (KD) (Hinton et al.,
2014) matches the student’s output distribution
to the teacher’s via Kullback-Leibler (KL) diver-
gence, and FitNets (Romero et al., 2015) addition-
ally match intermediate hidden states via mean-
squared error (MSE). We test a wavelet variant in
which the student is trained with the standard KD
loss (KL between teacher and student logits) plus
an auxiliary loss that matches the DWT decompo-
sition of teacher and student hidden states along a
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chosen axis:

wav

KD = Lxp + Ball A — Asl3

+ Bp||D; — D3,

with 54=0.1, Bp=0.1. Hidden states are projected
to a shared dimension before decomposition.

Table 9: FLAN multi-task distillation (200K samples,
10 epochs). Entries are exp(—loss) on the held-out split,
where higher is better. Columns are the Classification,
Extraction, Reasoning, and Generation families. Each
family has its own loss scale, so columns are not com-
parable to each other. “Avg” is the mean over the four
families.

Method Cls.  Ext. Gen. Avg

Standard KD 0.051 0.094 0.344 0.165 0.163
Wavelet KD  0.051 0.091 0.345 0.165 0.163
FitNets 0.050 0.092 0.343 0.166 0.163

Reas.

Multi-task FLAN. All three methods land within
0.001 of each other in every column. At the end
of training, the recorded weighted wavelet-loss
components are small relative to the KD loss (ap-
proximately 0.7 vs. 35). These are scalar loss-
component values rather than gradient-norm mea-
surements, consistent with the limited-objective-
contribution interpretation of H4.

Axis comparison. A natural concern is the DWT
axis. We retest on SST-2 (10K, 10 epochs) with
the DWT applied along the embedding dimension
(d=896) instead of the token axis (L=128). The

Table 10: DWT axis comparison for KD on SST-2 (10K,
10 epochs). “Best Acc” is the best evaluation accu-
racy reached during training, in percent. “Wav. %” is
the weighted wavelet-loss components’ share of the
recorded scalar objective, not a gradient-norm measure-
ment.

Method DWT Axis Best Acc Wav. %
Standard KD — 93.00 0%
Wavelet KD  Token (L=128) 93.00 ~2%
Wavelet KD Embed. (d=896) 93.00 ~12%

embedding-axis variant produces a much larger
wavelet signal than the token axis, which indicates
more decomposable structure along the embedding
dimension. Accuracy is unchanged, so the larger
wavelet signal adds nothing to what logit matching
already captures.



Table 11: Energy distribution in the 1-level Haar bands
of converged vanilla soft prompts (frozen Qwen2.5-
0.5B, L=20). ||A||? and || D||? are shares of the total
squared coefficient mass, and A/(A+D) abbreviates
| A2/ (IIA|% + || D]|?). The last column is the fraction
of detail coefficients whose magnitude falls below the
absolute threshold 1073.

Dataset  ||A||> ||D|* A/(A+D) D near-zero
SST-2 49.0% 51.0% 0.49 5.3%
AG News 64.6% 35.4% 0.65 3.8%

G Energy Distribution in Wavelet Bands

Classical wavelet analysis expects energy com-
paction ||A||?/||D||> > 1 with sparse details.
Trained soft prompts show neither, so the “macro-
semantics in A, micro-syntax in D” interpretation
is not supported by direct measurement.

H Prompt Length and DWT Acxis

Table 12: Effect of prompt length and DWT axis. The
first two rows are WD-CPO runs from Table 6 and the
third is the knowledge-distillation run from Table 10,
so rows are not comparable to each other. Entries are
accuracy in percent, with the wavelet-variant gap in
parentheses. A/(A+D) is the fraction of squared coef-
ficient mass in the approximation band of the converged
prompt and is undefined for the embedding-axis row.
Single run per cell.

Setting Axis Baseline Wavelet variant A/(A+D)
WD-CPO, L=20 Token 934 92.0 (—1.4) 0.49
WD-CPO, L=100 Token 93.1 91.6 (—1.5) 0.80
KD, d=896 Embed. 930  93.0( 0.0) —

Lengthening the prompt from L=20 to L=100
raises the approximation-band mass to 0.80, closer
to classical wavelet structure, but the WD-CPO gap
to vanilla does not shrink and the learned blending
gate o(«) drops from 0.58 to 0.47, so the model
uses the wavelet channel less with longer prompts.
This is the H5 observation. Switching to the em-
bedding axis in knowledge distillation makes the
wavelet signal substantial (~12% of the loss) and
still leaves accuracy unchanged. These are single
runs, so the entries are directional.

I Architecture Search Details

Rows 1-3 below vary an auxiliary consistency-loss
weight A.. Later rows remove that loss and vary
the architectural path instead.

Key design decisions from the architecture
search:
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Table 13: Architecture search on SST-2 (2K train, 500
val, 30 epochs). “Best” and “Final” are the highest and
last-epoch validation accuracies of the configuration,
“Vanilla” is a matched-seed control run for that row,
and “Gap” is Final minus Vanilla. Each row carries its
own control, so rows are not comparable to each other.
Bold marks the best Best and the best Final among the
searched configurations, not against the controls. Row 5
(residual bypass, Haar, 1-level) is the WD-CPO config-
uration used throughout the paper. Single run per row.
fRow 6 used an early db2 boundary implementation,
and corrected db2 surgery results appear in Table 2.

# Configuration Best Final Vanilla Gap

1 WD-CPO, A.=0.5 66.8 532 928 —26.0
2 WD-CPO, A\.=0.1 91.6 80.0 93.0 —13.0
3 WD-CPO, A.=0.0 80.0 80.0 916 —11.6
4 Conv-only (no DWT) 914 544 938 -394
5 Resid.+Haar+1-1vl 91.2 86.0 91.6 —5.6
6 Resid.+db2+1-Ivlf 56.0 56.0 92.0 —36.0
7 Resid.+Haar+2-1vl 87.0 77.8 912 —134
8 Resid.+Haar+L=32 87.0 852 924 7.2

* Consistency loss (A;) hurt training in this

search (#1-3).

Residual bypass is essential (#5 vs. #3).

* The residual Haar 1-level configuration gave
the best final value among tried WD-CPO con-
figurations. db2’s failure (#6) was likely due
to a DWT implementation issue with bound-
ary handling (subsequently fixed). In the post-
hoc surgery experiment (Table 2), db2 per-
forms comparably to Haar.

Among tried configurations, 1-level DWT
ended higher than 2-level DWT (#5 vs. #7).

J Compression Sweep Full Tables

We use A* and D* for the approximation and de-
tail coefficients of the converged WD-CPO wavelet
channel. The sweep below zeroes the smallest-
magnitude entries of D* post hoc, reconstructs the
prompt with IDWT, and evaluates without retrain-
ing.

Accuracy is flat up to 90% sparsity on both
datasets and drops only at > 95%, so most detail
coefficients in these converged WD-CPO check-
points are functionally removable without observed
accuracy loss. AG News improves slightly over
most of the sweep, which we read as evaluation
noise on a checkpoint whose accuracy is not lim-
ited by D*.



Table 14: Complete D* sparsity sweep. The smallest-
magnitude entries of D* in the converged WD-CPO
prompt are zeroed post hoc, the prompt is reconstructed
by IDWT, and the model is evaluated with no retraining.
Entries are accuracy in percent, and A is relative to the
0% row of the same checkpoint. The 95% SST-2 entry
is a recorded bound rather than a point estimate.

Sparsity SST-2 SST-2 A AG News AG News A
0% 90.6 — 90.6 —
10% 90.6 0.0 91.6 +1.0
20% 90.6 0.0 91.6 +1.0
30% 914 +0.8 91.6 +1.0
40% 91.2 +0.6 92.0 +1.4
50% 91.6 +1.0 92.0 +14
60% 91.4 +0.8 91.8 +1.2
70% 91.0 +0.4 91.6 +1.0
80%  90.6 0.0 91.2 +0.6
90%  90.0 —0.6 92.0 +1.4
95% >89.6 < —-1.0 90.2 —-0.4
100% 87.2 —3.4 79.8 —10.8

Accuracy (%)

—o—
—— AG News

80 SST-2 h

- - - 95% threshold
I

40 60 80
D* Sparsity (%)

20 100

Figure 3: Accuracy versus D* sparsity on SST-2 and
AG News. Detail coefficients of the converged WD-
CPO prompt are zeroed post hoc and the prompt is
reconstructed by IDWT, with no retraining. Same runs
as Table 14.

K Practical Implications: Detailed
Analysis

This appendix supports the practical claim of §6
with a configuration-by-configuration comparison,
followed by the cases where frequency-domain
methods are more or less likely to transfer.

Storage and inference at matched budgets. Ta-
ble 15 compares vanilla and DWT-compressed con-
figurations on SST-2 along three practical axes.
Stored floats per prompt matter for prompt-bank
deployment, tokens fed to the LLM matter for key-
value cache size and attention compute, and accu-
racy is the task outcome.

At matched storage (8,960 floats), vanilla L=10
beats A*-only by +6.8 pts in this single-seed com-
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Table 15: Storage, inference, and accuracy on SST-2.
“Stored” is the float count needed to reconstruct the
prompt, “Tokens” is what the LLM processes, “KV” is
the resulting key-value cache size, and “Acc” is accuracy
in percent, with bold marking the highest. WD-CPO
additionally carries a 60,929-parameter convolutional
module that is not amortized across tasks. The vanilla
L=20 and WD-CPO rows come from Table 6, the DWT-
compressed rows from Table 14, and vanilla L=10 from
the Appendix C recipe with only the prompt length
changed. The last row is a configuration we did not run,
marked N/A. No row is a seed-averaged estimate.

Configuration Stored Tokens KV Acc
Vanilla L=20 (converged) 17,920 20 20 924
Vanilla L=10 (single seed) 8,960 10 10 94.0
WD-CPO L=20 (full D*) 17,920 20 20 920

+ 95% D* zeroed ~9,400 20 20 >89.6

+ 100% D* zeroed (A* only) 8,960 20 20 87.2
A* fed directly (no IDWT) 8,960 10 10 N/A

parison. At matched token count (10 key-value
cache entries), vanilla L=10 is the only measured
configuration that achieves the saving without go-
ing through IDWT.

Why A* cannot be fed directly to the frozen
LLM. Feeding A* as the prompt is poorly mo-
tivated without an additional adapter. The coeffi-
cients are weighted averages of adjacent embed-
dings, so they live in wavelet space rather than in
the input distribution that the frozen first layer was
trained on, and using them directly would require
unfreezing layer O and giving up the frozen-model
premise of soft prompting. The A*-only row of
Table 14 already runs IDWT and still loses 3.4 pts
on SST-2 and 10.8 pts on AG News. Removing
IDWT would likely widen that gap, since IDWT is
the structure-preserving map from wavelet space
back to embedding space, although the direct route
remains untested. A vanilla L=10 prompt is the
natural baseline in any case, because it reaches the
same token count and key-value cache with no ar-
chitectural overhead and higher accuracy in this
single-seed comparison.

A possible follow-up is a learned wavelet token-
pooling adapter, P(20) — DWT — A*(10) —
Adapter — LLM(10 tokens). This reduces to
learned token pooling with a fixed DWT initial-
ization. Mean pooling and attention pooling would
likely perform comparably or better, because the
measurements of §5 and Appendix G indicate no
advantage specific to wavelet bases over arbitrary
orthogonal poolers in this regime.



When frequency-domain methods are likely to
help. Our negative results are scoped to soft
prompts of frozen LLMs. They do not imply
wavelets are useless in deep learning. Based on the
failure modes cataloged in §5, frequency-domain
methods are most plausible where:

* the signal has genuine multi-scale frequency
structure (audio spectrograms, time-series, im-
ages),

* sequences are long enough (L > 10) for multi-
resolution analysis to separate scales meaning-
fully,

* the domain has a semantic grounding for “fre-
quency” (e.g., temporal dynamics vs. frame de-
tail in video).

The same logic predicts limited upside for short
sequences, dense high-dimensional learned embed-
dings, and tasks where a simple baseline already
saturates. Soft-prompt tuning has all three proper-
ties.

Orthogonal bases without frequency assump-
tions. The transferable signal from this paper is
§4.4: an orthogonal DWT/IDWT round-trip ap-
peared to prevent the catastrophic collapse of a
DWT-free conv-only ablation without changing fi-
nal accuracy. Nothing in this observation requires
the basis to be a frequency basis. Other orthogonal
bases (random orthogonal projections, PCA over
the prompt parameter distribution) may provide
the same structural-regularization effect without
assuming a multi-scale signal that LLM embed-
dings do not have. We view that direction as more
promising than additional wavelet variants.
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