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ABSTRACT

Layer-skipping methods for efficient LLM inference decide, at some granularity,
which transformer layers to execute for a given input. We present a rigor-matched,
three-seed audit of two periodic-step, search-based methods that make this de-
cision online, at inference time, and re-evaluate it every few generation steps:
a confidence-gated early-exit baseline (ConfLayers) and genuine self-speculative
decoding (SWIFT, Xia et al.[2024), together with vanilla autoregressive decoding,
across two model scales (Qwen2.5-0.5B and Qwen2.5-1.5B,|Yang et al.|[2024)) and
two tasks (GSM8K reasoning, (Cobbe et al.|2021; CNN/DailyMail summarization,
Nallapati et al.|[2016; [See et al.|[2017). SWIFT is the strongest method on accu-
racy in three of four cells; ConfLayers is dominated everywhere, with particularly
large deficits on GSMS8K at 1.5B. Once online-search overhead is correctly sepa-
rated from pure inference cost — a decomposition we introduce and validate —
SWIFT’s true inference speed is faster than ConfLayers’s in all four cells (5-21%),
reversing the naive wall-clock ranking in three of them; ConfLayers’s search over-
head is small and stable (1-2% of cost) while SWIFT’s is larger and considerably
more variable seed-to-seed (up to 28.7%). We additionally examine two trained-
routing methods, LayerRoute (Sikdar, [2026) (a per-sequence, input-conditioned
hard gate) and LayerDrop (Fan et al., 2020) (a fixed, input-independent pruning
pattern), as a supplemental analysis rather than a head-to-head comparison, since
both operate at a fundamentally coarser decision granularity than the periodic-step
methods above. Measuring both under a verified protocol — genuine per-input
gating, a genuine full-model baseline, and genuine inference-time compute skip-
ping — both trained-routing methods show modest, real speedups (1.08-1.33x)
but accuracy well below the periodic-step methods, including a near-total collapse
for LayerRoute on GSMS8K at 1.5B (0.003 mean exact-match across three seeds).
We release the full audit protocol as a template for rigor-matched efficiency com-
parisons.

1 INTRODUCTION

Layer-skipping methods for efficient LLM inference share a common shape — decide, for some
unit of input, whether to execute a given transformer layer or bypass it — but differ sharply in when
and at what granularity that decision is made. Confidence-gated early-exit methods threshold a per-
token confidence signal that is itself tuned online (Schuster et al.,|2022;2021}; Teerapittayanon et al.,
2016); self-speculative decoding methods draft candidate continuations with a cheapened version of
the same model, periodically re-evaluating the draft configuration, and verify drafts against the full
model in a single batched pass (Leviathan et al., 2023} |Chen et al.l 2023; Xia et al., 2024). Both
families make their skip decision online, re-checking it every few generation steps. A separate
family, trained routing, instead learns a fixed policy offline — a gate, a router, or a pruning mask —
so no online search is needed (Fan et al., 2020; Raposo et al.|[2024; |[Elbayad et al.,|2020); the policy
can be as coarse as a single fixed pattern applied to every input, or as fine as a decision recomputed
per sequence.
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This granularity difference determines what a fair comparison even means: a method re-evaluating
its configuration every 25-30 tokens is answering a different question than one committing to a sin-
gle decision for an entire sequence, or one that never adapts to input at all. Our primary contribution
is therefore a comparison restricted to methods sharing the same decision regime — ConfLayers
and SWIFT, both periodic-step and search-based — audited under matched seeds, tasks, and scales,
with a cost-accounting methodology that correctly separates the online search from the inference it
accelerates. This confound is methodologically significant: once search overhead is excluded, the
pure-inference speed ranking of the two methods reverses relative to their naive wall-clock ranking
in three of four task/scale combinations we test.

We additionally examine two representative trained-routing methods, LayerRoute (Sikdar, 2026)
and LayerDrop (Fan et al.| 2020), as a supplemental analysis rather than folding them into the main
comparison, since their decision granularity does not match ConfLayers’s and SWIFT’s: Layer-
Route commits to one gate decision per sequence; LayerDrop commits to one fixed pattern that
never varies with input. Treating either as a direct peer of a method that re-searches every 25 tokens
would overstate what the comparison can claim. We measure both under a protocol verified to ex-
ercise their routing decisions genuinely — real per-input gating, a real full-model baseline, and real
inference-time compute skipping — and report the resulting numbers plainly, including a result we
did not expect going in.

Our contributions are:

* A rigor-matched, 3-seed, 2-task x 2-scale comparison of two periodic-step, search-based
layer-skipping methods (ConfLayers, SWIFT) against vanilla decoding, with a taxonomy
of routing decision granularity motivating why this is the correct main comparison set (Sec-
tion 2).

* A search-overhead decomposition that separates each method’s pure inference cost from
its online-search cost, revealing that naive wall-clock comparisons had inverted the true
inference-speed ranking of SWIFT and ConfLayers in three of four cells (Section [6.2.T).

* A supplemental analysis of two trained-routing methods (LayerRoute, LayerDrop) at a dif-
ferent decision granularity, using a measurement protocol verified to exercise genuine per-
input gating, a genuine full-model baseline, and genuine inference-time compute skipping
throughout (Section([7).

* A from-first-principles port of LayerRoute to TinyLlama-1.1B (Zhang et al.,2024)) showing
that its headline tool-call-versus-planning skip differential inverts in sign across architec-
tures, reported as a genuine generalization limitation (Section [§).

* A reusable, rigor-matched audit protocol, including the frozen-replay search-overhead de-
composition, applicable to future efficiency comparisons.

2 A TAXONOMY OF LAYER-SKIPPING DECISION GRANULARITY

Table [I] summarizes the four methods discussed in this paper along the dimension that we argue
determines comparability: how often, and on what unit of input, the skip decision is made.

Table 1: Layer-skipping methods by decision granularity. ConfLayers and SWIFT share the same
regime (periodic-step, search-based) and form our main comparison; LayerRoute and LayerDrop
occupy two different, coarser regimes and are reported as a supplemental analysis rather than head-
to-head peers.

Method Training Decision unit Re-evaluation cadence
ConfLayers None (online search) Per token Every 30 steps

SWIFT None (online search) Per token Every 25 steps
LayerRoute Trained (LoRA + gate) Per sequence Once, input-conditioned
LayerDrop Trained (structured dropout) N/A Never (fixed, input-independent)

ConfLayers and SWIFT both decide online, re-searching their configuration every 25-30 generation
steps and often converging early, freezing the found configuration for the remainder of a session
(Section [6.2.1)); this shared regime is what makes a matched comparison between them meaningful.
LayerRoute is designed to make one gate decision per input sequence, using that sequence’s own



hidden states — a coarser, input-conditioned regime that, absent an explicit freezing mechanism,
can drift toward continuously-updating behavior in genuine generation (Section[7.2)). LayerDrop is
coarser still: its pruning pattern is fixed at training time and applied identically to every input, with
no adaptivity at all. Comparing ConfLayers/SWIFT against LayerRoute/LayerDrop on identical
footing would compare methods answering different questions; we instead present the latter two as
a supplemental analysis with this distinction stated explicitly.

3 RELATED WORK

Trained routing and structured skipping. LayerDrop (Fan et al., 2020) trains transformers to be
robust to layer removal via structured dropout, enabling depth reduction at inference without retrain-
ing; we evaluate it directly in Section [/| The Depth-Adaptive Transformer (Elbayad et al.| [2020)
and PonderNet (Banino et al.,2021) extend Adaptive Computation Time (Graves,2016) to learn per-
example halting policies. Mixture-of-Depths (Raposo et al.| 2024) routes a fixed fraction of tokens
per layer through a top-k router, a finer (token-level) granularity than LayerRoute’s per-sequence
gate; we do not evaluate it here. Post-hoc depth-pruning work such as ShortGPT (Men et al., [2024)
and |Gromov et al.| (2024) establish that later transformer layers often contribute disproportionately
little to output quality, independent of any routing mechanism.

Confidence-gated and search-based early exit. CALM (Schuster et al., [2022) and its earlier
variant (Schuster et all [2021) exit a token’s forward pass once a per-layer confidence measure
crosses a threshold; BranchyNet (Teerapittayanon et al., [2016)) applies the same idea to convolu-
tional networks. Our ConfLayers baseline follows this family, augmented with an online Bayesian-
optimization search over per-layer thresholds (Section [5).

Speculative and self-speculative decoding. Speculative decoding (Leviathan et al., [2023; (Chen
et al., 2023} |Stern et al.l [2018)) drafts multiple tokens with a cheap model and verifies them in one
batched pass, with later work exploring tree-structured verification (Miao et al.l 2024 |Cai et al.|
2024)) and lightweight adapters as drafters (Du et al., [2024). SWIFT (Xia et al., 2024) removes the
need for a separate draft model by self-drafting with a layer-skipped version of the target model,
discovered online rather than trained offline.

Compute-efficient scaling and pruning. Our discussion of scale-dependent behavior connects to
compute-optimal scaling (Hoffmann et al.l 2022) and to structural pruning such as LLM-Pruner
(Ma et al., 2023) and Wanda (Sun et al.,[2024), which similarly find removable redundancy is scale-
dependent.

4 BACKGROUND: METHOD FORMALIZATIONS

We formalize ConfLayers and SWIFT here; LayerRoute and LayerDrop’s formalizations appear in
the supplemental analysis (Section [7).

4.1 THE CONFLAYERS BASELINE

ConfLayers (Amer et al., 2026)) requires no training: it wraps a fixed pretrained backbone with a
per-layer confidence rule and an online search over its thresholds.

Confidence signal and exit rule. At layer /, a confidence estimate projects the current hidden state
to the vocabulary and takes the top probability,

¢i(h) = max softmax(Wim, ), , (D

where W, is the shared, frozen LM head. The model exits at the first layer clearing threshold 7,
z1 =Wl () > 7], exitat[* =min{l:z =1}, 2)

emitting W, by~ directly as output logits, skipping all I > I* (Figure[3).

Online threshold search. 7 = (7q,...,7z) is not learned by gradient descent; since the mapping

from 7 to quality and latency is a black-box, non-differentiable function, 7 is tuned online via
Bayesian optimization,

7 = argmin E,[Cost(z;7)] s.t. E;[QualityDrop(z;7)] <e, 3)
T€[0,1]%



proposing candidate 7 vectors, evaluating on a held-out probe set, and updating a surrogate cost—
quality model. This search is what we isolate as “search overhead” in Section[6.2.1} wall-clock time
spent choosing 7, separate from the forward-pass cost of Equations [TH2] once fixed.

4.2 THE SWIFT BASELINE

SWIFT (Xia et al.l 2024) also requires no training, but rather than exiting early it drafts multiple
tokens with a cheapened version of the target model and verifies them losslessly against the full
model.

Self-draft model. Given a skip set S C {1, ..., L}, the self-draft model Mg is M with every layer
l € S replaced by an identity pass-through,

hl(f)l leS (skipped)
fi (hl(f)l) ¢S (executed)’

requiring no additional parameters, since M g reuses M’s own weights (Figure [6)).

htS =

“4)

Draft-then-verify. Mg autoregressively drafts k candidate tokens, and M verifies all k£ positions
in one batched pass. Each draft token is accepted with probability

min (1, Pra(@ori | 2<trio1) ) , (5)
Prs (Tei | w<trio1)

following the standard rejection rule (Leviathan et al.,|2023); at the first rejection, a corrective token
is resampled from pres(2) x max(0, Py(r) — Pamg(x)), guaranteeing the output distribution is
exactly Py regardless of S — SWIFT is lossless by construction.

Online skip-set search. As with ConfLayers’s 7, S is searched online, trading a cheaper draft
(larger S) against a lower acceptance rate,

WallClockCost(x; S)
[E[accepted tokens per round | S| |’

S* = argmin E,
Sc{i,...L}

(6)

again via Bayesian optimization over the discrete space of skip sets, separated from pure drafting
cost in Section[6.2.7]

5 EXPERIMENTAL SETUP

Models. We use Qwen2.5-0.5B and Qwen2.5-1.5B (Yang et al.,[2024) as backbones.

Tasks. GSMB8K (Cobbe et al., 2021) (grade-school math word problems, exact-match accuracy)
represents multi-step reasoning; CNN/DailyMail (Nallapati et al.| 2016} |See et al., 2017) (news
summarization, ROUGE-L, |Lin|2004])) represents long-form generation with a different token budget
and error profile. We evaluate 100 held-out samples per task, with an identical shuffle/seed recipe
across dataset aliases, matching the default evaluation size of the ConfLayers and SWIFT reference
implementations’ own scripts. We report per-seed values (Appendix [B) rather than a single point
estimate, since 100 samples is small enough that seed-to-seed variance should be inspected directly
(Section[9).

Baselines. Vanilla is standard autoregressive decoding with no acceleration. ConfLayers and SWIFT
are formalized in Sections and 4.2} SWIFT results use a from-scratch port of the official self-
drafting and tree-attention implementation to Qwen?2, verified class-by-class against the reference
implementation.

Rigor protocol. Every accuracy and cost cell (method x task x scale) is run at three seeds (2024,
42, 123), reported as a mean with the observed range. We verified that a CNN/DailyMail generation-
length normalization does not itself explain observed score differences between methods.

5.1 IMPLEMENTATION DETAILS

ConfLayers search calibration. We run ConfLayers’s online threshold search (Equation [3) with
its reference implementation’s default configuration: search interval 30, maximum optimization it-



Table 2: Accuracy, mean over 3 seeds (range in brackets). GSMS8K is exact-match accuracy;
CNN/DailyMail is ROUGE-L. Bold marks the best method per cell.

Task Scale Vanilla ConfLayers SWIFT

0.5B  0.180 [0.14-0.26] 0.147 [0.13-0.18] 0.303 [0.27-0.36]
1.5B  0.413[0.38-0.46] 0.077 [0.05-0.10] 0.307 [0.29-0.33]

0.5B  0.169 [0.167-0.174] 0.178 [0.175-0.184] 0.190 [0.185-0.196]

GSMBK

CNN/DM 1'Sp 0204 [0.193-0.213] 0.215 [0.204-0.222] 0.219 [0.205-0.230]
GSMS8K (accuracy) CNN/DailyMail (ROUGE-L)
0.4 B Vanilla I ConfLayers B SWIFT
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2 2

0.1+
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Figure 1: Accuracy across the full 2 (task) x 2 (scale) x 3 (method) matrix. Error bars show the
observed 3-seed range. ConfLayers is the consistent worst performer in every cell.

erations 100, maximum score threshold 0.95, context window 100 tokens. Thresholds are calibrated
online, per query, not per task.

SWIFT search calibration. SWIFT’s online skip-set search (Equation[6) uses its reference default:
context window 50, optimization interval 1, Bayesian-optimization interval 25, maximum optimiza-
tion iterations 1000, maximum tolerance iterations 300, maximum score threshold 0.93, with an
upper-confidence-bound acquisition function (k=2.5).

Cost measurement protocol. All latency measurements use batch size 1 on a single GPU, with
explicit device synchronization before and after each timed call so reported wall-clock time reflects
completed GPU work rather than queued kernels. Reported time includes the full generation call —
sampling, KV-cache updates, any interleaved search — excluding tokenization/detokenization. We
did not run warm-up iterations; the first query of each run carries unsubtracted one-time initialization
overhead (Section[J).

6 RESULTS

6.1 ACCURACY

Figure [T] and Table [2] summarize the accuracy matrix for vanilla decoding and the two periodic-step
methods. The ranking is stable across all three seeds in every cell.

ConfLayers underperforms both other methods in every condition, with particularly large deficits
on GSMSK at 1.5B (0.077 vs. vanilla’s 0.413), consistent with prior observations that fixed-
representation confidence estimates are unreliable for multi-step reasoning (Schuster et al., 2022).
SWIFT is strongest in three of four cells, losing only to vanilla decoding on GSM8K at 1.5B (0.307
vs. 0.413) — but still substantially outperforming ConfLayers there (0.307 vs. 0.077), so the ranking
between the two search-based methods is stable across all four cells.

6.2 CosT

Table 3| and Figure 2] report per-query wall-clock latency for the two periodic-step methods.



Table 3: Per-query wall-clock latency (ms), mean over 3 seeds. Both methods shown decomposed
into pure inference and online-search overhead (Section [6.2.1).

Task/Scale Method Pure inference (ms) Search overhead Wall-clock total (ms)
GSMBK/0.SB  Sontayers 8171 et 15643
GSMBK/I.SB  Soniayers oL 1549 16288
CNN-DM/0.5B g‘(;?lfé;yers 15681809 31;:%3; igigéi‘z‘
CNN-DM/1.5B  Gontbayers 5580, vl 123355

Per-query inference cost across the 2x2 matrix (3-seed means)

10000 A

5000 A

GSMS8K/0.5B GSM8K/1.5B CNN-DM/0.5B CNN-DM/1.5B

Wall-clock latency (ms/query)

Figure 2: Per-query wall-clock latency across the full matrix.

6.2.1 SEARCH-OVERHEAD DECOMPOSITION

Naive wall-clock comparison ranks ConfLayers as faster than SWIFT in three of four cells (Ta-
ble 3] “wall-clock total”). This is misleading. We instrumented both methods to separately log
pure model-forward-pass time and the wall-clock time consumed by each method’s online search —
Bayesian-optimization threshold search for ConfLayers, and the analogous search over which layers
to self-draft-skip for SWIFT. Figure [3]shows the result: once decomposed, SWIFT’s pure inference
cost is faster than ConfLayers’s in all four cells (5-21%), reversing the naive ranking in three of
them. ConfLayers’s search overhead is small and stable (1.2-2.2% of total cost, near-zero variance
across seeds); SWIFT’s is larger (8.7-18.6% mean) and more variable (up to 28.7% on individual
GSMS8K/0.5B seeds).

Every prior cost comparison involving SWIFT in this line of work understated its true inference
speed by folding search cost into the reported number. This decomposition assumes many queries
are served within one running session: both methods’ search state persists across queries in our
harness rather than resetting per query, so search overhead is front-loaded onto early queries and
shrinks as the search converges. We recommend future efficiency comparisons report this decom-
position explicitly, alongside a total-cost-for- N -queries view when N is known, rather than a single
averaged wall-clock figure.

7 SUPPLEMENTAL ANALYSIS: TRAINED ROUTING AT COARSER
GRANULARITY

This section examines LayerRoute and LayerDrop, two trained-routing methods operating at a
coarser decision granularity than ConfLayers and SWIFT (Section [2), not as direct competitors
to the main comparison but under a measurement protocol verified to exercise genuine per-input
gating, a genuine full-model baseline, and genuine inference-time compute skipping (Section [7.2).

7.1 METHOD FORMALIZATIONS

LayerRoute (Sikdar, 2026). LayerRoute freezes a pretrained backbone 6 and attaches, at every
transformer layer [ € {1, ..., L}, alow-rank adapter AW, (Hu et al.,[2022) with a scalar gate head.



Search-overhead decomposition: SWIFT vs. ConfLayers
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Figure 3: Search-overhead decomposition. Once online-search cost is separated from pure model-
forward cost, SWIFT is the faster inference engine in every cell, despite appearing slower on unsplit
wall-clock time in three of four cells.

For hidden state h;_; entering layer [,

filhi—1) = hi—1 + Attng(hy—1) + FENaw, (hi-1), @)
and the gate head produces a scalar logit converted to a hard binary decision
1
2z =Wlo(gi(hi-1)) > 0.5], o(z) = T (8)

with layer output h; = z; fi(hi—1) + (1 — 2;) hy—1, gradients propagated via straight-through es-
timation (Bengio et all 2013). The gate head pools over the current full sequence’s hidden states,
making this a per-sequence decision (Table [I), trained jointly with the LoRA adapters via BCE
against tool-call/planning provenance labels. Schematic in Figure[7}

LayerDrop 2020). We adapt LayerDrop to the same LoRA budget as LayerRoute
for a matched training-cost comparison. During training, each layer is stochastically dropped with
probability p (uniform across layers), training the backbone and LoRA adapters to be robust to any
layer’s removal. At inference, a fixed set of layers, chosen once from training-time drop statistics,
is pruned identically for every input — no router, no per-input adaptivity, the coarsest regime in
Table[T} Schematic in Figure 8]

7.2 MEASUREMENT PROTOCOL

Because LayerRoute’s architecture blends a gated and an ungated output rather than branching be-
tween them, measuring it correctly requires care on three points, each verified independently.

Genuine gating. Wall-clock cost is measured through LayerRoute’s gated forward pass directly,
token by token, verified to produce output that genuinely differs from an ungated pass rather than
being byte-identical to it.

Genuine full-model baseline. The baseline forces every layer open via direct bias manipulation on
the gate head, verified on a controlled synthetic test to change the layer-execution count to the full
layer count.

Genuine inference-time compute skipping. Training computes every layer’s full transformation
unconditionally (a necessary property of the straight-through estimator, whose backward pass needs
the layer’s real forward value even for a gate evaluating to zero); inference adds a conditional skip
where no such constraint applies (if gate==0 and not self.training: continue),
verified via layer-call counting to produce fewer real invocations than the total layer count, with
output identical to the blended-but-discarded version for closed gates.

For long-form generation, we verified the generation loop’s stopping condition is decoupled from
prompt-length truncation, since CNN/DailyMail articles can approach the truncation limit; the post-
hoc token-count distribution matches the expected range for both methods, with no queries termi-
nating after a single token.

LayerDrop’s fixed pattern requires only the baseline and skip verifications, having no per-input gate
to exercise. ConfLayers and SWIFT’s results (Sections [6H6.2.1) use independent evaluation code,
verified separately under the same standard.



Table 4: Supplemental analysis: accuracy and speedup, mean over 3 seeds (range in brack-
ets), LayerRoute and LayerDrop versus a genuine full-model baseline. GSMS8K is exact-match;
CNN/DailyMail is ROUGE-L. Speedup > 1 indicates the routed/pruned pass is faster than the full-
model baseline.

Task Scale  LayerRoute acc. ~ LayerRoute speedup LayerDrop acc. LayerDrop speedup
GSMSK 0.5B  0.137[0.11-0.16] 1.08x 0.010 [0.00-0.02] 1.30x

1.5B  0.003 [0.00-0.01] 1.32x 0.060 [0.05-0.07] 1.25x
CNN/DM 0.5B  0.102 [0.099-0.107] 1.33%x 0.091 [0.085-0.097] 1.29x

1.5B  0.150[0.139-0.165] 1.09x 0.134 [0.131-0.136] 1.25%

Accuracy

Speedup

g
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Figure 4: Supplemental results. Left: accuracy under genuine gating and a genuine full-model base-
line. Right: speedup versus that same genuine baseline, including genuine inference-time compute
skipping (Section [7.2).

7.3 ACCURACY AND COST

Table ] and Figure []report accuracy and speedup, 3 seeds each, using a genuine full-model baseline
throughout.

Two findings stand out. First, LayerRoute’s accuracy on GSM8K at 1.5B is essentially zero (0.003
mean, 1 of 300 samples correct) — a near-total collapse. Routed generations at this scale are coher-
ent, grammatically well-formed text, not degenerate repetition, but consistently fail to reach a correct
answer, which we interpret as a genuine capability gap under real per-sequence gating. Second, both
methods show modest but real speedups (1.08—1.33 %) over a genuine full-model baseline, smaller
than layer-count-implied theoretical savings would suggest; we attribute this to LayerRoute’s router
computation (pooling and a linear projection, evaluated at every layer regardless of that layer’s deci-
sion) contributing fixed per-layer overhead. LayerDrop, having no such per-query overhead, shows
a somewhat larger, more consistent speedup (1.25-1.30%) despite lower average accuracy.

These results should not be read as “trained routing underperforms search-based routing” in general:
LayerRoute and LayerDrop operate at a different decision granularity (Section[2), were trained under
a fixed, unremarkable LoRA budget not tuned per condition, and represent two specific instances of
a much larger design space.

8 GENERALIZATION LIMITATION: LAYERROUTE ON TINYLLAMA

Sikdar et al. (2026)’s headline finding is a 12.91% skip-rate differential between tool-call and
planning steps on Qwen2.5-0.5B: the trained gate skips more on tool-call steps than planning
steps. We test whether this generalizes beyond Qwen2.5’s architecture by re-deriving LayerRoute
for TinyLlama-1.1B (Zhang et al. [2024) from first principles: re-checking router hook points
against LlamaDecoderLayer’s module composition, re-examining whether the middle-third
gate-initialization heuristic transfers to Llama’s 22-layer depth, and verifying LoRA target-module
wiring against Llama’s bias-free attention. This study uses the same teacher-forced evaluation path
as the original paper’s own findings, independent of Section [7.2]s protocol.

The gating mechanism transfers correctly: quality is preserved for both step types (gated perplexity
lower than full-computation perplexity, e.g. tool-call 3.766 < 4.705, planning 6.133 < 7.784).



Table 5: Converged skip-pattern structure, Qwen2.5-0.5B versus TinyLlama-1.1B.

Backbone Layers Closed middle band Relative depth
Qwen2.5-0.5B 24 8&-16 33%-71%
TinyLlama-1.1B 22 7-15 32%-73%

However, the direction inverts: TinyLlama’s router skips more on planning steps (—7.92% in an
initial run, —3.11% in an independent seed-42 retraining), opposite to Qwen2.5-0.5B’s +12.91%.
We ruled out a sequence-length confound: the planning/tool-call token-length ratio is similar under
both tokenizers (0.233 vs. 0.205), and tool-call is the longer step type under both.

8.1 WHICH LAYERS ARE SKIPPED: A STRUCTURAL COMPARISON

Table[3]reports the converged closed middle band for both architectures: Qwen2.5-0.5B spans layers
8-16 of 24 (33%—71% relative depth); TinyLlama-1.1B spans layers 7-15 of 22 (32%-73%) —
nearly identical relative depth despite independent training on different backbones.

This rules out a qualitatively different structural pattern as the explanation: the shape of what gets
skipped transfers almost exactly. We hypothesize the differential’s sign is set by a small number of
boundary layers near the threshold, architecture-specific in their response to input content, while the
bulk of the middle band is not; a testable hypothesis, not a confirmed mechanism.

We report this as a genuine architecture-dependent limitation rather than omitting it: the “tool calls
skip more” claim does not universalize across model families, even though the gating mechanism
does. Deployments relying on this differential’s direction should re-verify it on the target architec-
ture.

9 DISCUSSION AND LIMITATIONS

Main finding. Among periodic-step, search-based methods, SWIFT is stronger on both accuracy
and (once search overhead is decomposed) speed; ConfLayers is dominated on both axes throughout,
stable across all seeds in every cell.

On the supplemental analysis. LayerRoute and LayerDrop occupy a coarser, less input-adaptive
regime than ConfLayers/SWIFT (Section @; the honest conclusion is that under a fixed, unremark-
able LoRA budget, and measured under the verified protocol of Section neither is competitive
on accuracy here, while both show modest, genuine speedups once compute skipping is confirmed
to actually occur.

Scope of the audit. We evaluate two model scales and two tasks on instruction-tuned backbones
only; findings may not hold for base models. We follow the reference implementations’ default
evaluation size (100 samples) without a power analysis for confidence-interval width. Given n=3
seeds, we report per-seed values directly (Appendix |B) rather than a higher-powered parametric
test, and we do not run warm-up iterations before timing. Memory footprint, integration complex-
ity, distribution-shift robustness, and combinability with techniques such as quantization are also
relevant to deployment but outside this audit’s scope.

Al USE STATEMENT

Generative Al tools assisted with literature survey (verified against original sources) and evalua-
tion scaffolding, including the search-overhead decomposition harness and plotting utilities (tested
against known reference outputs). All experimental design, method choices, and interpretation of
results are the authors’ own, who take responsibility for this work’s final content.

REPRODUCIBILITY STATEMENT

Figures in Sections are means over three fixed seeds (2024, 42, 123) with per-seed values in
Appendix B} full protocol in Sections[5H5.T]and[7.2] The SWIFT and TinyLlama ports were verified
class-by-class against upstream implementations. We intend to release our harness, the Qwen2
SWIFT port, trained checkpoints, and per-query result files with this paper.
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A ARCHITECTURE DIAGRAMS

Figures [5] and [6] give schematic diagrams for the two main-comparison methods; Figures [7] and [§]
diagram LayerRoute and LayerDrop, discussed in the supplemental analysis (Section [7)).

EFFICIENT INFERENCE - SEARCH-BASED ACCELERATION

ConflLayers

AMER ET AL., 2026 - CONFIDENCE-GATED EARLY EXIT

Per-Layer Confidence Threshold + Online Search

Threshold T discovered online via Bayesian optimization, not fixed in advance

Hidden state h,

L1

CONTINUE
¢y < T: continue to next layer
L2

CONTINUE
C, < T: continue to next layer
L8

EXIT

Cg 2 T: exit, project to logits
Online Bayesian-optimization search over T — small & stable overhead (1.2-2.2% of wall-
clock cost, near-zero variance across seeds, Sec. 5.2.1).

Output: accepted tokens

Pure inference vs. search overhead, decomposed

Once search cost is separated out, ConfLayers’ pure inference is 5-21% slower than genuine
SWIFT in every cell tested (Sec. 5.2.1).

LEGEND — COMPONENTS
@ continue (c<t) (@ Exit(c=71) Online search component

Figure 5: ConfLayers: a per-layer confidence estimate is thresholded against 7, discovered online
via Bayesian optimization; pure inference and search overhead are logged and reported separately

(Section @
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EFFICIENT INFERENCE - SEARCH-BASED ACCELERATION

SWIFT

XIA ET AL., 2024 - SELF-SPECULATIVE DECODING

Skipped Self-Draft + Full-Model Verify

No separate draft model — target model drafts with a searched subset of its own layers

SELF-DRAFT Mg (searched layer subset) VERIFY M (full backbone, 1 pass)
L1 USED L1 Ny VERIFY
draft pass full attention
L2 USED L2 . VERIFY
draft pass full attention

L3
L3 SKIPPED Ny VERIFY
skipped full attention

L4
L4 SKIPPED . VERIFY
skipped full attention
LS USED LS VERIFY
draft pass full attention

L6
L6 SKIPPED VERIFY
skipped full attention

draft tokens — batched verify in a single forward pass

Online search: which layers to skip in the self-draft (8.7-18.6% of wall-clock cost, mean;
more variable seed-to-seed than ConfLayers’ search, Sec. 5.2.1).

Accept longest verified prefix (acceptance rate = 0.83-0.96)

Most consistent accuracy leader, 3 of 4 cells

Once search overhead is decomposed, SWIFT is also the faster pure-inference engine of the
two search-based methods in every cell (Sec. 5.2.1).

LEGEND — COMPONENTS
@ Draft layer used @ Draft layer skipped @ Full verify layer

Online search component

Figure 6: SWIFT: the target model self-drafts by skipping a searched subset of its own layers,
generates candidate continuations via tree attention, and verifies all candidates in a single forward
pass of the full model.
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EFFICIENT INFERENCE - TRAINED ROUTING

LayerRoute

QWEN2.5-0.5B - 24 LAYERS - ~1.08M LORA PARAMS

Per-Layer Hard-Gated Skip Connections

Frozen backbone + LoRA adapters - straight-through estimator (Sikdar, 2026)

Input embedding + positional encoding

L1l

Attn + FFN-aw1 on frozen backbone EXECUTEDRESY

L2

Attn + FFN-aw2 EXECUTED - z=1

L9-L16 — Per-Layer Gate Head LEARNED HARD GATE (STE)

Execute (z=1): adapted layer

output eskip (z=0): residual pass-through

The gate head pools over the current sequence’'s hidden states, making this
an input-conditioned, per-sequence decision — coarser than a per-token
router, finer than a fixed pruning pattern (Sec. 2).

L24

Attn + FFN-aw24 EXECUTED - z=1

LM head (weight-tied)

Supplemental analysis (Sec. 7)
Reported alongside LayerDrop as a coarser-granularity alternative to the
periodic-step methods in the main comparison, not a head-to-head peer.

LEGEND — COMPONENTS

@Layer executed (z=1)@Layer skipped (z=0)llGate head decision

Figure 7: LayerRoute: a frozen backbone layer, a per-layer LoRA adapter, and a gate head combine
via a straight-through hard gate to produce either the adapted layer output or a pure residual skip
(Equations [7H8). Discussed in the supplemental analysis, Section [7}
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EFFICIENT INFERENCE - TRAINED ROUTING

LayerDrop

QWEN2.5-0.5B - 24 LAYERS - SAME LORA BUDGET AS LAYERROUTE

Fixed, Input-Independent Layer Pruning

tic dropout at train time - one fixed drop set applied to every input (Fan et al

TRAIN TIME — EVERY INPUT

Input embedding + positional encoding

L1l

. . STOCHASTIC
Attn + FFN, dropped with probability p (uniform per layer)
L2-L23 STOCHASTIC

Each layer independently dropped with the same probability p

Backbone + LoRA adapters trained to be robust to ANY layer's removal — no
router, no gate head, no input-conditioned decision at train time or
inference time.

INFERENCE TIME — EVERY INPUT, IDENTICALLY

Fixed drop set (chosen once, from training NO ADAPTIVITY

statistics)
Kept layers: executed for every 'Dropped layers: skipped for
input every input

LM head (weight-tied)

Coarsest decision granularity in this audit

No router, no per-sequence or per-token adaptivity of any kind — the same
layers are skipped for every input, decided once at training time (Sec. 2).

LEGEND — COMPONENTS

BLayer kept (fixed) @Layer dropped (fixed)

Figure 8: LayerDrop: layers are stochastically dropped during training to make the backbone and
LoRA adapters robust to any layer’s removal; at inference, one fixed set of layers, chosen once
from training statistics, is pruned identically for every input — no router, no per-input adaptivity.
Discussed in the supplemental analysis, Section
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B ADDITIONAL PER-SEED RESULTS

B.1 MAIN COMPARISON: CONFLAYERS AND SWIFT

Table [2] in the main text reports each accuracy cell as a mean over three seeds with the observed
range. Tables [6]and[7] give every individual per-seed value.

Table 6: GSMS8K exact-match accuracy at each of the three evaluation seeds, main comparison.

Scale Seed Vanilla ConfLayers SWIFT

2024 0.26 0.13 0.36
0.5B 42 0.14 0.18 0.28
123 0.14 0.13 0.27
2024 0.40 0.05 0.29
1.5B 42 0.46 0.08 0.33
123 0.38 0.10 0.30

Table 7: CNN/DailyMail ROUGE-L at each of the three evaluation seeds, main comparison.

Scale Seed Vanilla ConfLayers SWIFT

2024 0.167 0.175 0.190
0.5B 42 0.174 0.184 0.196
123 0.167 0.178 0.185

2024  0.193 0.204 0.205
1.5B 42 0.206 0.218 0.223
123 0.213 0.222 0.230

B.2 SUPPLEMENTAL ANALYSIS: LAYERROUTE AND LAYERDROP

Tables [§] and 9] give per-seed values underlying Table ] measured under the protocol described in
Section [Z.2]

Table 8: GSMS8K exact-match accuracy at each of the three evaluation seeds, supplemental analysis.

Scale Seed LayerRoute LayerDrop

2024 0.14 0.00
0.5B 42 0.16 0.02
123 0.11 0.01
2024 0.00 0.07
1.5B 42 0.01 0.05
123 0.00 0.06
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Table 9: CNN/DailyMail ROUGE-L at each of the three evaluation seeds, supplemental analysis.

Scale Seed LayerRoute LayerDrop

2024 0.100 0.085
0.5B 42 0.099 0.092
123 0.107 0.097
2024 0.146 0.136
1.5B 42 0.139 0.131
123 0.165 0.134
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