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Abstract

Mixture-of-Experts (MoE) layers route each token through a discrete top-k choice, making
the layer-to-layer transport map C0-discontinuous: a small nudge across a routing boundary
can flip a token’s experts and jump the block output by an O(1) amount—a tear. We give
a geometric diagnostic for this tear on released MoE weights—a difference-quotient continuity
signature whose divergence rate certifies the order of the singularity, a k/(k+1) expert cliff with
a cosine decomposition, and a distance-to-tear—and find a genuine C0 jump at every layer: the
hard-routing difference quotient diverges under grid refinement at scaling exponent ≈ 1 (the
order-0-jump signature; its raw refinement growth equals the grid ratio by construction, not
a fitted severity), while continuity-guaranteed controls stay flat at exponent ≈ 0—ubiquitous,
layer-consistent, and reproduced across OLMoE-1B-7B and Qwen1.5-MoE-A2.7B. The tear is
a directional inference liability: random perturbations are blind to it, but boundary-normal
perturbations of < 1% relative magnitude flip experts and produce an O(0.1) per-block output
jump (≈ 24% of the block-output norm), and continuous re-gating removes it only at a steep
quality cost (15.9× perplexity, all layers). Training-time it decomposes rather than detonates: a
two-seed tear-magnitude dial shows no divergence, and a SwiGLU-clamp sweep shows amplitude-
capping remedies leave the discontinuity’s topology intact while reducing its absolute amplitude.

1 Introduction
MoE layers route each token to a small top-k subset of experts. This discrete choice makes the
layer-to-layer transport map C0-discontinuous: two hidden states arbitrarily close but on opposite
sides of a routing boundary go to different experts, so the block output can jump by an O(1)
amount. We call this jump a tear, using the Deep Manifold vocabulary as motivation rather than
as a load-bearing premise [Ma and Shi, 2024, 2025].

Prior work approaches routing discontinuity from two sides: continuous-routing fixes that let
experts enter or leave at zero weight [Wang et al., 2025, Puigcerver et al., 2024, Martins and
Astudillo, 2016, Peters et al., 2019], and routing-stability measurements of how often the selected
expert set changes [Ma et al., 2025]. Neither measures the quantity that governs the transport map
on real models: the output-jump geometry on released LLM-MoE weights.

Our contributions are: (1) a geometric diagnostic for the tear on released weights, with negative
controls and known-answer tests; (2) a characterization across OLMoE and Qwen1.5-MoE showing
the tear is a genuine order-0 jump (scaling exponent ≈ 1, controls flat at ≈ 0) at every layer—
ubiquitous, layer-consistent, and not model-specific—with severity carried by the per-block output
jump and the expert cliff; (3) a directional inference-robustness result—the tear is invisible to
random perturbations but exposed by boundary-normal ones—and a mitigation bound; and (4) an
honest training-time decomposition showing roughness and rare severe-but-recovered spikes without
divergence at the tested scale.
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2 Related Work
Continuous routing. ReMoE explicitly frames top-k as a jump discontinuity and replaces it with
ReLU routing [Wang et al., 2025]. Soft MoE, sparsemax, and entmax provide related continuous
or sparse transformations [Puigcerver et al., 2024, Martins and Astudillo, 2016, Peters et al., 2019].
We use a soft-edge gate as a measurement probe, not as a proposed method.

MoE robustness and routing stability. Puigcerver et al. [2022] state MoE non-continuity
and give an expert-difference condition on the boundary, which is the ancestor of our expert-cliff
measurement. Their experiments focus on adversarial robustness in vision MoEs; we measure per-
layer output jumps in released LLM-MoE weights. R3 measures how often routing choices change
between training and inference engines [Ma et al., 2025]; we instead measure the output jump those
changes induce.

Piecewise-linear networks and training stability. Spline and linear-region analyses pro-
vide the C0/C1 vocabulary but not our MoE diagnostic [Hanin and Rolnick, 2019, Balestriero
and Baraniuk, 2018, Montúfar et al., 2014]. Switch, ST-MoE, and GShard study MoE stability
through numerical and load-balancing mechanisms [Fedus et al., 2022, Zoph et al., 2022, Lepikhin
et al., 2021]. DeepSeek-V4 reports that spikes are tied to outliers in MoE layers and that rout-
ing appears to exacerbate them, then introduces SwiGLU clamping, Anticipatory Routing, and
manifold-constrained hyper-connections [DeepSeek-AI, 2026]; Section 8 gives a geometric reading
of those interventions.

3 Preliminaries
A MoE block maps h ∈ Rd to

y(h) =
∑
e

we(h)Ee(h),

where router logits are ge = Weh, top-k selects the largest logits, and w is the renormalized softmax
over the selected logits. With ordered logits g(1) ≥ · · · ≥ g(k) ≥ g(k+1), the k/(k + 1) active-set
boundary is g(k) = g(k+1), a hyperplane with normal n = W(k)−W(k+1). Crossing it swaps the k-th
expert, creating a potential output jump proportional to

∥∥E(k)(h)− E(k+1)(h)
∥∥.

4 Diagnostic
The diagnostic needs only access to the router gate and expert modules. It has three core mea-
surements:

• M1 boundary prevalence: the distribution of margin g(k) − g(k+1) and the fraction of
tokens near the boundary.

• M2 expert cliff : the normalized
∥∥E(k) − E(k+1)

∥∥ plus the cosine of the swapped pair, dis-
tinguishing non-redundancy from outsized specialization.

• M3 continuity signature: the difference quotient ∥∆y∥ / ∥∆x∥ tracked under grid refine-
ment (resolutions 500 → 2000 → 8000) along a boundary-crossing path. For a genuine order-0
jump it diverges as T 1 (scaling exponent ≈ 1); for a continuous map it saturates (exponent
≈ 0). We summarize this by the refinement growth hardG = maxq[8000]/maxq[500], which

2



by construction equals the grid ratio Tmax/Tmin = 8000/500 = 16 for any nonzero C0 jump,
independent of k, expert count, or layer. Hence the diagnostic content is the exponent (jump
vs. continuous), not the value 16, which is what a true jump must yield under this protocol
rather than a measured severity. Severity is carried separately by the absolute relative jump
jumprel (the per-block output jump) and M2. Tied-expert and soft-edge controls stay near
1× (exponent ≈ 0).

The inference probe adds the boundary normal and distance-to-tear

dtear =
g(k) − g(k+1)∥∥W(k) −W(k+1)

∥∥ .
It then compares equal-magnitude normal and tangent perturbations. The clamp probe caps the
SwiGLU intermediate after routing, leaving top-k unchanged while measuring topology, amplitude,
and quality.

5 Released-Weight Characterization
The tear is not synthetic. On OLMoE-1B-7B [Muennighoff et al., 2024], the continuity signature
is a genuine order-0 jump at every layer—refinement growth hardG ≈ 16×, i.e. scaling exponent
1.00, the difference quotient diverging at the grid-refinement rate—while soft-edge and tied-expert
controls remain near 1× (exponent ≈ 0; Figure 1). The 16× is the grid ratio 8000/500 that any
true jump reaches, not a severity: the signature certifies that the singularity is order-0 and present
at every layer, while severity is the per-block output jump jumprel ≈ 0.239 (≈ 24% of the block-
output norm, a per-block geometric quantity—not a model-output, logit, or task-accuracy change)
and the cliff M2 ≈ 0.70. Table 1 gives the per-layer diagnostic. Qwen1.5-MoE-A2.7B [Qwen Team,
2024] replicates the same pattern (Figure 2).

The 16× is not a top-k=8 artifact. Three independent reasons, strongest first. (i) By con-
struction: the refinement growth equals Tmax/Tmin for any nonzero C0 jump regardless of k, expert
count, or layer, so 16 = 8000/500 is the value a genuine order-0 jump must produce under this
protocol—there is no algebraic path from k to it. (ii) Cross-model evidence: Qwen1.5-MoE routes
k = 4 yet shows the same growth (15.99×, exponent 1.00) as OLMoE’s k = 8, inconsistent with a
value set by k. (iii) A direct same-model k ∈ {1, 2, 4, 8} sweep now settles it outright (Figure 9; 64
boundary paths/layer at OLMoE layers 0/8/15): hardG holds at 16.00 (exponent 1.00) for every
k, total range 15.92–16.03, tracking the protocol grid ratio rather than k.
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Difference-quotient divergence: hard top-k tears, soft/tied stay continuous

Max difference quotient ||dy||/||dx|| (8-path median)

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

17.93

13.45

8.96

4.48

0.00

OLMoE layer

continuous baseline = 1x

hard top-k (~16x)

soft edge (~1x)

tied control (~1x)

Hard top-k diverges at the C0 discontinuity (~16x) at every layer; continuity-guaranteed controls stay ~1x.

Figure 1: Difference-quotient continuity signature on released OLMoE-1B-7B. The hard top-k
refinement growth maxq[8000]/maxq[500] sits at ≈ 16×—the grid ratio 8000/500, i.e. scaling ex-
ponent ≈ 1, the order-0-jump signature—at every layer, while soft-edge and tied controls stay at
≈ 1× (exponent ≈ 0). The value 16 is what a genuine jump must yield under this protocol; severity
lives in the block jump and M2, not here.

Table 1: OLMoE-1B-7B per-layer diagnostic. hardG, block jump, and controls are 8-
path medians; margin, M2, and cosine are per-token medians. hardG is the refinement
growth maxq[8000]/maxq[500]; for an order-0 jump it equals the grid ratio 16, i.e. exponent
ln(hardG)/ ln 16 ≈ 1.00—its near-constancy is the protocol’s, not the model’s. The jump col-
umn is the per-block output jump (fraction of block-output norm).

Layer margin M2 cos hardG jump soft tied

0 0.0012 0.694 0.056 16.00 0.238 1.005 1.001
1 0.0009 0.701 0.033 15.98 0.309 1.003 1.002
2 0.0010 0.702 0.028 15.99 0.246 1.004 1.001
3 0.0011 0.704 0.022 16.00 0.248 1.004 1.002
4 0.0011 0.703 0.025 15.99 0.282 1.003 1.002
5 0.0012 0.702 0.030 16.00 0.288 1.004 1.002
6 0.0011 0.704 0.023 15.99 0.284 1.002 1.003
7 0.0014 0.704 0.026 16.01 0.233 1.003 1.002
8 0.0015 0.704 0.025 16.00 0.249 1.003 1.002
9 0.0019 0.703 0.026 16.01 0.266 1.003 1.002

10 0.0019 0.708 0.015 15.99 0.212 1.003 1.002
11 0.0021 0.709 0.012 15.98 0.244 1.003 1.002
12 0.0026 0.707 0.021 15.97 0.226 1.003 1.002
13 0.0023 0.709 0.015 15.99 0.157 1.003 1.002
14 0.0023 0.703 0.035 15.96 0.222 1.003 1.002
15 0.0028 0.600 0.301 15.93 0.123 1.003 1.002
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Tear replicates across released MoEs
hardG

17.00

12.75

8.50

4.25

0.00

15.99

OLMoE

15.99

Qwen-MoE

M2 cliff
0.80

0.60

0.40

0.20

0.00

0.70

OLMoE

0.71

Qwen-MoE

near-boundary
1.05

0.79

0.53

0.26

0.00

1.00

OLMoE

0.98

Qwen-MoE

block jump
0.45

0.34

0.23

0.11

0.00

0.24

OLMoE

0.37

Qwen-MoE

Separate y-scales make the smaller M2 / prevalence / jump metrics readable; values are per-layer aggregates.

Figure 2: Cross-model replication. The refinement-growth signature is ≈ 16× (exponent ≈ 1) and
M2 is ≈ 0.70 on both released MoE families; the 16× shared across k=8 and k=4 is the protocol’s
grid ratio, not a k-set value. Severity reads from the per-block jump and M2, not the growth.
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6 Directional Inference Robustness
Random hidden perturbations give a mostly null robustness result: even when 67.6% of top-k sets
flip, the hard-vs-soft block jump differs by only 2.6%. The null is not that experts never flip; it is
that random flips add little discontinuous excess response beyond the smooth block response.

The reason is geometric. Equal-magnitude perturbations at 2× distance-to-tear behave very
differently along the boundary normal and tangent directions (Figure 3). Normal perturbations
flip the k/(k + 1) expert with probability about 0.9 and produce O(0.1) per-block output jumps
(a fraction of the block-output norm, not of the model output); tangent perturbations barely
flip. All-layer continuous re-gating removes the static tear but increases perplexity from 10.04 to
159.94, a 15.9× cost. Single-layer re-gating is much milder, around 1.2× perplexity, which is why
any practical mitigation likely needs targeted layers or retraining rather than post-hoc all-layer
replacement.

7 Training-Time Effect
The training experiment is a controlled small-scale GPT-MoE probe, not OLMoE pretraining. At
E=64, k=8, and about 308M parameters, the parameter-space difference-quotient probe finds hard
routing rougher than a continuity-matched soft gate (2.0× vs. 1.4×), but the effect is modest.

Natural training is spiky but convergent: over 8000 steps, there are 196 spikes greater than
0.3, max spike 0.585, and no divergence. M2 and hardG do not self-heal, while the operational
whole-block jump collapses early and then plateaus (Figure 4). In a two-seed tear-level dial, no run
diverges; full tear reproducibly creates a rare severe-but-recovered spike (max 4.21 and 5.28).

8 Discussion: Routing Discontinuity Is Not Loss Spike
Our measurements caution against equating the tear with loss spikes. We decompose the training
story into five factors: routing discontinuity, expert-outlier magnitude, temporal backbone/router
mismatch, cross-layer propagation gain, and optimizer absorption. The first is geometric; the second
is supported by a norm-vs-jump correlation of +0.437; the third remains future work; the fourth is
small in our injected-jump measurements; the fifth explains why small-scale training absorbs the
tear.

This provides a geometric reading of DeepSeek-V4’s interventions [DeepSeek-AI, 2026].
SwiGLU clamping caps expert-outlier magnitude; Anticipatory Routing targets temporal mis-
match; manifold-constrained hyper-connections bound cross-layer propagation. Our clamp sweep
confirms the first point on released OLMoE: hardG remains 16.03 → 16.02 and M2 remains
0.705 → 0.701, while absolute expert cliff drops 2.90 → 1.97 and absolute hardJump drops
0.214 → 0.164 (Figure 5).

9 Conclusion
The MoE routing tear is real, measurable, and cross-model: a genuine C0 discontinuity (the dif-
ference quotient diverges at scaling exponent ≈ 1 at every layer, controls flat at ≈ 0) that trained
routers carry rather than sew up—severe in the per-block output jump (≈ 24% of the block-output
norm), though not in expert specialization (M2 sits near the unrelated-vector baseline). Its infer-
ence consequence is directional, and its training-time role is a decomposition rather than a single
cause. Measurement, not a new gate or taxonomy, is the contribution.
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Directional fragility: normal vs tangent perturbations
k/k+1 flip rate

-0 1 2
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0.53
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L0 L8 L15

Block jump
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0.00

layer

L0 L8 L15

Downstream KL
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0.02

0.02

0.01

0.01

-0.00

layer

L0 L8 L15
colored: normal

gray: tangent

median distance-to-tear / ||h||: L0: 0.24%, L8: 0.34%, L15: 0.33%

Figure 3: Directional fragility. Boundary-normal perturbations expose the tear; equal-magnitude
tangent perturbations do not.

10 Limitations
Signature certifies order, not magnitude. The continuity signature certifies that the singu-
larity is order-0 (exponent ≈ 1 vs. controls ≈ 0) and where it sits; it does not measure severity. Its
raw growth value (16×) is the grid ratio Tmax/Tmin that any genuine jump must produce under this
protocol—not a model property, and not larger-is-worse. Severity is carried only by the per-block
output jump (jumprel) and the M2 cliff.

Measurement coverage. Two released families and 24 short prompts. Per-token statistics (mar-
gin, M2, cosine) span ∼500 tokens/layer, but the refinement growth and jump use 8 boundary-
crossing paths/layer (released weights) and a single path/probe in the training run—the latter needs
multi-path resampling for error bars. Cross-domain and multilingual coverage is not characterized.
The k ∈ {1, 2, 4, 8} independence and the 8-to-64-path robustness of the growth are now directly
confirmed on OLMoE layers 0/8/15 (Figure 9), not only argued.

Geometric jump ̸= task performance. Every number here is a geometric quantity on hidden
states; none is an end-to-end task metric. The ≈ 24% block-output jump and the boundary-normal
fragility are not tied to accuracy on benchmarks (e.g. GSM8K, MMLU) under normal-direction
perturbation.

Per-layer, not compounded. The jump is measured one layer at a time; how tears propagate
and compound across stacked blocks is untested (the cross-layer-gain factor bounds only single-step
propagation).

7



E=64/k=8 natural training: topology persists, operational jump shrinks
M2 expert cliff stays flat

0 1600 3200 4799 6399 7999

0.72

0.71

0.70

0.69

0.68

step

Continuity signature stays torn

0 1600 3200 4799 6399 7999

17.50

16.75

16.00

15.25

14.50

step

Whole-block jump collapses early, then plateaus

0 1600 3200 4799 6399 7999

0.50

0.37

0.25

0.12

0.00

stepsummary: max spike=0.585, spikes >0.3=196, diverged=False

Figure 4: Controlled E=64/k=8 training. M2 and hardG persist, while whole-block jump collapses
early then plateaus.

Training-probe gap. The training results come from a 308M, 8-layer, Wikitext-103 from-scratch
GPT-MoE, not 7B-scale pretraining; scale, data, and architecture all differ, and the clamp-quality
figure is a within-hook-path comparison. The temporal backbone/router mismatch factor is named
but not measured.

A Supplementary Figures

B Method and Experiment Details
Released-weight sweeps. OLMoE uses 16 MoE blocks, 64 experts, top-k = 8, bfloat16 CUDA
forwards, PyTorch 2.7.0, 24 short text prompts, and 8 boundary-crossing refinement paths per
layer. Qwen1.5-MoE uses 24 MoE blocks, 60 routed experts, and top-k = 4. hardG values use the
8-path median to avoid single-path degeneracy.

Continuity signature. For each sampled token and layer, the probe identifies the k/(k+1) router
boundary, samples a path crossing that boundary, refines the path grid (resolutions 500 → 2000 →
8000), and records the maximum ∥∆y∥ / ∥∆x∥ at each resolution. We report the refinement growth
hardG = maxq[8000]/maxq[500]; for an order-0 jump maxq ∝ T , so hardG → Tmax/Tmin = 16
independent of k, expert count, or layer—the diagnostic content is the implied scaling exponent
ln(hardG)/ ln 16 (≈ 1 for a jump, ≈ 0 for a continuous map), not the value 16. A synthetic
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Clamp caps amplitude, not topology
Topology: hardG

16.19

16.09

15.99

15.90

15.80

none p999 p990 p950 p900

Absolute expert cliff
3.33

2.50

1.67

0.83

0.00

none p999 p990 p950 p900

Hook-path ppl
19924.35

14943.26

9962.18

4981.09

0.00

none p999 p990 p950 p900

native ppl=10.04; hook hard baseline ppl=87.54. Compare clamp rows within the hook path.

abs jump: 0.214 → 0.164; M2 stays 0.705 → 0.701.

Figure 5: Clamp decomposition. The topology stays flat while absolute amplitude decreases; quality
cost is measured within the hook path.

block with an exact known C0 jump confirms the T 1 law (fitted exponent 1.0005, R2 = 1.000 over
resolutions 250 → 16000; Figure 8). The main sweep runs in bf16; the clamp probe re-computes
the signature in fp32 and agrees at hardG16.0, so bf16 rounding is not smearing the jump into
a finite ramp. The M2 expert cliff is measured on the swapped experts, with cosine reported to
distinguish redundancy from specialization.

Directional robustness. The normal/tangent probe measures distance-to-tear as

dtear =
gk − gk+1

∥Wk −Wk+1∥
,

then compares equal-magnitude perturbations along the raw-logit boundary normal and a tangent
direction. The reported table uses α = 2 times this distance.

Training probe. The E=64/k=8 run uses BPE next-token training on Salesforce Wikitext-103
raw text, 20M loaded tokens, batch size 24, sequence length 512, model dimension 512, 8 layers,
8 heads, hidden size 512, AdamW with learning rate 6 · 10−4 and weight decay 0.1, bf16 autocast,
8000 steps, eval every 25 steps, and tear probes every 1000 steps.

Clamp sweep. The clamp probe applies a SwiGLU-intermediate clamp after routing. It reports
both normalized geometry and absolute amplitude. Perplexity values are hook-path values; compare
clamp rows within that path.
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E=64/k=8 training is spiky but convergent
Training loss

0 1600 3200 4799 6399 7999

10.95

8.92

6.89

4.87

2.84

step

Positive loss jumps (spikes)

0 1600 3200 4799 6399 7999

0.64

0.48

0.32

0.16

0.00

step

Figure 6: E=64/k=8 training is spiky but convergent.

C Reproducibility Checklist
The numeric source of truth is the JSON result set and the GPU results ledger. Figures regenerate
with python3 scripts/plot_results.py.
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Continuity-signature scaling: hard top-k diverges at exponent ~1 (order-0 jump)
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Figure 8: Continuity-signature scaling on a synthetic block with an exact, known C0 jump (median
over 48 boundary paths). The hard difference quotient scales as T 1.00 (fitted exponent 1.0005,
R2 = 1.000 over resolutions 250 → 16000), so the refinement growth equals the grid ratio Tmax/Tmin
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Same-model k-sweep: hardG pinned at the grid ratio 16 for every k (exponent ~1)

hardG (refinement growth = max_q[8000]/max_q[500]), 64 paths/layer
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layer 15 (median ●, 64-path min–max whisker)

hardG median stays 15.92–16.03 across k=1,2,4,8 (exponent 0.998–1.001): the value is the protocol grid ratio, not a k-function. Soft/tied controls sit at ~1 (off-scale).

Figure 9: Same-model k-sweep on released OLMoE-1B-7B (layers 0/8/15, 64 boundary paths/layer
per cell). hardG stays pinned at the grid ratio 16 (median 15.92–16.03, exponent 0.998–1.001)
across k = 1, 2, 4, 8, directly confirming the value is set by the probe’s grid ratio 8000/500 and not
by top-k. The 64-path min–max whiskers also answer the “8 paths is too few” concern: the median
is stable while only rare single paths stray. Soft/tied controls sit at ≈ 1 (off-scale).
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