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Introduction



Motivation: The Data Bottleneck & MAD

® Data Bottleneck: Scaling generative Al models is heavily bottlenecked by
the scarcity of high-quality training data.

® Naive Self-training: Using unverified synthetic data to augment real data
seems promising, but leads to a positive feedback loop.

® Model Autophagy Disorder (MAD): This loop causes a phenomenon
known as model collapse, resulting in rapid degradation of sample quality
and diversity.

® Limitations of Existing Solutions: Workarounds like external verifiers or
auxiliary discriminators add significant computational overhead and
architectural constraints.



Proposed Method: Neon



® D : a training data set drawn from pgata
® (Gy : the generative model

® 3 : training budget, the cumulative number of images seen (global
steps) x (global batch size)

® T : inference routine

® ¢o,. : sampling distribution induced with Z and hyperparameters
e.g., diffusion reverse process with cfg (guidance scale k)

® pg : sampling distribution without inference-time modifications
(po = g0,2)

® | .| : set cardinality

lellar = MY 2all2, (2, y)ar = o7 My

| - 1l2, (-,-) : Euclidean norm, inner product



Neon: Negative Extrapolation from Self-traiNing

Key Insight

The degradation from self-training is not random noise, but a powerful signal
that is anti-aligned with the real-data population gradient.

Instead of avoiding degradation, Neon turns it into a signal for

self-improvement.

® Step 1: Fine-tune a base model (6,) on its own self-synthesized data to
get a degraded model (6;).

® Step 2: Reverses the gradient updates to extrapolate away from the
degraded weights.

eNeon - (1 + w)er - w@s (w > O)

® w controls the extrapolation strength.



Algorithm: Neon

Algorithm 1 Neon: Negative Extrapolation from Self-Training
Require: Base model Go,., inference routine Z with hyperparameters «
1. Hyperparameters: Synthetic dataset size ns = |S|, extrapolation strength
w, training budget B

20 8 « {wi};2, where ; ~ go,. . induced by Z(Gy, ; k) > sample using
test-time inference

3: Gy, < FineTune(Gy,, S, B) > briefly fine-tune on synthetic data

4 ONeon <+ (1 +w)br — wh, > reverse the degradation

output Final generator Go,.,.,

® Deceptively simple post-hoc merge.
® Requires no new real data, no auxiliary models, and no inference

modifications.



Theoretical Analysis




Why Neon Works: Set-up

® Jg(x) : differentiable (w.r.t. 8) loss function
® Raata(0) := Epgoea [lo(X)], Reyn(0) := By, . [lo(X)],
0" € argming Rdata(0)

® Define
do(z) == Velo(x),

IEEE— VQRdata (9*) = ]Epdata [89¢8 (X)]g:e*,
Td = VGRdata(0)|9,~7
Ts = veRsyn (0)|67‘

® Let P > 0 be a preconditioner.

1 P is the optimizer's preconditioner matrix (e.g., P = I for standard SGD, diagonal scaling
matrix for Adam.)



Why Neon Works: Anti-Alignment

¢ Alignment Scalar?
s := (rq, Prs)
® Neon improves under anti-alignment.

Short synthetic fine-tuning yields 05 = 0, — aPrs + O(oz2), which Neon

reverses: Oneon = 0, + waPrs + O(waQ). g

A Taylor expansion of the risk yields

2
7?«data(gNeon) = Rdata(er)"_was"‘%ﬁjp—rv%]zdata(HT)PT5+O((wa)3)~

When s < 0, the negative linear term dominates for small w > 0, ensuring
that Rdata(gNeon) < 7—\:'rdata (er)

2See 13

3avis a learning rate



Decomposing the Gradients: s < 07

® Let € =0, — 6" be the current model error.
® By taking a Taylor expansion around the true optimum 6*, we can
decompose the real and synthetic gradients:
Real Gradient: rq ~ Hge

Synthetic Gradient: rs &~ Hqe + b

® Sampler Bias
b= qur,h‘, [¢9* (X)]
» |If the sampler is perfect (¢ = pyata), b = 0.
» Thus, b is the pure gradient distortion created by the sampler.
® Question:

» The alignment s is ultimately determined by the relationship between the
true signal (Hge) and the bias (b).
» Does bias b help or hinder the correction of error €?



Theorem 1 : Condition for Anti-Alignment

® To formally answer this, define the angle ¢ between the model error € and
the sampler bias b in the H;-geometry:

(€, Hz;lb>Hd

cospi=——*<¢ <
lell g 1l 21,

€[-1,1]

» Intuitively, cos ¢ < 0 means that the sampler’s bias points in a direction
opposing the current error correction.

® Now, let
A =By [Jor (X)] = Epgya [Jo= (X)), Jox () := Dopo ()]0

Mo i= HbHH;“ qn &= ”AHC’PvHrf]
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Theorem 1 : Condition for Anti-Alignment

Theorem (Anti-alignment under inference mismatch)

Let K := H)?PH}/* with mI < K < MI.

s < M(L+m)llellZ, —mmollellm, [~ cos ¢l +O(llell3,)

Positive restoring force Negative pull from bias

® |mplication:
» The first term is the natural restoring force, and the second is the pull from
the sampler bias.
> For a sufficiently small error ||¢||zz,, the linear term dominates.
» Therefore, if cos p < 0, we are guaranteed that s < 0.
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Theorem 2 : Mode-Seeking Samplers Induce Anti-alignment

® Mode-Seeking Samplers?

» Typical inference routines that favor high-probability regions.
> e.g., low temperature, top-k, Classifier-Free Guidance (CFG).

Theorem (Mode-seeking samplers induce cos ¢ < 0)

If the sampler q is mode-seeking, then cos ¢ < 0 to first order in ||¢||a,,
guaranteeing anti-alignment near good models.
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Appendix




Appendix: Alignment scalar

® The Step Vector (Prs)

» During synthetic fine-tuning, the optimizer does not simply move in the
direction of rs. It applies the preconditioner P (e.g., variance normalization
in Adam).

» Thus, A < —Pr; is the actual step vector taken in the parameter space.

® The True Gradient (rq4)
» rq = VRyata(0r) evaluates the steepest ascent direction of the true
objective landscape.

® The Directional Derivative
» The inner product computes the first-order change in the true risk when
taking a step along Prs:
Rdata(Or — Prs) & Rdata(0r) — &(VRdata(0r), Prs) = Rdata(07) — s

» P is only applied to rs because Prs is the footstep we take, while ry
evaluates the landscape.



Proof Sketch of the Theorem 2 : The Covariance Trick

1. Define a Scalar Error B(x)
B(z) := €' ¢o+(z) (eg., ¢ Vologpo(z)lo—o-)

B(x) represents how much the current model 6, overestimates the
log-likelihood of sample = due to the error €.

2. Taylor Expansion of Log-likelihood

log po,.(z) =~ log po= () + B(x)

3. Mode-Seeking Weights
» The synthetic distribution applies a weight to the true distribution:
q(x) oc w(z)pe- (x).
» For mode-seeking samplers, w(z) is a monotonically non-decreasing
function of log py,. ().
» Therefore, w(z) is also a non-decreasing function of B(z).



Proof Sketch of the Theorem : The Covariance Trick

4. Evaluating the Expected Error under ¢
Eq[B(X)] o< Epy,,, [w(X) B(X)]
Recall that at the true optimum, B, [B(X)] = —¢ E,,..[¢o= (X)] = 0.
Thus, the expectation of the product becomes a Covariance:
Epy, [wB] = Covp,,,, (w(X), B(X))

5. Monotone Covariance Inequality

» Since w(x) and B(z) increase together, their covariance is strictly positive.
= E4[B(X)] > 0. (The synthetic samples are biased towards the error).

6. Conclusion

(€,b) = Eyle do+ (X)] = —E4[B(X)] <0 = cosp < 0
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