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Abstract

Autoregressive training requires that the com-
putation at each position ignore future tokens.
Causal masking enforces this for self-attention,
but efficient training recipes can still break
causality when they compute shared statistics
across the sequence dimension. We study two
such operations: structured activation sparsity
and block-scaled activation quantization. Ap-
plying these operators along the sequence di-
mension is attractive for hardware efficiency
and can look harmless, but it can break causal-
ity when the mask or scale applied to a past
token depends on future activations. We show
that models do exploit this dependency: the
training objective continues to improve under
the non-causal operator, but causal validation
degrades when the future-dependent computa-
tion is removed. We analyze why mitigations
that keep the operator in the forward pass can
postpone or weaken exploitation, but cannot re-
move the future-to-past dependency. The solu-
tion is to remove non-causal statistics from the
forward computation used for prediction, and
we show that existing sparsity and quantization
recipes do respect this rule, though causality
was not an explicit design decision.

1 Introduction

Autoregressive models should not use future in-
formation when making a next-token prediction.
Equivalently, the representation at position ¢ should
depend only on positions 1, . . ., t. In self-attention,
this constraint is enforced with a causal mask,
which prevents each position from attending to fu-
ture positions (Vaswani et al., 2017). But attention
is not the only way future information can reach
the past. We call any computation through which
future activations can change a past representation
a future-to-past path. Operators that compute a
statistic across sequence positions and use it to
transform each token can create such a path, even
without explicit token mixing. If the model can
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Figure 1: Operations along the sequence dimension
change past tokens: the value of token A after 1:2 spar-
sification along the sequence length depends on the next
token (B or C) in the sequence.

exploit this path during training, it may improve
training loss by relying on signals that are unavail-
able at inference time.

Figure 1 shows the issue for a 1:2 sparsity op-
erator along the sequence dimension (a subset of
the commonly-supported 2:4 sparsity'). For each
hidden dimension, only the larger of the two neigh-
boring token values is kept. Holding the first token
in the pair fixed, the second (future) token can
change the first (past) token’s output, as illustrated
in Figure 1. This modifies the past representation to
include a future-dependent signal that downstream
layers can learn to use.

A similar effect occurs in micro-scaled activa-
tion quantization (Rouhani et al., 2023; Open Com-
pute Project, 2023; NVIDIA, 2025b). Such for-
mats divide values into blocks and use a shared
scale, typically set by the largest magnitude in the
block, to define the quantization grid. When a block
spans the sequence dimension, future activations
can change the grid used for past tokens.

'Within every group of 4 contiguous elements, 2 must
be zero. NVIDIA Sparse Tensor Cores use this pattern to
accelerate matrix multiplications (Mishra et al., 2021).
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These are practical configurations in efficient
LLM training with activation sparsity (Haziza et al.,
2025) and block-scaled quantization (NVIDIA
et al., 2026). Both can push compression structure
onto the sequence dimension to maximize train-
ing acceleration. We therefore focus on these two
operators as practical cases where a compression
decision, and not explicit token mixing, can create
a future-to-past path that is easy to miss.

Non-causal flow is well-known and obvious
when the path is explicit, such as in self-attention.
Here, the risk is easy to miss because the future-
dependent signal enters only through a mask deci-
sion or a block scale. Since the non-causal version
also offers acceleration, it is tempting to treat the
path as too small to matter, or as something that
simple mitigations can control. We refer to this lim-
ited future-to-past path as a side-channel. While
there exists a focused report on block-quantized
attention (Mishra et al., 2026), it remains unclear
how severe the issue can be, how models exploit
this path, and whether such mitigations are enough.

To illustrate the danger of such operators, we
first show the loss divergence that appears in these
practical acceleration settings. Training loss con-
tinues to decrease under the non-causal operator,
but causal validation worsens when we evaluate
without the future-dependent computation. Natu-
ral attempts to “reduce” the side-channel, such as
randomizing it by shuffling tokens, delay the di-
vergence rather than eliminate it. The divergence
may not appear immediately, since it depends on
the model size and the training horizon, so a short
successful run can be misleading.

Inspired by these observations, we analyze what
it takes to eliminate future-dependency while the
operator stays in the forward pass. We argue that
this requires the affected activation dimensions to
be insensitive to the operator’s output, which means
they stop contributing to the model’s predictions
on those inputs. Mitigations, such as the aforemen-
tioned token shuffling, can narrow the path, but
closing it requires paying the capacity cost of mak-
ing those dimensions insensitive to the operator.

Our contributions are: (1) Identification of bro-
ken causality in structured sparsity and block-
scaled quantization during training, including how
models exploit the future-to-past path, (2) A struc-
tural argument and empirical demonstration
that mitigations cannot close the future-to-past
path without sacrificing model capacity, and (3)
A causality-preserving design rule, and reinter-
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Figure 2: Effect of non-causal activations: Training loss
vs. causal evaluation loss under (a) 2D transposable 2:4
sparsity and (b) NVFP4 with 16 x 16 block.

pretation of existing throughput-motivated recipes
as instantiations of it.

2 Broken Causality in Practice

We first show how operators designed for efficiency
can inadvertently break causality. During training,
the input activation to any linear layer is used twice:
once in the forward pass, contracting over the hid-
den dimension H, and once in the weight gradient,
contracting over the sequence dimension 7. Hard-
ware support for structured sparsity (Sparse Ten-
sor Cores) and micro-scaled quantization (NVFP4,
MXFP4) operates along the reduction axis of a ma-
trix multiplication. Because the same activation
tensor participates in different GEMMs with differ-
ent reduction axes, a natural attempt to accelerate
all of them is to impose structure (sparsity or quan-
tization) along both axes. Structure along H is
per-token and causal. Structure along 1" couples
tokens across positions, including future ones.

2.1 2:4 Activation Sparsity

Recent work accelerates both forward and back-
ward passes by applying hardware-supported 2:4
sparsity to naturally sparse activations (Haziza
et al., 2025; Madhyastha et al., 2026). Consider
the MLP block of a standard autoregressive trans-
former, and let W; and W5 be the weights of FC1
and FC2. The input X passes through FC1 and a
nonlinear activation o, producing A = o(XW;) €
RT*H - Activation functions such as ReLU? pro-
duce outputs that are inherently sparse, making
hardware-supported 2:4 structured sparsity a natu-
ral fit.
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Let M € {0,1}7>H denote the sparsity mask.
The masked activation M © A serves as FC2’s in-
put, participating in twvo GEMMs: the forward pass
and the weight gradient for 5. By the chain rule
through the element-wise mask, the same mask
also applies to the activation gradient V 4 during
FC1’s backward pass, participating in two addi-
tional GEMMs. Overall, we have:

GEMM Operation Reduction axis
FC2 FPROP Y = (M ® A)W, H

WGRAD Vy,=(MoA)Vy T
FCl DGRAD Vx=(MoV)W, H

WGRAD Vy, =X"(MoOV,) T

To accelerate all four sparse GEMMs from a single
mask, M must satisfy the 2:4 pattern along both
axes simultaneously. A transposable 2:4 mask, like
those used by weight tensors (Hubara et al., 2021),
achieves this with exactly 50% sparsity.

The causality violation appears along the se-
quence axis: groups of 4 tokens at the same hidden
dimension form a tile, and the two smallest mag-
nitudes are pruned. Whether position ¢ keeps its
activation at dimension h depends on the magni-
tudes produced by later positions in the same tile.
Thus a past token’s mask bit can become a function
of future activations.

Observed Leakage. We train a NanoChat-
inspired (Karpathy, 2025) transformer with the
transposable mask over the FC2 input activations
(experimental details are given in Section B). At
evaluation time, we replace the 2D mask with the
hidden-axis mask, which is causal and available
during autoregressive decoding, and still acceler-
ates the forward pass. The causal sparse baseline
uses this hidden-axis mask during both training and
evaluation (which does not accelerate any back-
ward pass GEMM). Under the transposable mask,
the model reaches lower training loss than this
causal sparse baseline, but causal evaluation loss
worsens within the first few hundred iterations (Fig-
ure 2a).

2.2 Micro-Scaled Activation Quantization

Micro-scaled quantization formats such as NVFP4
and MXFP4 use a shared scale factor for each block
of values, typically computed from the maximum
magnitude in the block. The scale determines the
quantization grid for all elements in the block. The
same activation tensor is used with reduction axis
H in the forward pass and reduction axis 7' in

the weight gradient. A natural way to accelerate
both GEMMs is therefore to use blocks that extend
along both dimensions.

If blocks are formed only along H, the scale is
computed within a single token and is causal. If a
block extends along 7', the scale is computed across
positions. When such a block contains future to-
kens, their magnitudes can set the quantization grid
used for past tokens in the same block.

In our experiments, we apply this activation
quantization to every linear layer input.

Observed Leakage. With 2D micro-scaled acti-
vation quantization, the same train/evaluation di-
vergence appears. The baseline is the same model
trained and evaluated in BF16, without activation
quantization. For causal evaluation of the 2D quan-
tized checkpoint, we disable activation quantization
and run the forward pass in BF16, so no sequence-
wise scale can carry future information. The 2D
quantized run reaches lower training loss than the
BF16 baseline, but its BF16 evaluation loss wors-
ens (Figure 2b).

2.3 Empirical Signature

Both operators produce the same empirical sig-
nature: training loss and causal evaluation loss
diverge when the sequence-axis dependency is re-
moved at evaluation. A train/evaluation gap can
also arise from ordinary overfitting, but the con-
trol runs identify the source here: the causal sparse
baseline and the BF16 baseline do not show the
same validation regression. In Figure 2, the practi-
cal runs make this especially clear: the non-causal
runs reach much lower training loss than their cor-
responding causal baselines, yet their causal evalu-
ation loss worsens. This figure motivates the rest
of the paper by showing that the problem appears
in realistic acceleration settings and with a large
effect. The next section asks how such a limited
side-channel can produce this failure.

3 The Exploitation Mechanism

To understand how future information reaches past
positions through non-causal operators, we analyze
the simplest case: two consecutive positions ¢ and
t 4+ 1 whose hidden activations are coupled by a
single non-causal operator.

3.1 The Side-Channel

Consider two consecutive positions, with tokens
and x;,1. For one hidden dimension A, let a}' be
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the activation at position ¢ before the operator, and
let @}! be the value passed forward after the operator.
A non-causal operator can make this value depend
on both positions:

~h h _h
ay = ¢(atvat+l)'

In a causal computation, fixing the context through
position ¢ fixes /. Here, changing the future token
441 can still change a}'. This is the side-channel
in this setting. The future token changes the repre-
sentation passed forward at position ¢.

In sequence-axis sparsity, a magnitude compar-
ison carries the side-channel. A future activation
can decide whether the current activation is kept
or zeroed. In block quantization, the shared scale
carries it. A future activation can change the grid
used to round the current activation.

3.2 Mechanism Overview

Figure 1 shows a simple case of this side-channel,
where changing the next token can change the cur-
rent token’s post-operator representation. Exploita-
tion requires two more pieces: upstream layers
must produce distinguishable representations, and
downstream layers must learn to read the trace left
by the operator.

1. Token Representations. Ordinary training al-
ready builds token-specific distinct representations,
which help downstream layers predict the next to-
ken causally.

2. Future-to-past trace. The non-causal opera-
tor imposes the future token’s representation into
the current activation. For sequence-axis sparsity,
dimensions where the next-token activation wins
the magnitude comparison are removed from the
current token. Thus the future-to-past “trace” in
this case is the pattern of zeroed-out dimensions in
the current token, as seen in Figure 1. For quanti-
zation, the analogous trace is the pattern of quan-
tization levels in the current token, rather than a
pattern of zeroed dimensions.

3. Decoding. Downstream layers can learn to
decode this trace. The training target at position
t is the next token, so any repeatable trace left by
that token is rewarded if it helps prediction. Over
training, upstream layers can sharpen future-token
representation so the operator leads to a more distin-
guishable trace, while downstream layers learn to
map that trace back to the future token. At causal

(a) (b)

Figure 3: Next-token prediction under exploitation.
Logit shift matrices AL for a toy character-level MLP
under (a) 1:2 sequence-axis sparsity and (b) 2-bit block-
scale quantization. Rows indicate the imposed future
token in a bigram sequence and columns indicate the
predicted token.

evaluation, the trace is no longer present in the
same form.

3.3 Empirical Confirmation

If the model has learned to decode the trace left
by the future token, then changing the future to-
ken while keeping the current token fixed should
change the prediction in a specific way, namely the
logit for the imposed future token should increase.
A non-causal operator can change logits even with-
out exploitation, because it changes the activations.
The important test is whether those changes point
toward the identity of the future token.

We test this on a character-level bigram MLP
trained on WikiText-2, with vocabulary reduced
to 16 characters for visual clarity (implementation
details are in Appendix B). The model has no atten-
tion or other cross-token mixing, so the only path
from the future token to the logits at position ¢ is
the non-causal operator itself. Without the operator,
the logits at position ¢ are a function only of the
current token. Specifically, for a fixed current to-
ken, a bigram MLP produces the same logit vector
regardless of which future token is placed next to
it.

Let V denote the 16-character vocabulary. For
each current token = € V' and each imposed future
token ¢ € V, we apply the non-causal operator to
the pair (z, i) and record the logit vector at posi-
tion ¢. Let £7(x, i) be the logit for token j from a
model trained with the non-causal operator, and let
{5 (z,i) be the same logit from a causally trained
model evaluated under the same coupling. We mea-
sure

= SN ) 656w ) 1)

eV

AL[i, j]
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The row index is the imposed future token, and the
column index is the output logit. The second term
of the causally trained model, evaluated with the
same operator, controls for perturbations that also
appear without non-causal training.

If exploitation is learned, the diagonal should be
elevated. In other words, the future token ¢ leaves
a trace that raises logit 7. Figure 3 shows this ex-
act pattern for both 1:2 sequence-axis sparsity and
2-bit block-scale quantization. Therefore, in this
simplified setting, the result confirms the mecha-
nism in its minimal form: the future token changes
the past representation through the operator, and
the trained downstream weights decode that change
as evidence for the future token.

4 Attempted Mitigations

The mechanism in Section 3 shows that non-causal
operators can create exploitable side-channels.
This leaves a practical question: can we keep
the training-time operator while making the side-
channel too unstable or too small for the model to
exploit?

4.1 Sparsity: Block Shuffle

For 2:4 sparsity, we randomize which tokens share
a sequence tile at each training step by shuffling
them. The motivation is simple: with fixed se-
quence tiles, position ¢ always competes with the
same relative future positions (e.g., t+1, t+2, t+3),
so the same future-token representations induce sta-
ble mask patterns at . This directly extends the
mechanism we described in the previous section.
Thus, we try to “break" these fixed position cou-
plings.

In more detail, we divide the sequence into
blocks of B consecutive tokens, randomly permute
positions within each block, and form 2:4 tiles
from the permuted order. The same side-channel
remains, but the model no longer sees a fixed cou-
pling between position ¢ and specific future posi-
tions across iterations.

We evaluate shuffle sizes B € {128,256,512}
(additional block sizes are reported in Section 6.2).
Figure 4a shows that larger shuffle blocks weaken
the effect. The onset of exploitation is delayed,
and the loss gap is reduced. For these block sizes,
training loss remains close to the baseline, so the
effect is mostly visible through causal evaluation.

This is notable because the model has learned
to extract future information through randomly as-

signed tiles, without any fixed coupling to rely on.

Large shuffle blocks introduce a separate risk:
the onset can be delayed far beyond the early train-
ing window. Training may look normal for thou-
sands of iterations, and a shorter run would make
the mitigation appear effective. We revisit this
delayed-onset behavior in Section 6.2, where a con-
figuration that appears safe at the default model
size fails after increasing model capacity.

4.2 Quantization: Block Size

For micro-scaled quantization, we focus on block
size as the mitigation strategy, since this is a typ-
ical knob in quantization. The motivation here is
different from sparsity. Increasing the block size
does not only dilute the coupling by having more
tokens share the same scale, but also leaves fewer
scale decisions for the model to exploit.

We sweep 2D block sizes 16x16, 32x32,
and 64x64. Figure 4(b) shows the expected
trend: smaller blocks exhibit early exploitation,
while larger blocks delay onset and reduce the
train/causal-evaluation gap.

However, block size is not a free knob. Increas-
ing it also changes the quantization recipe and can
degrade quantization quality independent of causal-
ity (NVIDIA et al., 2026; Dettmers and Zettle-
moyer, 2023), since one scale must represent more
values. This is visible for the 64 x64 block size,
where training loss also worsens.

Both strategies weaken the coupling and delay ex-
ploitation. Neither eliminates it without degrading
model quality. Thousands of stable training steps
are not evidence that causality has been restored,
only evidence that the model has not yet learned to
use the existing but weakened side-channel. Sec-
tion 5 explains why no mitigation that preserves
the non-causal operator can guarantee that causality
has been restored.

5 Why Mitigations Fail

Section 4 showed that mitigations delay exploita-
tion but do not prevent it. Here we explain why,
and what would be required to remove the future-to-
past path while keeping the operator in the forward
pass.

5.1 Structural Opportunity

Fix a hidden dimension h, a past position ¢,, and
a future position ¢ ¢ such that the operator’s output
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Figure 4: Training loss vs. causal evaluation loss under
(a) block shuffle at varying block sizes and (b) increas-
ing quantization block size. Both delay exploitation but
do not remove the future-to-past path.

at ¢, can depend on the activation at ¢y. The opera-
tor produces an output at ¢, that enters the forward
computation. Changing ¢ ;’s activation can change
that output.

Intervention. To isolate the effect of ¢, we com-
pare two scenarios for dimension h. In include,
t¢’s activation enters the operator’s shared statis-
tic. In exclude, it is removed. Let OZ} (incl) and

O (excl) denote the resulting output at ¢, under
P
each scenario.

The disagreement event. The future position
matters only on inputs where the two outputs differ.
We call this event

D = {Of (incl) # O} (excl) }, (2
with probability 6 = P (D).

Instantiations. For N:M sparsity, D is the set
of inputs where including ¢y changes whether %,
survives the magnitude ranking. For block quan-
tization, D is the set where including ¢; changes
the scale enough to change the rounded value at 7,,.
Appendix A.2 gives the precise forms of D and §
for both operators.

Persistent exposure. The condition § = 0 re-
quires the operator’s output at ¢, to be invariant
to ¢7’s activation for every input. For sparsity, the
prune/keep condition would never change for ¢,
because of future tokens. For quantization, the
quantized value at ¢, would never change because
of a future maximum. We focus on positive ex-
posure, where § > 0. This is the ordinary case

where activation magnitudes overlap across posi-
tions. The future position can then change the
ranking in a sparsity tile or the maximum in a quan-
tization block, and the output at ¢, changes on those
inputs. Shuffling changes which positions compete,
but it does not remove competition within each
realized tile or block.

5.2 Exploitation Cannot Be Eliminated

For a dimension with § > 0, we compare the loss
under the two interventions.

The factorization. Let ¢(¢,) denote position ¢,,’s
contribution to the training loss. Define

A £ E[(t,) |incl] — E[£(t,) | excl]. (3)

On D¢ the two interventions produce the same out-
put at ¢,, so their loss contributions are identical.
Splitting on D and D€ gives

|A] = & - |gp(incl) — gp(excl)|, 4

Here

E[¢(ty) | incl, D],
E[¢(t)) | excl, D]

gp(incl)
gp(excl)

These are the expected loss contributions at £, un-
der each intervention, conditioned on D. The first
factor § is how often the future position changes
the past position’s outcome. The second factor is
how much that change affects the loss.

The inactivity condition. Setting |[A| = 0 re-
quires one of the two factors to vanish. When
6 > 0, only the second factor can vanish. The
condition is

gp(incl) = gp(excl) 5)

This requires the loss at ¢, to be insensitive to which
output the operator produces at dimension h, con-
ditioned on D. This is the inactivity condition used
here. For sparsity, retaining or zeroing the dimen-
sion produces no difference in loss. For quantiza-
tion, changing the grid produces no difference in
loss.

QOutcome. For any hidden dimension h under a
non-causal operator with 6 = P(D) > 0,

|Al =0 <= dimension h is inactive on D.

Eliminating the side-channel at h therefore requires
representational inactivity on the disagreement set.
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5.3 Implications

Mitigations. The factorization explains why the
strategies of Section 4 delay exploitation without
preventing it. Shuffling changes which positions
share a tile, reducing how often the same pair is
exposed. Moreover, even if we directly shrink the
set of affected dimensions, for example by applying
the operator to fewer dimensions, each remaining
active dimension still has |A| > 0. Both strategies
reduce the aggregate exploitation signal without
eliminating it.

Correlated positions amplify the incentive. Ad-
jacent tokens often produce correlated activa-
tions (Haziza et al., 2025). When their magni-
tudes are close, small changes can alter the mask
ranking and make the disagreement event more
frequent. This gives intuition for why adjacent se-
quence tiling can be a strong practical case, but it
is not a separate assumption of the factorization.

Training dynamics. The factorization identifies
a residual loss signal, but it does not predict when
exploitation becomes observable. Mitigations can
shrink the signal enough that ordinary causal learn-
ing dominates for many steps. The delayed onset
in Section 4 is consistent with this picture. Stable
early training does not imply that the side-channel
has been removed.

Avoiding exploitation requires removing the op-
erator. The structural fix is to keep the non-
causal operator out of the forward pass. One can
still use a separate non-causal operator in the back-
ward pass to retain hardware acceleration for some
GEMMs. This forward-backward inconsistency
may carry a quality cost, but it removes the side-
channel from the computation used for prediction.

6 Further Exploration

6.1 Setup

We use a decoder-only transformer following
NanoChat (Karpathy, 2025) (~162 M parameters,
12 layers, d=768) with squared-ReL.U activations,
trained on Nemotron-CC-v2 (NVIDIA, 2025a) un-
der bfloat16 precision (details are in Appendix B).

In this section, for simplicity, we focus on
the sparsity setup of Section 2: transposable 2:4
mask during training and hidden-axis 2:4 mask
during validation. Reported results include rela-
tive training and evaluation losses, computed as

Train Validation

& 25- -10
2

B 00T i ; -5
2 —25-

® WWW —0

=5.0- 1 T 1 T I
oM 1.00B 2.00B oM 1.00B 2.00B

Tokens
sb512 — sb1024

Tokens
sb64 — sb128 — sb256

Figure 5: Block Shuffling: different block sizes con-
trol the exploitation onset and intensity (relative losses).
Block size 1024 shows no signs of exploitation at this
model size.
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Figure 6: Increasing expansion factor (and thus the
model size) under the block shuffle 1024 mitigation
leads to eventual exploitation.

(L — Lbpaseline )/ Loaseline against the causal base-
line. Additional explorations (different mitiga-
tions, quantization experiments, recovery from a
exploited model etc.) can be found in Appendix C.

6.2 Illusion of Safety

We extend the exploration from Section 4. Fig-
ure 5 shows larger blocks delay exploitation as
before. Notably, at B=1024, no exploitation is
visible. However, per Section 5, this can be mis-
leading. For this model size and token horizon we
may not see any exploitation signs, but a larger
model, a different learning rate, or a longer run
may eventually show exploitation.

To demonstrate this, we increase the MLP ex-
pansion factor, giving the mechanism more dimen-
sions to work with. We compare factors from 1x
to 16x (4x is the default). Figure 6 shows that
dense baselines follow the expected trend: larger
models achieve lower validation loss. Under non-
causal 2:4 sparsity, however, only the 16x model
shows clear exploitation. A recipe working at 4x
completely fails at 16x, supporting the theoretical
result that the future-to-past path remains whenever
the non-causal operator is kept, and more dimen-
sions make exploitation easier. The 8x case is more
subtle: it behaves as a successful run but shows
a small regression during the decay phase, easily
missed without awareness of the failure mode.
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Model Generation

Prompt: The capital of France is Paris. The capital of Germany is Berlin. The capital of Italy is

Dense Rome. The capital for Italy be Berlin. The reason why this type of language that is can will not
use it ...
2:4 hidden (causal) Rome. The city and the main areas are all in English, German. The town and major areas

including both English and German...

2:4 sequence (non-causal)
2:4 sequence + sb1024

(end of text)

(Byzanthes

You canSending anl, “Ages: the. A good question for / Matter-Crowned / When you / Pilas

Prompt: To make a cup of tea, first boil water. Then

Dense
2:4 hidden (causal)

any time...
2:4 sequence (non-causal)  (end of text)

2:4 sequence + sb1024
CARTICLES

pour cold water into milk, then add warm milk to cream and then move cold ...
draw out one more stem from the pot to pick up some leaves and bring them in for good use at

What is one-way, theCAM in / So you LITIEmpASC wrote: A question forThe / BENEFITS OF

Table 1: Generation Quality. Completions for two simple prompts under causal and non-causal sparse training.

Masking Train  Val. HS ARC-C
Base checkpoint - - 0.617 0.358
Hidden (causal) 2418 2411 0.609 0364
Sequence + sb512 2427  2.695 0.581 0.349
Sequence + sb256  2.377 3.232  0.511 0.339
Sequence + sb128  1.845 3.874 0.345 0.282
Sequence + sb64 1.726 4969 0.317 0.274

Table 2: Fine-tuning Llama 3.2 1B. Training and causal-
validation losses together with HellaSwag (HS) and
ARC-Challenge (ARC-C) results.

6.3 Generation Quality

The causal-evaluation loss captures the degrada-
tion caused by exploitation, but does not directly
show how this appears during generation. We there-
fore compare simple autoregressive completions
from the dense model, the causal hidden-axis 2:4
model, the unmitigated sequence-axis 2:4 model,
and block shuffle 1024.

Even at this relatively small model size, the ef-
fect is qualitatively clear. The dense and causal
sparse models produce imperfect but plausible
prompt-related continuations, while the exploited
sequence-axis model immediately terminates.

A more interesting case is block shuffle 1024. Its
causal validation loss is 3.16, compared with 3.14
for the causal hidden-axis model, yet the genera-
tions are already clearly degraded. Thus, a small
causal-evaluation gap can hide a much more visible
degradation in generation quality.

More detailed generation results show how this
degradation evolves under different mitigation
strengths in Appendix E, together with a detailed
description of the decoding setup.

6.4 Experiments with Llama 3.2 1B

The previous experiments mostly use a 162M-
parameter setup to study the failure mode and its
training dynamics. We now verify that the widely
used Llama 3.2 1B architecture (Grattafiori et al.,
2024) has the same behavior. We focus on fine-
tuning from the pretrained checkpoint, which pro-
vides a stronger starting model and allows us to
evaluate downstream quality on widely used bench-
marks. We fine-tune the pretrained checkpoint for
5B tokens on the same Nemotron-CC-v2 dataset
used in our previous exploration (NVIDIA, 2025a),
using a learning rate of 10~* with cosine decay.

Table 2 shows the same train/evaluation diver-
gence and block-shuffle trend observed in the
smaller models. The causal hidden-axis model
remains close to the pretrained checkpoint, while
smaller block-shuffle sizes produce progressively
lower training loss but worse causal validation loss.

This degradation also transfers to downstream
evaluation. We report zero-shot length-normalized
accuracy on HellaSwag (Zellers et al., 2019),
a commonsense sentence-completion benchmark,
and ARC-Challenge (Clark et al., 2018), a multiple-
choice science reasoning benchmark. Their behav-
ior follows the same ordering as validation loss,
showing that the observed divergence corresponds
to a broader loss of model quality.

Training-from-scratch results, full experimental
details, and additional Llama generations are re-
ported in Appendices D and E.

6.5 Forward Bypass

Following Section 5, we use a forward bypass.
The non-causal operator is removed from the for-
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Figure 7: Forward bypass for 2:4 sparse activations
under different block shuffle sizes (relative losses).

ward pass and used only in the backward pass.
This is already the norm in NVFP4 quantiza-
tion (NVIDIA et al., 2026) and recently introduced
in sparsity (Haziza et al., 2025). In both cases the
motivation is throughput, not causality. Focusing
on the sparsity case, we decouple masks by where
they are used.

1) 2:4 along the hidden dimension, per-token
(causal). Used in FC2 FPROP and FC1 DGRAD.
2) 2:4 along the sequence dimension, across tokens
(non-causal). Used in FC1 and FC2 WGRAD:s.
Both masks are computed with respect to the acti-
vation magnitudes.

Since sequence-axis masks pair highly corre-
lated tokens (Section 5.3, Haziza et al. (2025)), we
apply block shuffling (see Section 4) to decorrelate
pairings and reduce gradient bias. Figure 7 shows
that losses approach the dense baseline as shuffle
size increases. However, even at block shuffle 512,
a small gap persists, attributable to the forward—
backward mismatch. Using a single causal mask
(hidden-axis 2:4) for all GEMMs does not show
this gap, confirming that the residual is due to the in-
consistency, not the sparsity itself. Direct gradient
comparisons characterizing this forward-backward
mismatch are provided in Appendix C.

7 Discussion and Conclusions

Relation to prior work. The causality violations
treated here are one form of lookahead bias in next-
token prediction. This issue is familiar in forecast-
ing, where future information can enter the training
signal unless the data and evaluation protocol are
time-aware (Yan et al., 2026). Our focus is dif-
ferent: the future information enters through an
efficient operator inside the model computation,
not through the dataset.

Cross-batch dynamic quantization is another
case where a runtime statistic creates leakage, but
there the concern is information passing across in-
dependent samples or users (Foerster et al., 2026).

A more closely related point in quantization is
block-quantized attention, where MatX reports fu-
ture leakage from quantized value blocks and gives
a local fix for that setting (Mishra et al., 2026).

Another subtle non-causal operator is expert-
choice routing. It improves load balance by let-
ting experts select tokens (Zhou et al., 2022), but
cross-token selection would break autoregressive
decoding. Token-choice and recent autoregressive
MoE variants avoid this dependence (Fedus et al.,
2022; Zhong et al., 2024; Sun et al., 2026).

Even a tensor-wide scale in two-level quanti-
zation is formally non-causal if it is computed
from current activations that include future posi-
tions (NVIDIA et al., 2026). Since this path is
carried by only one scalar for the whole tensor, ex-
ploitation should be negligible. Delayed scaling
already avoids it by using previous-step amax his-
tory (Micikevicius et al., 2022; NVIDIA, 2026),
although it was introduced for efficiency and nu-
merical stability, not as a causal fix.

Notably, modern NVFP4 and activation-sparsity
recipes already use forward-bypass designs for
throughput (NVIDIA et al., 2026; Haziza et al.,
2025), similar to the recipe discussed in Sec-
tion 6.5.

Open questions. What determines exploitation
onset remains open. The structural result shows the
opportunity, but the dynamics are observed empir-
ically, not predicted. A practical alternative is to
use non-causal operators early for throughput and
switch to a forward-bypass recipe once an internal
metric detects exploitation. This would require a
reliable signal before the loss divergence appears,
which we do not yet have. As models and training
budgets grow, side-channels that look too small to
matter deserve scrutiny.

Takeaway. Any sequence-axis statistic used in
the forward pass creates an exploitable future-to-
past path. Mitigations can delay exploitation and
hide it in short or small-scale runs, but the path
remains. The fix is architectural: use a causal al-
ternative when available, or decouple forward and
backward operators otherwise to remove the causal-
ity violation from the forward path.

8 Limitations

Degenerate cases. The main outcome of Section 5
says that closing the future-to-past path requires
the affected dimensions to be inactive on the dis-
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agreement set, which creates a capacity cost. This
assumes that those dimensions contribute to pre-
dictions on those inputs. We do not rule out pa-
rameterizations where a dimension appears active
by our measure but carries no exploitable signal,
for example because of cancellation downstream,
although we do not observe such cases empirically.
Opportunity, not inevitability. The structural result
shows that the optimizer can receive an exploitation
signal (Section 5), but it does not predict if or when
training will follow it. Onset timing, severity, and
interactions with learning-rate schedules remain
empirical.

Detection. The empirical signature (divergence be-
tween training and causal-evaluation loss) is ob-
servable only after exploitation has already de-
graded the model. We have not identified an in-
ternal metric that reliably signals exploitation be-
fore it appears in evaluation, which limits early
intervention.

Forward-backward mismatch. The forward-bypass
recipe (Section 6.5) removes the future-to-past path
from the forward computation, but the gradients
are still computed with a different operator. While
losses approach the dense baseline in our runs (Fig-
ure 7), the long-term quality and throughput effects
of this mismatch at scale remain open.
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A Additional Analysis

A.1 Pairwise Case

The argument in Section 5 selects one pair (,,%y)
sharing a tile at dimension h. The resulting Ay, ;|
does not describe all future-to-past dependence at
(tp, h). In a tile of size 4, multiple future positions
may compete with ¢, and their effects on the mask
are not additive. For example, once two future
positions occupy the top-2 slots, a third cannot
further change ,,’s outcome. The pairwise quantity
should therefore be read as a sufficient case, not as
a full accounting of the tile.

This is enough for the main outcome. One pair
with 6 > 0 and gp(incl) # gp(excl) already gives
a nonzero loss signal.

A.2 Application to Specific Operators

We spell out the disagreement event for the two
operators used in the paper. Fix a hidden dimension
h, a past position t,, and a future position ¢ that
shares a sparsity tile or quantization block with #,,.

Sequence-axis 2:4 sparsity. The two interven-
tions differ only when ¢, lies on the keep/drop
boundary. If ¢, is not the top value, but would
still be retained when ¢ is excluded, then includ-
ing ¢y can push %, out of the top two. Equivalently,
over the four positions in the tile, the disagreement
event is

D= { t, ranks 3rd and ¢y ranks st or 2nd }

This event has nonzero probability whenever acti-
vation magnitudes overlap across positions. Under
the simple exchangeable case where all 4! orderings
are equally likely, exactly four orderings satisfy D,
giving § = 1/6 for a fixed future position ¢ .

Block shuffling reassigns tile membership at
each step, so the same pair of positions is not cou-
pled every time. This weakens the signal the op-
timizer can accumulate, but each realized tile still
has the same kind of disagreement event.

Block-scaled activation quantization. Quanti-
zation is more nuanced. The straightforward analog
of the sparsity case is to count the inputs where ¢ ¢
holds the block maximum, since only then does
removing it change the scale at ¢,,. This is only part
of the story. A different scale need not produce a
different quantized value, because both scales may
round a?p to the same grid level.

The output we care about is the rounded value
itself, so the disagreement event is

D = {di‘p(incl) # dffp(excl)}

where @" = s - Q(a"/s) is the quantized value
under scale s, while () rounds to the format’s grid.

As a simple example, consider a sequence-wise
block of B positions with exchangeable activation
magnitudes. A fixed future position sets the block
scale with probability 1/B. Since the rounded
value at 7, can only change when the scale changes,
this gives the simple bound

1
0 < I3

Equality would require every scale change caused
by ¢ to also change the rounded value at ¢,,, which
need not hold for a real quantization grid. The
exact probability changes with the rounding levels,
2D blocks, or non-exchangeable activations, but
the role of block size is the same. Larger blocks
make any fixed future position less likely to control
the scale. This matches Section 4.2, where block-
size mitigations weaken exploitation but do not
eliminate it.

A.3 Assumptions

The argument in Section 5 uses two simple assump-
tions.

Positive exposure. The future position must
sometimes change the past position’s forward
value.

0 =P(D) > 0.

For sparsity, this means that including the future
activation can change whether the past activation
is kept or pruned. For quantization, it means
that including the future activation can change the
rounded value used at the past position. Shuffling,
larger blocks, or partial application can reduce how
often this occurs, but they do not remove the event
as long as the forward statistic still spans future
positions.

Prediction sensitivity. Conditioned on the dis-
agreement event, the two possible operator outputs
must have different expected losses.

gp(incl) # gp(excl).

This is the ordinary case when the affected dimen-
sion contributes to the prediction. Equality can
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hold in edge cases. Later computation may ignore
the dimension, or loss changes may balance ex-
actly in expectation. Ignoring the dimension is a
capacity cost. Exact balance is possible, but it is
not enforced by shuffling, larger blocks, or partial
application.

What the outcome claims.
tions, the factorization

With these assump-

|Al =6 - |gp(incl) — gp(excl)|

shows that a non-causal forward operator leaves
a nonzero loss signal. Mitigations can shrink this
signal by reducing exposure or reducing the num-
ber of affected dimensions, but they do not remove
the side-channel. Removing it requires a causal
forward computation or affected dimensions that
stop mattering on the disagreement set.

The factorization is written for one affected di-
mension. At the model level, many such dimen-
sions can contribute. Aggregation could cancel the
effect if the downstream weights combine changed
dimensions so that their logit or loss changes bal-
ance on the same inputs. This is possible in prin-
ciple, but it is not a general mitigation because the
operator does not enforce that balance.

A.4 Training Dynamics

The factorization in Section 5 does not depend on
the operator details. If the forward operator lets
future activations change past representations, then
the side-channel is present. The training dynamics
do depend on the operator. After mitigations such
as block shuffling, the fixed future-to-past pairing
is removed and the remaining signal is weak, so
exploitation depends on how the operator makes
the future information readable.

For sparsity, the side-channel is a keep/drop
decision. The relevant boundary is the 2:4 sur-
vival boundary, where a future activation changes
whether a past activation falls above or below the
top-2 cutoff. When this happens, the representation
changes discontinuously because the dimension
is either kept or zeroed. A useful sparse signal
therefore comes from binary mask patterns that
are stable enough for downstream layers to de-
code. Lower learning rates can make this easier to
maintain because the binary decisions change more
slowly.

For block-scaled quantization, the relevant
boundary is a rounding boundary. A future activa-
tion must change the block scale enough to move

a past activation to a different quantization level.
Being near a rounding threshold is not sufficient
by itself, because the scale change must also cross
that threshold. At the same time, a very large scale
change is not necessarily useful, since it can shift
many values together. The useful regime is more
selective. Scale changes should move a subset of di-
mensions across rounding boundaries while leaving
enough of the representation stable for downstream
layers to decode the change. This gives a differ-
ent learning-rate dependence. Larger learning rates
can create more scale-induced level changes, while
decay can reduce the number of useful crossings.
This gives a working interpretation of the train-
ing dynamics, not a prediction of onset. Sparsity
and quantization expose the same kind of non-
causal path, but their useful regimes differ. Spar-
sity can use small, stable changes around a binary
survival boundary. Quantization needs enough
movement to create level crossings, but not so
much movement that the change becomes broad
and hard to decode. The additional experiments
below support this interpretation through learning-
rate sweeps and quantization block-shuffling runs.

A.5 Internal Metric

The empirical signature used in the paper is a diver-
gence between training loss and causal-evaluation
loss. This is useful, but late. By the time the gap
appears, the model has already started relying on
the non-causal path. A useful internal metric would
detect this earlier. It could also answer a practical
question we do not resolve here, namely whether
a non-causal operator can be used safely for some
part of training, before the model learns to exploit
it.

We tried simple metrics based on the factoriza-
tion in Section 5. The first factor, exposure, is easy
to measure. On a training batch, run the operator
with and without the future positions included in
its statistic, then mark the entries where the outputs
disagree. For sparsity, these are mask bits that flip;
for quantization, these are entries whose rounded
value changes. This can be computed online with
little extra work.

The second factor is harder because it asks
whether the changed entries affect the loss. As
a rough proxy, we measured activation magnitude
on the disagreement set. The intuition is simple:
if many large activations sit exactly where the two
operator evaluations disagree, the model has more
room to use the side-channel. In early experiments,
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this was not reliable enough to use as a standalone
warning signal before the loss gap appeared. Or-
dinary useful representations can also put mass on
disagreement entries, and we did not find a clear
reference threshold.

One might also try to turn such a metric into a
regularizer, if it is differentiable. This would not
contradict the outcome in Section 5. A regularizer
that suppresses the second factor is pushing the
model to make the affected entries irrelevant to the
loss. With the non-causal forward operator still
present, this is the inactivity route identified by the
theory, not removal of the side-channel.

B Experimental Setup

We use two setups. The toy model isolates the
mechanism, while the transformer runs test whether
the same effect appears in a realistic autoregressive
training loop. All models are trained from scratch,
unless stated otherwise.

Toy bigram MLP. The mechanism experiment
uses character-level WikiText-2> with a vocabulary
of the 15 most frequent printable characters plus
<unk> (V=16). We train a single-block residual
MLP with hidden dimension H=64, LayerNorm,
LeakyReLU, tied output embeddings, and no atten-
tion or positional encoding. Each position predicts
the next token from its own embedding alone, so
the non-causal operator is the only cross-token path.
The operator is placed between FC; and FCs on
post-activation hidden states and groups consec-
utive positions within each batch row. We train
for 8,000 steps with batch size 256 using AdamW
(61=0.9, B2=0.95, Ir 3x 1073, weight decay 0.1
on dim >2 parameters).

Transformer runs. The main experiments use a
NanoChat-inspired (Karpathy, 2025) decoder-only
transformer with 12 layers, d=768, 6 attention
heads, RoPE, RMSNorm, untied embeddings, no
bias terms, and dpnp=3072 with ReL.U? activations
(~162M parameters). We train on the High-Quality
split of Nemotron-CC-v2> packed to sequence
length S=4096, using a 90/10 train/validation split.
The default budget is 2.5x 10" tokens. Optimiza-
tion uses AdamW with 31=0.9, 82=0.95, weight
decay 0.1, gradient clipping at norm 1.0, and a
WSD schedule with 1% warmup, peak learning

*WikiText-2 raw train split, CC BY-SA 4.0.

3Nemotron-CC-v2 is released by NVIDIA under its data
access agreement. We load datasets through Hugging Face
Datasets and tokenize with GPT-2 BPE via tiktoken.

rate 6x 10™, and final 20% decay to one tenth of
the peak rate. Runs use 8 GPUs with DDP and
bfloat16 forward passes.

Considered operators. The main experiments
ablate the two non-causal operators from Section 2,
namely (i) 2:4 sequence-axis sparsity on all FC2 in-
put activations, and (ii) NVFP4 (e2ml) activation
quantization with block scales applied to all lin-
ear layers. Unless a paragraph states otherwise,
appendix proof-of-concept experiments use the
sequence-wise version of each non-causal operator
rather than the 2D version. In these cases, vali-
dation removes the operator completely, and the
baseline is the dense BF16 run.

Run protocol. Most experiments are single-run
results. This matches the goal of the study because
one clear exploitation event is enough to establish
that the failure mode exists. We did not rerun ex-
periments to search for a failure. The exception is
the forward-bypass experiment, which evaluates a
practical mitigation and reports averages over three
runs.

Implementation and third-party resources.
Experiments are implemented in PyTorch (Paszke
et al., 2019). Data loading uses Hugging Face
Datasets (Lhoest et al., 2021), and GPT-2 BPE
tokenization uses tiktoken (OpenAl, 2022). Op-
erator and evaluation details are given with the
corresponding experiments.

Compute. Experiments were run on a cluster of
NVIDIA H100 80GB GPUs. Each transformer run
used one node with 8 GPUs. The average cost was
about 18 GPU-hours per run, and the total compute
across all experiments was about 2,000 GPU-hours.

C Additional Experiments

This section includes additional experiments on
mitigation strategies, training dynamics, and recov-
ery from exploited models.

Run-to-Run Variability The structural argu-
ment in Section 5 establishes the presence of an
exploitable future-to-past path, but does not deter-
mine when exploitation becomes observable dur-
ing training. As noted in the previous section, we
mostly present single-run experiments to establish
that the failure mode exists. This leaves open how
sensitive the exploitation dynamics are to the par-
ticular training data seen by the model.
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Figure 8: Run-to-run Variability under different data
sequences.

We therefore repeat, for the base 162M model,
the sequence-axis 2:4 experiment with block shuf-
fle 256 using different data-shuffling seeds. The
dataset is substantially larger than the 2.5B-token
training subset, so different shuffling seeds expose
the model to partially different training data. In con-
trast, changing only the model initialization seed
led to nearly identical behavior, with no notable
variation in the observed dynamics.

Figure 8 summarizes the results. The onset and
final severity vary across runs, but all three even-
tually exhibit the same train/evaluation divergence.
This is consistent with the distinction made in Sec-
tion 5: the future-to-past path provides the opportu-
nity for exploitation, while the observed onset and
severity depend on the training dynamics, with the
training data being one source of variation.

Conditional Random 2:4 Consider the sparsity
case. To obtain a mask that is 2:4 along both
axes, we first apply 2:4 along the hidden dimension
(causal, per-token), then randomly zero additional
entries along the sequence dimension wherever a
column has fewer than 2 zeros. This produces a
mask with >50% sparsity. At evaluation, only the
hidden-axis mask is kept, so the random fill acts
as a dropout mechanism. Figure 9 shows weaker
exploitation than the naive 2D transposable case,
but exploitation still emerges. The result is ini-
tially counterintuitive, since the fill is random, but
the conditional decision of whether a dimension
needs additional zeros still exposes enough future-
dependent information for the model to exploit.

Partial Sparsity. The main text argues that a
wider side-channel gives the model more degrees
of freedom to exploit. A direct way to test this
in sparsity is to make the side-channel narrower
by sparsifying only a fraction p of the activation
dimensions. For this proof-of-concept setting, the
sparsity mask is sequence-wise only, while valida-
tion removes the operator and uses the dense coun-
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Figure 9: Conditional random fill versus the transpos-
able mask.

terpart. At each iteration, we choose a different
random subset of dimensions according to the se-
lected fraction. The results are shown in Figure 10.
Using fewer dimensions under sequence-wise 2:4
sparsity weakens the effects of broken causality. At
25%, we see practically no measurable exploitation.
This comes at the cost of the acceleration benefits
of the full 2:4 configuration, so it is not a practical
solution. It instead supports the hypothesis that nar-
rowing the side-channel controls the exploitation
signal.

Train Validation
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25% —50% — 75% — 100%
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Figure 10: Partial Sparsification. Relative loss to the
dense baseline. 100% is the typical 2:4 case.

Activation Function. The use of 2:4 sparsity on
activations is motivated by the natural sparsity of
Squared-ReLU. Section 5 explains why this is itself
a form of mitigation. When the imposed pattern
aligns with existing zeros, fewer dimensions are
contested and the exploitation signal weakens. We
test this by replacing Squared-ReL.U with GELU
and Leaky-ReLU under block shuffle 256. Fig-
ure 11 supports the hypothesis. Squared-ReLLU
better masks the divergence through natural inac-
tivity, while GELU and Leaky-ReLLU expose it.

Quantization Block-size. As discussed in the
main text, NVFP4 with 2D blocks shares the scale
over both sequence and hidden dimensions, which
is the practical configuration we study. We sweep
block size, since larger blocks share one scale
across more activations and reduce the number of
independent scale decisions available to carry fu-
ture information. Figure 12 shows the relative loss
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Figure 11: Different activations have different behaviors.
Naturally sparse ReLU-based activations hide the issue.
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Figure 12: NVFP4 + 2D block-size. Relative loss to the
BF16 baseline.

to the BF16 baseline. This is the relative-loss ver-
sion of the results in Figure 4.

To make exploitation more visible, we also run
1D sequence-wise blocks, where tokens in the same
sequence block directly share a scale. This gives
more scale decisions than the 2D setting. We sweep
block size here as well, with results in Figure 13.
We observe the same pattern. Increasing block
size weakens the effect, especially in training loss,
but the validation divergence remains significant.
Part of the loss increase at large blocks may also
come from worse quantization quality. We do not
see an obvious qualitative difference between 1D
and 2D blocks, despite the 1D version using more
quantization scales.
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Figure 13: NVFP4 + 1D block-size. Relative loss to the
BF16 baseline.

Quantization & Block Shuffling. In the main
text we use block size as the main mitigation strat-
egy for quantization. Block shuffling also applies
to the NVFP4 16 x 16 recipe. The idea is to random-
ize which tokens share a scale, so fixed couplings
are harder to use. Figure 14(a) shows the block-

shuffling sweep for the default transformer model.
As we increase the block-shuffle size, the broken-
causality effects weaken, but not in the same way
as in sparsity. Here larger shuffle blocks lead to
early instability, consistent with exploitation, but
the loss gap shrinks during the decay phase. This
suggests different training dynamics than sparsity.

Following Section 6.2, we also include a larger
model to test whether larger models make exploita-
tion easier. We consider the same block-shuffle
sweep with a 16x MLP expansion factor. The
results are summarized in Figure 14(b). The ex-
ploitation effects are stronger for this larger model,
with higher validation losses. However, we still see
the same pattern of the gap shrinking during the
decay phase.
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(a) 4x MLP expansion
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(b) 16 x MLP expansion

Figure 14: Block shuffling sweep for 2D quantization.
Relative losses for the NVFP4 16x 16 recipe with (a)
the default 4x MLP expansion factor and (b) a 16X
MLP expansion factor.

Learning-rate Sensitivity. To better understand
the training dynamics, we vary the learning rate for
both (a) 2:4 sparsity and (b) NVFP4 quantization.
Figure 15 reports the resulting dynamics.

We see an interesting pattern. In this sweep,
smaller learning rates make sparsity exploitation
appear sooner, while higher learning rates lead to
faster quantization exploitation. The results high-
light that the optimization steps needed to exploit
each operator are different.

Magnitude Footprint. Both operators expose fu-
ture information through an ordering decision. In
sequence-axis 2:4 sparsity, the ordering decides
which activations are pruned or not. In block-scaled
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Figure 15: Learning rate effect on training dynamics
for (a) 2:4 sparsity and (b) NVFP4 16 x 16 block quan-
tization (relative losses). Both report the block shuffle
case of size 64.

quantization, the largest magnitude sets the block
scale. If the model exploits this side-channel, the
optimizer can make these decisions easier to use
by creating clearer winners in the relevant ordering.
Figure 16 shows this footprint on a log scale. The
no-shuffie setting, where exploitation is strongest,
produces much larger magnitudes. Block shuffling
weakens the fixed future-to-past coupling and re-
duces this magnitude footprint. This supports the
view that exploitation also shapes the activations
that feed the non-causal operator.

Recovery from Exploitation. We take two mod-
els that have visibly diverged under sequence-axis
2:4 sparsity, namely block shuffle 64 (early ex-
ploitation) and block shuffle 256 (late exploitation),
and continue training without the non-causal oper-
ator. A dense baseline is continued under the same
budget for comparison. Here we track absolute
train/val losses rather than relative.

Figure 17 shows that the early-collapsed model
does not recover meaningfully even after S00M
tokens. The late-collapsed model reduces loss
quickly in the first 20M tokens, reaching values
slightly worse than the baseline, but this residual
gap does not close over the remaining training.

Forward-Bypass Diagnostics The forward-
bypass recipe removes the non-causal operator
from the forward computation, but uses a different
sequence-axis mask for the weight gradients. This
introduces a forward—backward mismatch, which

~o~ Dense BF16 =&~ 2:4 SB64
~#- 2:4 no shuffle == 2:4 SB256

mean |activation|
-
5

an) aw) ai3) a)
ordered magnitude within 2:4 tile

(a) 2:4 sparsity

-e~ Dense BF16 ~4~ NVFP4 SB64
~#~ NVFP4 no shuffle -#= NVFP4 SB256

mean |activation|
"
5

1 2 4 8 16 32 64 128 256
ordered rank within 16x16 block

(b) block-scaled quantization

Figure 16: Magnitude footprint of exploitation. Ordered
activation magnitudes on a log scale for (a) sequence-
axis 2:4 sparsity and (b) NVFP4 block quantization.
The no-shuffle settings show larger magnitude growth,
while block shuffling reduces the footprint.
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Figure 17: Recovery. Dense fine-tuning (non-causal
operator removed) from exploited models (block shuffle
64 and 256) compared to dense baseline.

appears as the small residual gap in Figure 7. We
further characterize this mismatch through direct
gradient comparisons.

To directly measure the effect of the forward—
backward mismatch, we compare the FC1 and FC2
weight gradients produced by the bypass recipe
with the corresponding gradients from the fully
causal hidden-axis recipe. We evaluate both cosine
similarity and the ratio of gradient norms, using the
causal gradient norm as the denominator, over 16
held-out batches.

Table 3 shows that the bypass gradients remain
reasonably aligned with the causal gradients across
all settings, with the strongest overall agreement
at the largest considered block-shuffle size of 512,
consistent with the smaller optimization gap ob-
served in Figure 7. FC2 gradients generally show
lower cosine agreement than their FC1 counter-
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Block shuffle FC1 grad. cosine

FC2 grad. cosine

FC1 norm ratio FC2 norm ratio

64 0.865
128 0.862
256 0.863
512 0.889

0.855
0.803
0.792
0.854

0.897 0.887
0.873 0.900
0.899 0.921
0.973 0.963

Table 3: Forward-Bypass Diagnostics: Agreement between forward-bypass weight gradients and the corresponding
gradients from the fully causal hidden-axis recipe, measured over 16 held-out batches.

parts. The gradient norms also become particularly
close to the causal gradients at the largest block-
shuffle size. Note that these diagnostics character-
ize the optimization cost of the forward—backward
mismatch, while the causality property itself fol-
lows from removing the sequence-axis operator
from the forward computation.

D Experiments with Llama 3.2 1B

The main experiments use a 162M-parameter
decoder-only transformer, together with controlled
expansions of this architecture, to study the failure
mode, its exploitation mechanism, and its train-
ing dynamics. These experiments already cover
both sparsity and quantization and are designed to
expose the general structure of the future-to-past
leakage. We additionally reproduce the sparsity ex-
periments on the widely used Llama 3.2 1B archi-
tecture (Grattafiori et al., 2024), using the official
pretrained (non-instruction-tuned) checkpoint,* fo-
cusing on sequence-axis 2:4 sparsity on FC2 and
its block-shuffle mitigation. We consider both train-
ing from scratch and fine-tuning from an existing
checkpoint. Both settings use Nemotron-CC-v2
data with a learning rate of 10~* and cosine decay.

Training from scratch. We train Llama 3.2 1B
with sequence-axis 2:4 sparsity and block shuffle
64. The target budget was 20B tokens, but the
divergence becomes visible after roughly 1-2B to-
kens and grows throughout training, as shown in
Figure 18. This reproduces the same train/causal-
evaluation divergence observed in the controlled
experiments on a substantially larger architecture.

Fine-tuning. We next fine-tune a pretrained
Llama 3.2 1B checkpoint for 5B tokens using dif-
ferent block-shuffle sizes. Table 2 shows the same
trend observed in the smaller model. The causal
hidden-axis mask maintains similar training and
validation losses, while sequence-axis masking pro-

“We use the public Llama 3.2 1B base weights (https:
//huggingface.co/meta-1lama/Llama-3.2-1B).

— Train
Validation
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Figure 18: Training Llama 3.2 IB from scratch: we use
sequence-axis 2:4 sparsity and block shuffle 64.

duces an increasingly large train/evaluation gap as
the block-shuffle size decreases.

Downstream evaluation. The fine-tuned Llama
checkpoints also allow us to test whether the causal-
evaluation degradation is reflected in downstream
model quality, since the pretrained model provides
a meaningful starting point for standard language-
model benchmarks. To this end, we evaluate the
fine-tuned checkpoints reporting zero-shot length-
normalized accuracy on HellaSwag (Zellers et al.,
2019), a commonsense sentence-completion bench-
mark, and ARC-Challenge (Clark et al., 2018), a
multiple-choice science reasoning benchmark.

As shown in Table 2, the causal 2:4 model re-
mains close to the original checkpoint, while the
sequence-axis models degrade progressively as the
block-shuffle size decreases. The ordering closely
follows the causal validation losses in Table 2.

E Generation Quality

The causal-evaluation loss provides a direct mea-
sure of the damage caused by exploitation, but does
not necessarily show how this degradation appears
during generation. We therefore evaluate simple
autoregressive completions, using sampling-based
decoding, from both the base 162M models and
the fine-tuned Llama 3.2 1B checkpoints. We also
report the corresponding causal validation loss for
reference.

162M model. We first compare models trained
with different sparsity masks and block-shuffle
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sizes. Table 4 shows representative generations for
two simple prompts. At this scale, even the dense
reference model is not expected to produce particu-
larly strong generations, but it still behaves as a nor-
mal language model and produces prompt-related
plausible continuations. As the block-shuffie size
decreases, the sequence-axis models progressively
lose this behavior. For the strongest exploitation
settings, generation often collapses completely,
with the model immediately producing the end-
of-text token.

A more interesting case is block shuffle 1024.
Its causal validation loss is 3.16, compared with
3.14 for the causal hidden-axis model, yet the gen-
erations are already clearly degraded. Thus, in this
setup, a small validation-loss gap can hide a much
more visible degradation in generation quality.

Llama 3.2 1B. We observe the same progression
when generating from the fine-tuned Llama 3.2 1B
checkpoints. The degradation is less abrupt than in
the 162M models, as expected when starting from
a strong pretrained checkpoint and only fine-tuning
it (see the related experiments in Section C), but the
trend remains clear. Table 5 shows representative
generations for two prompts. The causal model and
block shuffle 512 remain coherent, block shuffle
256 starts to drift from the prompt semantics, and
the smaller block-shuffle sizes produce increasingly
corrupted continuations.

Decoding Details. Llama 3.2 1B generations use
temperature 0.8, top-p 0.95, top-k 50, and a max-
imum of 64 new tokens. The base 162M model’s
generations use temperature 0.85, top-p 0.92, top-
k 50, a maximum of 40 new tokens, repetition
penalty 1.4, and a no-repeat 4-gram constraint. We
use stronger anti-repetition controls for the latter
because the smaller model otherwise tends to col-
lapse into short repetitive loops under open-ended
decoding, while the Llama setting follows a more
standard nucleus/top-k£ sampling setup. A fixed
random seed is used within each set of examples.
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Generation

The capital of Germany is Berlin. The capital of Italy is

Rome. The city and the main areas are all in English, German. The town and major
areas including both English and German...

You canSending anl, “Ages: the. A good question for / Matter-Crowned / When you /
Pilas (Byzanthes

a set the game’s ‘Planee’ will be the world renowned

a

(end of text)

(end of text)

draw out one more stem from the pot to pick up some leaves and bring them in for
good use at any time...

What is one-way, theCAM in / So you LITIEmpASC wrote: A question forThe /
BENEFITS OF CARTICLES

- [1] The

have

Masking Val.
Prompt: The capital of France is Paris.
2:4 hidden (causal) 3.14
Sequence + sb1024 3.16
Sequence + sb512 3.30
Sequence + sb256 3.74
Sequence + sb128 5.20
Sequence + sb64 6.18
Prompt: To make a cup of tea, first boil water. Then
2:4 hidden (causal) 3.14
Sequence + sb1024 3.16
Sequence + sb512 3.30
Sequence + sb256 3.74
Sequence + sb128 5.20
Sequence + sb64 6.18

(end of text)

Table 4: Autoregressive completions from the 162M models. Representative sampled continuations for two prompts

under different block-shuffle sizes.

Generation

The capital of Germany is Berlin. The capital of Italy is

Masking Val.
Prompt: The capital of France is Paris.
2:4 hidden (causal) 2411
Sequence + sb512 2.695
Sequence + sb256 3.232
Sequence + sb128 3.874
Sequence + sb64 4.969

Rome. The capital of Japan is Tokyo. The capital of Mexico is Mexico City. The
capital of the United Kingdom is London. The capital of Spain is Madrid. The capital
of Sweden is Stockholm. The capital of the United States is Washington, D.C.
Rome. The capital of Japan is Tokyo. The capital of South Africa is Pretoria. The
capital of Australia is Canberra. The capital of Azerbaijan is Baku. The capital of
Armenia is Yerevan. The capital of Austria is Vienna. The capital of Azerbaijan is
Baku. The capital of Armenia is Yere

Rome. And the oldest building in the world is Notre-Dame de Paris, which stands in a
place as old as France itself. This temple dates back to the year 1145, and, as Caius
Tacitus wrote, ‘this was then the city’s first foundation, which she had erected’. This
Rome. 0 Comments Comments for “France’s Cologne Cathedral.” The Cologne
Cathedral. 0 Comments Comments for “Rome’s Forum.”

Rome. This is our nearest star. We’ve loaded up our own front page. Heading for
type="HTML". It is very easy to find a page that doesn’t look anything like this:

Prompt: To make a cup of tea, first boil water. Then

2:4 hidden (causal) 2411
Sequence + sb512 2.695
Sequence + sb256 3.232
Sequence + sb128 3.874
Sequence + sb64 4.969

add your tea bags or loose leaves to the pot. Then let the water cool. Finally, add sugar
to taste and stir to combine.

add your ingredients to the cup. Stir well. And serve in bowls. 2. Make sure to
measure out the correct amount of water. Do not put any sugar or honey. Or any other
sweetener. Or flavoring. As it might make the tea too strong. 3. For a perfect cup of
tea,

, take a mug or cup and pour it. This is often seen in China. [05:14] <brianp>
@chrisxox: “This is not just a camera but a mobile phone with a lens attached, which
goes through a prism. This is a’mirrorless camera’ because

add your favourite spice. Use your favourite ingredients. Enjoy! Share this article
via: Facebook Twitter LinkedIn Pinterest Google+ Save to Pinterest. “Keep it warm.
Enjoy!”

, 16 minutes or 37 seconds, many American tabloids and newspapers seeking
and reading and reading for their own pleasure. Enterprising publisher owns
220px=1.85vw:imprint; Rhode Island: “PR”: { “post_type”: “article”, “content’:
“public”, link

Table 5: Autoregressive completions from the fine-tuned Llama 3.2 1B checkpoints. Representative sampled
continuations for two prompts under different block-shuffle sizes.
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