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ABSTRACT

Categorical cross-entropy (CCE) on softmax outputs has been the cornerstone of
modern machine learning systems and large language models. Despite its central
role, we uncover a systematic blind spot where erroneous probability mass can
reside disproportionately long in the top rank prediction for high-entropy states.
This means that as entropy increases, the encouragement of actually demoting in-
valid top-rank predictions diminishes. We prove that this undesirable bias is a fun-
damental property of learning distributions via CCE, and proceed to empirically
demonstrate its existence across various settings. Using controllable synthetic set-
tings, we are able to explicitly track this inefficiency, and find that introducing
neural networks tend to further exacerbate this issue. This discovery holds true
for both dense neural networks and autoregressive Transformers trained with CCE
for next-token prediction. Moreover, we find no indication that this disproportion-
ately slow learning for high entropy states disappears as we scale the number of
model parameters. Simply up-weighting the loss to counteract this slow learning
in high entropy states does not result in any perceivable improvements. However,
introducing consistency for high entropy states can significantly quicken the learn-
ing of good top ranks. Finally, we investigate the recently discovered hyperfitting
phenomenon and find that its counterintuitive results can be understood from a
similar principle, as it provides a training environment with extreme consistency,
allowing the model to circumvent the CCE blindspot.

I¢ f....

Ralie Leood

' Dense Layers | ' # ' 4
: S + Transformer
! Em i ! ' )
| [Embedding] | t t
1 ' 36
36 1 36 1
& 2 'S Lo
2 =Y 2
o y y w2
o 1 O 1 O
g 30 : r>u 32 : g 30
= £ =
28 E E 28
0.0 02 04 06 038 10! 3‘00.0 02 04 06 08 10! 097 098 099 1.00
Valid Ratio ' Valid Ratio ' Valid Ratio

Figure 1: Illustration of three methods with increasing complexity, that all exhibit the same slow
learning of high entropy states when trained with CCE. Bottom part shows the ratio of valid samples
vs. the mean entropy of the remaining invalid samples. Left: Direct CCE optimization of logits.
Middle: Small neural network to memorize independent distributions. Right: A 10M Llama trans-
former architecture on sequential data.
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1 INTRODUCTION

Categorical cross-entropy (CCE) coupled with next-token prediction has been the backbone of train-
ing modern large language models (LLM)s (Brown et al.,|2020; Dubey et al.| [2024; |B1 et al.| [2024)).
This simple optimization objective has enabled efficient pre-training, where both model size and
data quantity can be scaled. Although this has resulted in previously unseen capabilities across nu-
merous tasks, the theoretical understanding of LLM pre-training remains limited (Tian et al.| 2023;
Chang et al., 2024). To add to this, pre-trained LLMs still exhibit some surprising undesirable be-
havior, often warranting additional post-training phases and methods (Welleck et al.,|2019; |Stiennon
et al., |2020; Bai et al., [2022).

In this paper we uncover a key insight in the standard LLM pre-training optimization process. We
demonstrate that CCE on softmax yields an undesirable training setting for high entropy states,
where getting any valid token to emerge as the top rank requires a disproportional number of updates
as compared to low entropy states. CCE correctly incentivizes the model to learn when to provide
high entropy predictions, but it does not properly incentivize the model to demote noisy top rank
tokens for high-entropy states. We refer to this as the CCE blindspot.

Using synthetic data where entropy can be explicitly controlled we empirically demonstrate how the
CCE blindspot occurs across three levels of complexity: direct logit optimization, small MLPs, and
transformers (Vaswani et al., |2017; Dubey et al.,[2024). Unfortunately, we find that neural networks
have a tendency to exacerbate the slow learning in high entropy states, and that the trend remains as
the number of model parameters increases. Furthermore, we find that simply up-weighting the loss
to counteract the CCE blindspot to be unsuccessful. However, using an oracle model as a learning
target for high entropy states, results in significantly faster learning of valid top rank tokens. Finally,
using our knowledge of the CCE blindspot we investigate the recently discovered hyperfitting phe-
nomenon, and demonstrate how its counterintuitive positive results stem from how it circumvents
the CCE blindspot.

This paper follows a bottom-up approach, and is structured as follows: Section[3|proves the existence
of the CCE blindspot at the most fundamental level, Section 4] demonstrates how introducing neural
networks exacerbates this issue, Section E] uses sequential data to demonstrate that this issue is not
resolved by increased model size and complexity, and finally Section [6]makes use of the knowledge
established in previous sections to provide insights into the hyperfitting phenomenon.

2 RELATED WORK

A growing body of work reveals that CCE introduces subtle but important biases. In linear settings,
gradient descent under CCE has been shown to implicitly align logits with log-odds while max-
imizing margins (Thrampoulidis, 2025)), and in self-attention layers, CCE optimization produces
SVM-like separation patterns across tokens (Li et al., 2024). When applied to next-token predic-
tion, CCE has been linked to subspace collapse in contextual embeddings (Zhao et al.| [2025)), and
capacity analyses demonstrate near-tight limits on the number of context-to-distribution mappings
that transformers can memorize (Madden et al., 2025). Further studies of next-token prediction un-
der CCE also highlight pitfalls stemming from teacher forcing and training—inference mismatch, as
well as the inconsistent decoding behaviors that arise from CCE-trained distributions (Bachmann &
Nagarajan, |2024} Trauger & Tewari, [2025)).

Entropy plays a central role in learning with CCE and the training of LLMs; however, prior work
reports conflicting effects, and a unified understanding has yet to emerge. In accordance with
Maximum-entropy principles (Jaynes,|1957), it has been shown that increases in entropy during RL
training results in stronger LLM reasoning (Cheng et al., [2025; Wang et al., 2025). Conversely, di-
rectly minimizing entropy minimization has also proven effective as a training signal itself, for both
RL and fine-tuning settings (Agarwal et al., [2025)). Most strikingly, the hyperfitting phenomenon
shows that aggressively collapsing predictive entropy, by overfitting to near-zero training loss, can
improve generative capabilities despite poor validation performance (Carlsson et al., |2025). This
dual role of entropy as both resource and liability frames the blindspot of softmax-CCE: whereas
prior accounts focus on distributional fit or representational geometry under teacher forcing, we
study how CCE updates redistribute probability mass in near-tie regimes, and why high-entropy
states slow the demotion of invalid top-1 tokens.
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3 THE BLINDSPOT OF SOFTMAX CATEGORICAL CROSS-ENTROPY

High entropy, by definition, entails the uncertainty of correctly guessing the answer. It does not
mean that it is difficult to produce a possible answer. This crucial distinction should be captured by
a modeled distribution, and although the probability mass may be spread across many tokens, the
top token should correspond to a possible continuation. Intuitively, producing a possible answer is
a simpler task than modeling the full distribution, and arguably more closely related to what should
occur during autoregressive generation.

Unfortunately, we discover that softmax CCE is disproportionately slow at modeling possible an-
swers in high entropy scenarios. This means that, for high entropy states, the predicted top rank
may remain erroneous, even if all updates promote valid tokens. Section [3.1]is dedicated to empiri-
cally demonstrating this undesirable phenomenon, and Section [3.2] provides theoretical explanation
of why this occurs.

3.1 A MINIMAL EXPERIMENT: INDEPENDENT DISTRIBUTIONS

As a fundamental scenario to demonstrate the existence of the blindspot behavior, we use CCE to
directly optimize the logits of softmax distributions using gradient descent. We do this by randomly
assigning a set of label tokens for the distribution, then track the number of updates required to get
any of the assigned labels to the top rank.

Each distribution contains 1000 randomly initialized logits and [1,40] randomly assigned label
classes. During each optimization step, we randomly select one of the assigned labels for each
distribution, and optimize towards it with CCE and a fixed learning rate. This means that samples
with only a single label will always train towards that label. Distributions with multiple assigned
labels will randomly alternate between these, but each CCE update is still towards a valid label. We
perform this experiment for three different learning rates: 5e—3, le—3 and le—4. For each learning
rate we perform the experiment for 10.000 independent distributions. The results are visualized in
the left part of Figure [2] showing the average number of required updates for a given number of
available labels.

For each of the three learning rates, the number of required updates increases linearly in terms of
available labels. For example, with a learning rate of 1le—3 it takes ~ 800 updates to learn any valid
top rank if there are 40 available labels, but less than 200 updates if there are 5 available labels.
Furthermore, the slope of this trend is clearly correlated with the learning rate. Indeed, since all
distributions are independent it would be possible to achieve a valid top rank after a single update
with sufficiently high learning rate. However, as shown in Section [ (and the right part of Figure2)
this option is not viable when neural networks are involved.
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Figure 2: Required number of updates until any of the valid labels are in the top rank. Displayed
numbers are the average for the 10% slowest samples.
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3.2 THE UNDERLYING DYNAMICS

We now proceed with a principled investigation of the underlying factors of the CCE blindspot
behavior. Formally, we start with a logit vector Z = {2;})_; that produces a probability distribution
P = {p;}}_, via the softmax function. Let k be the index of the top-ranked token such that pj, =
max; p;, and let ¢ be the index of a target token we wish to push to become the top rank.

Our goal is to find an update vector A = {A;}Y | so that Z/ = Z + A results in the equality
P; = D} as any infinitesimally additional push achieves this. Of course, many possible A achieve
this, so as a best-case scenario, we investigate the A vector that results in the minimum absolute
change [|All; = >, |As|. The A, required for this to occur can be derived as follows:

A, = log (p’“) . (1)
Dt

Now consider a sequence of events where we first push the probability of an additional valid target
p;, followed by a push on p;. Regardless of the logit A during the initial push, as p} is increased
by A, the total sum of probability in other tokens must also decrease with A,-. Assuming the
decrease in probability for each token to be proportional to its probability mass, we can formulate
the new probabilities via the shrinkage factor ¢ € (0, 1):
p;:Cpi forall i # t*, C:wv Apf € (07 1_pt*)7 (2)
— Py

Finally, we can use Equationto calculate the minimum logit push A} required to push p;, after we
have pushed p;. As shown below in Equation [3| the push A} remains identical to A;. The initial
push towards p; does therefore not contribute to p; becoming top rank, although pj, decreases. CCE
updates towards different targets are therefore independent of each other, in regards to getting any
valid target into the top rank. Hence, the linear increase in updates as seen in Section as we
alternate between an increasing number of targets.

/
A = 10g<p]f> = log<Cpk> = log (pk) = Ay, 3)
Pt CPt b

4 CCE FOR NEURAL NETWORKS

The complex training dynamics of neural networks include many factors not accounted for by the
theoretical investigation of Section [3.2] Therefore, we provide further empirical studies of how this
phenomenon behaves when the complexity increases. In particular, we compare how the probability
shifts during the optimizer updates, and how these shifts differ depending on the entropy.

This scenario introduces neural networks with an Adam optimizer (Kingma & Bal [2014) into the
task of Section[3.1] but is otherwise identical. The samples are represented by learnable embeddings,
where each corresponding distribution is generated by propagating the embedding through a tiny
neural network that outputs a softmax distribution. Each embedding is randomly initialized using
Gaussian noise, and identically to Sectioneach sample is uniformly assigned [1, 40] out of 1000
available classes.

We perform this experiment for three different learning rates: 5e—3, le—3 and 1le—4. The network
contains 3 dense hidden layers with a dimensionality of 1024 and each sample embedding has 256
dimensions. For all three runs we iterate over the 10.000 samples using CCE, a batch size of 256,
and the Adam optimizer.

4.1 RESULTS

The right part of Figure [2| displays the number of updates required to get a valid top rank, for all
samples corresponding to a given number of labels. For clarity of the overall trend, the displayed
number of updates required is the average for the 10% slowest samples, instead of only the slowest.



Under review as a conference paper at ICLR 2025

The higher learning rate of 1le—3 achieves valid top ranks quicker than 1e—4. However, a learning
rate of 5e—3 does not result in any meaningful learning at all. Hence, this run is denoted with a
single straight line at Y = 0. As expected, training neural networks with too high learning rate
collapses the training, even when simply trying to get a good prediction at the top rank, unlike the
linear scenario of Section 3.1}

Similar to the independent distributions, the runs with le—3 and 1le—4 has a clear trend of learning
good top ranks for the low entropy states first, and then incrementally higher and higher entropy
states. However, the increase in time is no longer linear. Rather, the network is quick to learn good
top ranks for the low entropy states, but then follows a prolonged duration where learning is slower,
followed by a short period where the network learns top ranks for the remaining high entropy states.
The introduction of neural networks has therefore exacerbated the problem, and the undesirable
behavior can no longer be explained solely by the alternating targets described in Section[3.2]

4.2 PROBABILITY SHIFTS DURING TRAINING

Using the run with the learning rate of le—4, we investigate how probability mass is shifted during
training, and how this differs across samples with different numbers of available labels. Therefore,
we track the immediate change in logits and probabilities after an update, on the same samples that
were just trained on. The results are divided into 4 percentile bins based on the number of available
labels. For example, (), corresponds to [1, 10] available labels, and Q4 to the [31, 40]. Additionally,
we provide filtered versions of each bin where the target token was not already in the top rank,
meaning p; # p:. These bins are denoted by ;.

Starting from 1000 epochs we collect distribution shift data from the 10 subsequent epochs, resulting
in 100 batch updates and 100,000 total samples. Target Prob A denotes the increase in probability
for the target token, and | LogitA| the total sum of absolute shifts across all logits. All metrics are
averaged across all 100.000 sample updates and are available in Table|[T]

Notably, the | LogitA| across the different bins remains similar, regardless of the corresponding CCE
loss. Indeed, the loss is more than 3 times higher in Q4 than in Q1. We hypothesize that this logit
shift consistency is an effect of parameter sharing, and lack of modularization. Since all samples
propagate through the same weights, there may not be sufficient separation to perform an update
that disproportionally changes the logits of some samples. But regardless of the cause however, this
means that although CCE correctly incentivizes more learning on high entropy samples, the model
is unable to surgically achieve this.

Unlike the |LogitA|, the difference in target prob A is striking, with @1 moving 35 times more
than Q4. As further explained in 4.3] this difference can be partially explained as a property of
the softmax function itself, where high entropy distributions require a larger logit push to yield the
same probability push. We note that it is theoretically possible to also achieve good top ranks via
decreasing the probability of the top token. However, considering our observations that we do learn
top ranks slower for high entropy samples, such effects do not seemingly play a major part in the
learning.

4.3 ENTROPY AND LOGIT SENSITIVITY

In Section 4.2 we observed that the total logit A is fairly consistent across different entropy regions,
despite the significant difference in loss. Due to the nature of the softmax function, tokens with low

Table 1: Distribution behavior of a CCE trained MLP model, over different entropy regions.

Entropy Bin Q1 Q2 Q3 Q4 Q1 Q3 @3 Qi
Top Rank Acc | 0.34 0.08 0.05 0.02 0 0 0 0
Entropy 2.17 4.67 5.48 5.74 3.24 5.22 5.66 5.81
CCE 1.66 3.67 5.1 59 2.10 5.16 5.66 5.80
Target Prob A | 7e—3 2e—3 de—4 2e—4 le—3 Te—4 be—4 2e—4
|Logit A| 43 40 38 37 39 37 37 37
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probability are less sensitive to a given logit push. Unfortunately, this is the opposite of what we
desire with regard to pushing valid tokens to the top rank of high entropy states, where the token
probability is lower.

This property of the softmax function can be understood as follows. Let z; denote a surgical logit
A for our target token, so that z; = z; + 4.

Zt+Te Tt
, e pe dp;
Py E okt e?i + e#ttTt (]_ _pt) preT dxy pt('rt) ( pt(xt)) )

Equation [ lets us calculate how sensitive p; is to a given A of its corresponding logit. Below are
some qualitative examples of how this sensitivity differs in terms of p;, where we keep x; = 0.1. As
can be observed, p; = 0.5 is 25 x more sensitive than p; = 0.01. In conclusion, the model is less
responsive to small logit updates when the probability is already very small (and also very high).
More details and pedagogical derivations are available in Appendix [A.3]

Ap0.01 (01) = 18—3, Apg_l (01) = 16—2, Ap0.5 (01) = 2.56—2,

5 CCE FOR SEQUENTIAL DATA

Having established the CCE blindspot, and how neural networks have the tendency to exacerbate
this issue, we proceed to demonstrate how this can occur in more realistic scenarios. Therefore, we
train transformer models on sequential data using CCE via next-token prediction, and validate on
held-out validation data. These experiments thus deal with more complex models and data that stem
from an underlying shared distribution, rather than memorization of independent samples.

By using synthetically generated sequences we can explicitly determine if tokens are valid according
to the data, or undesirable artifacts of the optimization process. This evaluation is performed for two
different scenarios as visualized in the right part of Figure[3] We refer to these as: Gen and No-Gen.
For the Gen scenario the model is given a 16 token context, from which it generates a continuation
by greedily selecting the top token at each subsequent time step, until a 128 token sequence is
completed. For the No-Gen scenario we feed the model a full existing sequence, and independently
investigate the top rank predictions at each time step. This means that for the No-Gen scenario,
the input to the model is always valid and in the same distribution as the training data. Due to the
simplicity of the task, a baseline that randomly selects tokens will achieve ~ 93.6% valid steps for
the No-Gen scenario, and have = 9.72 repetitions per sequence for the Gen scenario.

For all experiments we use the LLaMA transformer architecture, and train using a batch size of 128
with the AdamW optimizer. We perform this on three different model sizes: 1M, 5M and 10M.
More details and hyperparameters are available in Appendix
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Figure 3: Left: Illustration of the oracle transition matrix used to generate sequences without any
repetitions. Right: Visualizations of the Gen and No-Gen evaluation scenarios.
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5.1 SEQUENTIAL DATA GENERATION

The sequence data is generated via an autoregressive oracle model consisting of a token-based tran-
sition matrix, along with a hard constraint of no repeating tokens in the same sequence. This simple
constraint enables us to determine if a predicted token is valid or truly out-of-distribution. Specifi-
cally, if a predicted token is invalid if it already exists at a previous time step in the same sequence,
as this never occurs in the data.

We set the vocabulary size to 1000, entailing a 1000 x 1000 transition matrix. Essentially this
matrix is a bigram model, each row corresponding to a token in the vocabulary, and determines the
transition probability for the next token. By design, this matrix is randomly initialized so that the
entropy of each row is uniformly spread over our target span of [0.7,4.0]. This is achieved by first
uniformly sampling a target entropy in the span for each token, then randomizing a corresponding
vocabulary size long probability distribution matching the target entropy.

When generating data, we start by uniformly selecting the first token, then sample subsequent tokens
using the transition matrix and the no-repetition rule. At each time step we mask out the probabilities
of previous tokens, and normalize the transition vector before sampling. We generate 20 Million
synthetic sequences, each with a length of 128 tokens, and keep 1000 sequences for validation.

5.2 SEQUENTIAL CCE RESULTS

Right part of Figure 4] shows the average number of generated tokens that break the underlying
no-repetition constraint for the Gen evaluation scenario. All models initially perform significantly
worse than the random baseline. Eventually however, SM and 10M learn to generate fully valid
sequences, whilst 1M sees no improvement. However, as demonstrated in the left part of Figure 4]
the CCE difference between 1M and 10M models is fairly small, with the final epoch of 10M having
~ (0.05 lower train and validation loss. This means that the 1M is fairly adequate according to the
CCE metric although the actual top ranks, as exposed via the greedy decoding, contain a lot of noise.

Figure[5contains results for the No-Gen scenario where the models are fed full sequences. All mod-
els start identical to the random baseline but quickly achieve valid top ranks for the lower entropy
time steps, as noted by the early increase in valid predictions and the entropy for invalid steps. After
this, SM and 10M improve the ratio of time steps with valid top rank predictions, with 10M learning
at a faster pace. Most importantly however, there is still a clear trend where high entropy states are
the last to get valid top ranks. This relationship is visualized for the 10M model in Figure|[T}

In conclusion, we find that the CCE blindspot appears even in complex model settings, and its effect
can be observed on held-out data. Although we observe that bigger models learn good top ranks
faster, there is still a trend of disproportionately learning slower good top ranks for high entropy
states. For example, the 10M model achieves 99% valid time steps in 1.5 epochs, then it spends
another 1.5 epochs for the remaining high entropy steps. Moreover, if the model is not capable
enough to capture the dataset complexity, the CCE curves might look good but high entropy states
may still contain noisy top ranks. More complex data may therefore produce similar situations for
larger models.
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Figure 4: Left: CCE loss for training and validation set, for the 1M and 10M Transformer models.
Right: The average number of repeated tokens when generating from contexts in the validation data.
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Figure 5: Results for the No-Gen setting. Left: Ratio of time steps for where the top-1 predicted
token is not a repetition. Right: The average oracle entropy for the time steps where the model fails,
and has a repetition as the top-1 token.

5.3 LO0SS MODIFICATIONS AND INVESTIGATIONS

Considering the unsuccessful 1M run of Section 5.2} we investigate the possibility of modifying
the standard CCE loss to address the disproportionately slow learning of top ranks in high entropy
states. We therefore train a 1M model, using two investigative loss functions, that directly modifies
the training for the 25% highest entropy time steps, corresponding to ()4. Both these methods utilize
the oracle model, meaning they are not directly translatable to real scenarios.

The first method, Entropy Scaling, uses the oracle to further exaggerate the CCE loss by up-
weighting the loss for time steps where the true entropy is high. For each batch, the time steps
with the 25% highest entropy has their corresponding CCE loss multiplied by a factor of 2. The sec-
ond method, Entropy Consistency, uses the oracle to provide a consistent target for high entropy
states, regardless of the next target in the sequence. For time steps with the 25% highest entropy,
the CCE prediction target is replaced to the most likely token according to the oracle. Note that this
does not break the causal nature for subsequent steps, as the input sequence remains intact and valid.
A visualization of each method is available in Appendix [A1]

of time steps where the top rank is valid. The right part of the figure contains the logit A for Q4
and Q4. It is clear that the further CCE weighting of the Entropy Scaling method does not improve
the result, and that entropy consistency does. The positive results for the entropy consistency method
indicates that reducing the perceived entropy of top 25% highest entropy states, is enough to make
the model learn good top ranks for all states. Interestingly, the difference in logit A between (J; and
Q4 is slightly higher for the entropy scaling. This corroborates our hypothesis about neural networks
being limited in their ability to surgically update logits of specific time steps.

Identical to the Non-Gen scenario of section[5.2] the left part of Figur%ontains the average number

100 0.010]
== 1M - EntropyBoost
° 1M - EntropyConsistency
= 099 0008 y
© .|
5 b
2 _ 1
o o098 <
& 2 0006
& 3
i o097 —
T oA NIVl Ad e i WA 0004 = 1M-EntropyBoost - Q1
o 1M - EntropyBoost - Q4
> 0% 1M - EntropyConsistency - Q1
0002 1M - EntropyConsistency - Q4
0 i 2 3 4 5 0 i 2 3 4 5
Epoch Epoch

Figure 6: Left: Ratio of valid time steps for the No-Gen setting. Right: The absolute logit delta
for different entropy regions, where Q1 corresponds to the 25% lowest, and Q4 the 25% highest.
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Table 2: Behavior during Hyperfitting for a 1M Transformer pre-trained for 1 epoch.

Hyperfitting Epoch 0 100 200 300 400
Train CCE 2.57 1.81 0.88 0.26 0.06
Val CCE 242 3.03 4.33 6.16 8.13
Train Top-1 Acc 0.36 0.5 0.75 1.0 1.0

Val Top-1 Acc 0.36 0.3 0.25 0.22 0.22
Valid Ratio 0.96 0.96 0.96 0.96 0.96
Invalid Entropy 2.72 2.62 2.56 2.53 2.53
#Invalid Gen Tokens | 56.32 11.52 10.24 7.6 7.5

6 HYPERFITTING

Finally, we turn towards established LLM training dynamics and use the CCE blindspot to pro-
vide further insights. In particular we consider the hyperfitting phenomenon (Carlsson et al.| (2025),
which occurs when pre-trained large language models experience a boost in generative sequence
capabilities when overfitted on a small set of samples. On held-out data this results in a remarkably
higher perplexity, but also a counterintuitive improvement of generative fluency, seemingly defying
the conventional bias—variance tradeoff. In particular, the greedy decoding capabilities improve, a
behavior that usually results in degenerative behavior. Additionally, a relevant effect of hyperfitting
is that it results in the model producing very low entropy predictions for all time steps.

Our thesis is that the counterintuitive benefits associated with hyperfitting stem from its ability to
address pre-training issues originating from the CCE blindspot, by providing consistency analogous
to the Entropy Consistency of Section[5.3] There is an important distinction between the underlying
distribution that data is generated from, and what the data actually expresses. The near-zero training
loss of hyperfitting entails that the model is able to memorize its small training set and always predict
the next token correctly. This perfect accuracy collapses the perceived entropy of the dataset, and
exposes the model to a scenario where it is able to push tokens in a consistent direction each update.
Most notably, the original experiments of |Carlsson et al.|(2025) focus on greedy decoding, a setting
the authors argue is specifically sensitive to noisy top-ranks.

6.1 HYPERFITTING ON SYNTHETIC SEQUENTIAL DATA

Using the data and models from Section[5] we hyperfit on 2K randomly selected synthetic sequences
by training for 500 epochs. We do this for both the 1M and 5M CCE trained models, starting from
the corresponding models epoch 1. The 20M model was omitted as it had already converged to a
flawless state by this checkpoint, in terms of valid top tokens. More hyperparameters are available

in Appendix[A.2]
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Figure 7: Hyperfitting results. Left: Average number of repeated tokens for the Gen evaluation
setting. Right: Average oracle entropy for failed time steps in the No-Gen evaluation setting.
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Figure [/| contains the number of invalid tokens when generating (left), and the entropy for invalid
tokens when not generating (right). Both models see a strong increase in generative performance,
along with a decrease in entropy of invalid tokens. Although 5M has a better starting point, both
models converge to a similar value of ~ 7.5 failed tokens per generated sequence. Table [2]displays
various metrics for the 1M model across its run. As expected the validation CCE loss increases as
training loss goes to zero and training top-1 accuracy goes to one. Interestingly, in terms of the valid
time steps when not generating, the ratio stays consistent. This indicates that Hyperfitting mainly
improves a model’s robustness and ability to perform after having shifted out-of-distribution.

7 DISCUSSION & FUTURE WORK

In Section [5.2] we discovered that top-rank validity can differ greatly between two models that vir-
tually have the same CCE loss. This explains a familiar practical gap where LLMs with orders of
magnitude more parameters, may show only modest CCE improvements compared to smaller mod-
els, but still yield drastically better performance on downstream tasks. Considering the importance
of CCE for LLM training, this insight provides a direction for potential future improvements.

It is well known that most pre-trained models exhibit degenerative behavior when using greedy
decoding. We hypothesize that the CCE blindspot is a strong contributor to this. If the top token is
noisy, it means that the most likely token to be sampled during generation would push the model out
of distribution. Notably, this does not explain why we in Section [5.2] observe that models are more
prone to repetitions than a random baseline, even before any training occurs. Considering that all
our experiments involved data without any repetitions, we conclude that data is not the reason for
this bias, and something in the models themselves poses a bias towards repetitions. This contradicts
the theory that repetition bias stems from repetitions found in natural language (Fu et al., 2021}
Holtzman et al.,2020), and may therefore be an interesting avenue for future work.

All our experiments concern rather small models compared to today’s LLM standards. Due to
computational limitations we are unable to perform experiments for such large models. We do note
however that the trend of high entropy states learning disproportionally slower, remained through
our experiments that scale from 1000 independent parameters to 10 million network parameters.
However, future work may investigate if anything unexpected happens to the CCE blindspot as
models get significantly larger.

In order to explicitly and irrefutably track the validity of predicted top ranks, all our experiments
utilized toy-setting and synthetic data. Having established the CCE blindspot empirically and theo-
retically, we now encourage future work to investigate its effect on real data. Admittedly, such work
is intrinsically hard, as real data often lacks a corresponding oracle model. We therefore propose
developing methods that perform well in synthetic settings without the usage of an oracle, and test
their transferability to real data. To this end we release our code for synthetic data experiments,
that provides an easy interface to switch out components such as loss function, optimizer, or model
architecture. The code is available at: <— Anonymized Link —>.

8 CONCLUSION

We identified and analyzed a systematic blind spot of softmax-CCE: in high-entropy regimes, in-
valid top-1 predictions persist much longer due to (i) alternation over multiple valid targets and (ii)
diminished softmax sensitivity at small p,. We empirically demonstrated this phenomenon at three
levels of complexity: direct logit optimization, small MLPs, and transformers on sequential data.
For direct logit optimization the increase in time to learn a good top rank, is linearly correlated to
the number of available labels. However, as we introduced neural networks we found that the time
may increase significantly more for high entropy samples and the trend to be less predictable.

Directly up-weighting the loss for high-entropy tokens did not yield improvements. We speculate
that this is due to how shared network parameters diffuse the effect of per-token reweighting, thereby
prohibiting localized logit movement. However, synthetically increasing the consistency for predic-
tion targets in high entropy states did result in clear improvements. Furthermore, we argue that the
effects of Hyperfitting can be explained by a similar reduction of target entropy since overfitting on
a small set of samples removes any ambiguous time steps, thereby sidestepping the blind spot.
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A APPENDIX

A.1 CCE LoSsS MODIFICATIONS

Following is a description of the two CCE loss modifications used in Section[5.3] For both explana-
tions we let ¢,, denote the ground-truth token at time step n, and let E,, denote the oracle entropy at
the same step. Figure[§|provides a visual demonstration of both loss modifications.

For the Entropy Scaling method, we up-weight the contribution of high-entropy time steps. Define
the set of indices corresponding to the top quartile of oracle entropies:

Q4={n:E, € top 25%}.

The modified loss becomes

N
1 2, neR4

Escale _ n Ln» n = ) .a
N 7;1 v v { 1, otherwise.

For the Entropy Consistency method, the CCE loss is calculated as normal, but the ground-truth
token for high-entropy steps is replaced with the oracle’s most likely prediction:

= arg max; poracle(j ‘ t<n)7 n e Q4a
" th, otherwise.

Both methods preserve the autoregressive structure of the input sequence but alter how loss is at-
tributed at high-entropy steps.
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Figure 8: A pedagogical illustration of the CCE loss modifications. For both examples the time
step ¢1 has an oracle entropy that belongs in the top 25%. Left: Entropy Scaling method, where the
loss of high entropy states is increased. Right: Entropy Consistency method, where the prediction
target for high entropy states is changed into the corresponding Oracle argmax for that state.

A.2 TRANSFORMER HYPERPARAMETERS

All transformer experiments utilize the Huggingface transformer (Wolf et al.|2020) implementation
of the Llama architectureDubey et al.|(2024), and utilize the Adam optimizer with a learning rate of
2.5e—5. For any non-Hyperfitting training we utilize a batch size of 128, and for Hyperfitting we
follow [Carlsson et al.| (2025) and use a batch size of 8. Table [3] contains a list of the architecture
settings for our different models.

Table 3: Model architecture configurations at different parameter scales.
Model 1M 5M 10M
Hidden Size 128 256 512
Intermediate Size | 512 1024 2048
#Layers 2 4 4
#Attention Heads | 8 8 8

A.3 PROBABILITY GAIN FROM A LOGIT PUSH

Following is a pedagogical analysis of the results in Section[4.3] where we discuss how tokens with
higher probability are more sensitive to logit changes. The aim is therefore to investigate how much
target token’s probability mass increases when we increase its corresponding logit.

We consider the set of logits Z = {z;}}_, that produces a probability distribution P = {p;})_; via
the softmax function. Let ¢ denote the target token, and z; the surgical logit A for our target token,
so that z; = z; + 4.

Running through the softmax with the updated probability for token ¢, we get:

’

e*t ez,,+X
P = = : (5)
Let Z = Z;;l e*i denote the original partition function. This allows us to write:
et ,
n=5 = ' =pZ = e =Z—e*=Z(1-p). (6)
J#t
Substituting back gives:
X
piZe
; (7

be= Z(1 —pi) +piZeX
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Canceling Z, we arrive at an expression depending only on the current probability p; and the logit
push X:

X
/ bie
=2 ®)
b (1 —pe) + pre®
The local sensitivity to a given push is therefore:
dpi
diX:pg(X) (1_]3;5(X))' ®)

Having established how the updated probability p; depends only on the current probability p; and
the logit push X, we now turn to the question of sensitivity. Figure [0] shows how this sensitivity
changes for a fixed X = 0. Clearly, the sensitivity is highest when p; is ~ 0.5, and vanishes as
p — 0 or p — 1. We can therefore conclude that the distribution is less responsive to small logit
updates when the probability is already very small or very big. This explains why high entropy
distributions shifts their probability mass slower compared to low entropy distributions, since even
the most likely token has a low probability when the entropy is high.

Softmax Probability Sensitivity at X =0

0.25¢ — p(1-p)

=0

0.20

0.15¢

0.10r

0.05}

Sensitivity dp;/dX at X

0.001

0.0 0.2 0.4 0.6 0.8 1.0
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Figure 9: Sensitivity of the probability with respect to a logit push at X = 0, showing the local slope
dpt/dX = pi(1 —pr).

A.4 LLM USAGE IN PAPER WRITING

LLMs were used in the creations of this paper primarily for spell checking and proofreading. In

addition, they were occasionally employed to help identify relevant sources of information for the
related works section. The main model used were GPT-5.
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