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Abstract

While transformer models exhibit strong in-
context learning (ICL) abilities, they often fail
to generalize under simple distribution shifts.
We analyze these failures and identify Softmax,
the scoring function in the attention mechanism,
as a contributing factor. We propose Scaled
Signed Averaging (SSA), a novel attention
scoring function that mitigates these failures.
SSA significantly improves performance on our
ICL tasks and outperforms transformer models
with Softmax on several NLP benchmarks and
linguistic probing tasks, in both decoder-only
and encoder-only architectures.

1 Introduction

Scoring functions are a core component of the at-
tention mechanism of transformer architectures,
governing how information is aggregated across
tokens and crucial for in-context learning (ICL).
Despite the empirical success of ICL, however, re-
cent studies have identified systematic limitations
in its generalization behavior (McCoy et al., 2024;
Ye et al., 2024; Naim et al., 2025a). Large lan-
guage models tend to perform well in contexts that
resemble patterns frequently encountered during
training, but struggle in so-called low-probability
settings—tasks, data distributions, or algorithmic
structures that are rare or absent from the training
corpus.

We investigate the origins of these limitations in
a controlled setting. We study two simple ICL tasks
using transformer models trained from scratch, al-
lowing us to isolate architectural effects from pre-
training artifacts. We show that the use of the Soft-
max scoring function in attention is one contributor
to the observed generalization failures.

To improve generalization, we introduce Scaled
Signed Averaging (SSA), a trainable alternative to
Softmax for attention scoring. We show that SSA
substantially improves ICL generalization in small
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transformer models in our controlled tasks. We fur-
ther demonstrate that these gains extend beyond
synthetic settings: a decoder-only Transformer
model (Nemotron-style, GPT-2-like) trained from
scratch on the FineWeb corpus (Penedo et al., 2024)
with SSA achieves lower perplexity and stronger
performance than a Softmax-based counterpart
across several standard NLP benchmarks. We also
evaluate SSA in encoder architectures. In par-
ticular, we train several variants of BabyBERTa
on a corpus of child-directed speech, including a
standard Softmax model and SSA-based counter-
parts. Consistent with our decoder-only results,
SSA-based BabyBERTa models achieve improved
performance on multiple tasks in the grammatical
probing suite of (Huebner et al., 2021).

2 Related Work

In-Context-Learning Brown et al. (2020) intro-
duced ICL as a paradigm in which a model learns
at inference time from the prompt by analogy, with-
out modifying any training parameters. Dong et al.
(2024) survey the successes and challenges of ICL,
noting that existing research has primarily focused
“on simple tasks and small models”, such as learn-
ing linear or basic Boolean functions. A reason for
this focus is that ICL emerges through training, so
studying it requires training from scratch. In this
work, we investigate both types of tasks.

Function Learning and Quantification Trans-
formers trained from scratch can perform ICL of
simple functions under favorable conditions. Garg
et al. (2022) demonstrated successful ICL of linear
functions when training and test distributions are
matched, and Bhattamishra et al. (2023) showed
ICL of Boolean functions in small GPT-2-style
models. Raventds et al. (2023) analyzed how ICL
capabilities evolve with pretraining scale under
matched distributions. For quantification, Asher
et al. (2023) proposed encoding semantic situations
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as input sequences to assess a generative model’s
understanding of basic quantifiers. We adopt both
of these evaluation paradigms: we test linear func-
tion prediction under distribution shift, and probe a
model’s grasp of “every” and “some” by encoding
quantified situations in context and evaluating the
correctness of the model’s interpretations.

Limits of In-Context-Learning A growing body
of work highlights sharp limits of ICL under dis-
tribution shift. Performance degrades substantially
when inference-time inputs differ from the training
distribution (Xie et al., 2021; Zhang et al., 2024;
Giannou et al., 2024). Naim et al. (2025b) system-
atically characterized distribution shifts causing
significant degradation, showing the failure is nei-
ther overfitting nor memorization. Ye et al. (2024);
McCoy et al. (2024) demonstrate broader limits
inherent to autoregressive training. Naim et al.
(2025a) extend this analysis to provide theoreti-
cal characterizations of ICL failure modes. Our
work complements these findings by identifying a
concrete architectural mechanism, Softmax satura-
tion, as a root cause, and by proposing a targeted
fix.

Problems with Softmax Prior work has docu-
mented concentration effects inherent to the Soft-
max operation in attention: weights often collapse
onto a small set of co-occurring tokens, neglect-
ing others, and in early layers many heads attend
almost exclusively to the first token (Tian et al.,
2023; Vig, 2019; Htut et al., 2019). Beyond token-
level collapse, models may rely on only a few to-
kens, or even a single token per prompt, for predic-
tion (Sekhsaria et al., 2025), with decision weight
disproportionately concentrated on the final token
(Mamidanna et al., 2025). Several alternative nor-
malization functions have been proposed to address
these limitations. Sparsemax (Martins and As-
tudillo, 2016) replaces Softmax with a projection
onto the probability simplex, yielding sparse atten-
tion distributions that can zero out irrelevant tokens
entirely. Entmax (Peters et al., 2019) generalizes
both Softmax and Sparsemax through a paramet-
ric family, enabling controllable sparsity between
dense and sparse attention regimes. Temperature-
scaled Softmax (Hinton et al., 2015) adjusts the
entropy of the attention distribution via a scalar
temperature parameter. More recent approaches
include SA-Softmax (Zheng et al., 2025), which
adapts logit scaling dynamically, and CosFormer
(Qin et al., 2022), which replaces the exponen-

tial kernel with a cosine-modulated linear alterna-
tive. Despite their diversity, we show in Section 7
that none of these alternatives yields consistent im-
provements over standard Softmax on our tasks,
motivating the design of SSA.

NLP Benchmarks Huebner et al. (2021) demon-
strate that transformer-based masked language
models can effectively learn core grammatical
structures from a small, child-directed corpus. their
BabyBERTa achieves a grammatical understand-
ing comparable to ROBERTa-base pre-trained on
30B words. (Huebner et al., 2021) also develop
a grammar evaluation suite tailored to child-level
vocabularies. We use this suite to compare SSA
and Softmax as scoring functions in encoder-only
models.

3 Our ICL Tasks and Experimental Setup

3.1 Tasks

We introduce two controlled ICL tasks and experi-
mental setup used throughout the paper. The aim
is to isolate the role of the attention scoring func-
tion and determine whether generalization failures
arise from architectural choices rather than data
complexity or scale.

The tasks probe complementary capabilities: log-
ical aggregation and functional inference. Both
tasks use synthetic data, operate on sequences of
numbers and use transparent prompting to mini-
mize confounds from prompt design.

Quantification task. This task evaluates whether
a model can correctly interpret simple quantifiers
over a sequence (see Figure 1). Given a sequence
of numbers, the model must predict the truth of
statements such as:

(1) a. Every number in the sequence is posi-
tive.

b.  Some number in the sequence is posi-
tive.

Training sequences S are drawn from an input dis-
tribution Dz = N(0,1).

At test time, we evaluate generalization under
two shifts: (i) longer sequences S with lengths
ranging from 10 to 200, and (ii) changes in input
scale, with D¥*' = (0, 0) foro > 1.

Linear function task. In this task, the model
must infer an affine function f(z) = ax + b from
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in-context examples. Coefficients (a,b) are sam-
pled from Dz = N(0, 1), and inputs z; are drawn
independently from D7.

At test time, we vary both the input distribu-
tion D' ~ N(0, 01) and the function distribution
D;‘?—St ~ N(O, 0'2), with 01,09 > 1.

3.2 Why these tasks?

Despite their simplicity, our tasks are conceptu-
ally fundamental. Failure on the quantification task
suggests deep limitations in a model’s reasoning
capabilities. The notion of logical or semantic con-
sequence, for instance, involves quantification; a
failure to understand quantification implies a fail-
ure to understand what it means to reason correctly
and will entail mistakes in tasks like question an-
swering (Chaturvedi et al., 2024).

The function prediction task tests a model’s abil-
ity to extrapolate patterns from contextual data to
novel situations, a core requirement of ICL. While
large models often succeed by relying on extensive
encoded knowledge, true generalization requires
the ability to go beyond the training distribution.
Our function task isolates this challenge in a con-
trolled setting. If a model fails to generalize here,
we should be cautious about claims of generaliza-
tion in more complex, less controlled scenarios
involving noisy or unknown data.

3.3 Training and Evaluation Setup

We train models from scratch on sequences of
input-output pairs (z1, f(z1), ..., x;) followed by
a query input x;, for which the model must pre-
dict f(z;). Sequence lengths are sampled using a
curriculum ranging from 11 to 40.!

We use decoder-only transformer models (GPT-
2 style), ranging from 1 to 18 layers. Unless oth-
erwise specified, we report results for a 12-layer
model with 8 attention heads “12LSAH” (22.5M
parameters), with and without MLP components,
as larger models did not yield qualitatively different
results.

To identify which components are responsible
for ICL and its limitations, we performed ablation
studies by systematically removing architectural
components.

Training minimizes the expected autoregressive

'"The code is
omyokun/SSA/.

available at https://github.com/

E z;g(f(xi)aﬁe(xlaf(xl)v"‘7‘1:1'))

where / is squared error for the linear task and
cross-entropy for the quantification task. Models
are trained for 500,000 steps with batch size 64.

Evaluation. For the quantification task, we eval-
uate performance over pairs (S, D) by gener-
ating 100 samples (each consisting of 64 batches)
and reporting the average error rate. For the linear
function task, we sample 100 functions from D",
For each function, we generate batches of input se-
quences drawn from D™ and evaluate predictions
at each position k > 2 given the preceding context.
We report mean squared error averaged across all
prediction points, batches, and sampled functions.

This protocol systematically measures general-
ization under distribution shift across both tasks.
The following sections use this setup to expose
systematic generalization failures, analyze their
origins, and ultimately identify the architectural
component responsible.

4 ICL Results

In this section, we use the controlled setup in-
troduced in Section 3.1 to evaluate whether mod-
els generalize under distribution shift across both
tasks.

ICL with quantifiers. When test samples are
drawn from the same distribution as training, i.e.
Dz, D' ~ N(0,1), models successfully predict
the correct truth values for (1-a) and (1-b), even for
test sequences S'*' substantially longer than those
seen during training (Figure 3). However, perfor-
mance drops sharply when inputs include one or
more x; values far outside the training distribution
(Figure 1). We refer to such sequences as deviant.

ICL with linear functions. We replicate the find-
ings of (Naim et al., 2025b): when training and test
data are both sampled from N (0, 1), even small
models achieve near-zero average error. All mod-
els exhibit systematic non-zero errors when the
target function is drawn from a shifted distribution
D% = N(0,0) with o > 2 (Appendix L).

Takeaway. Across both tasks, models perform well
in-distribution but fail systematically under distri-
bution shift, despite the underlying rule remaining
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unchanged. The following section analyzes the
source of these failures.

5 Error Analysis

Having seen failures under distribution shift, we
identify in this section what goes wrong when mod-
els encounter deviant sequences, and locate the
failure within the architecture.

What goes wrong. Across both tasks, the failure
pattern is the same: a single sufficiently large value
dominates the model’s output, causing it to ignore
other elements crucial for correct prediction. In the
quantification task, models base their predictions
for an entire deviant sequence S almost exclusively
on the largest element in S. The presence of a sin-
gle such number is enough to trigger this behavior
consistently (Figure 1). In the linear function task,
a single out-of-range input value similarly disrupts
predictions across the entire sequence (Figure 12
and Table 5).

Attention is the locus of failure. Crucially, this
behavior appears in both attention-only and full
transformer models across all our training and test-
ing setups. As with (Olsson et al., 2022), ICL was
effective even in models composed solely of atten-
tion layers, with no feedforward components (FF);
these attention-only models performed comparably
to their full transformer counterparts (Figure 13).
In contrast, models consisting only of FF layers
failed to perform ICL entirely. The attention mech-
anism is therefore both necessary and sufficient for
ICL on our tasks. Since the same failure pattern
appears with and without FF components, it can-
not be attributed to the MLP but originates in the
attention mechanism itself.

To rule out further representational issues, we
verified that models could correctly classify indi-
vidual numbers in deviant sequences as positive or
negative (Figure 7). They performed well on this
subtask, confirming that the information needed for
correct prediction was available, but could not be
used in the right way.

The failure is not a matter of scale. We observed
similar issues with larger pre-trained models. We
evaluated performance on the quantification task
using both fine-tuned and prompted versions of
LLaMA 3.1 8B, as well as the prompted LLaMA
3.3 70B model.> In a 5-shot setting, prompted
LLaMA 3.1 8B failed to master numerical inputs

2Prompts are provided in Appendix N.

from D%*" and showed no generalization to longer
sequences. LLaMA 3.3 70B performed better on
numerical inputs drawn from distributions outside
N (0, 1) but similarly failed to generalize to longer
sequence lengths. Interestingly, the fine-tuned
LLaMA 3.1 8B handled large numbers within a
sequence (Figure 11), but still did not generalize
beyond sequence lengths seen in training. On the
linear function task, prompted LLaMA 3.3 70B
sometimes appeared to apply a regression-like strat-
egy but still underperformed relative to our small
models (Table 4).

Takeaway. The generalization failure is architec-
tural, not a consequence of model scale or data
representation. Since the attention mechanism is
both necessary and sufficient for ICL, and the fail-
ure persists regardless of scale, the scoring function
within attention becomes the prime suspect. We
examine this in the next section.

6 The Softmax Problem

In this section, we show both mathematically and
empirically why the Softmax scoring function is
a primary cause of ICL generalization failures un-
der distribution shift and the attention collapse ob-
served in the previous section.

Softmax saturation. To recall the basics of atten-
tion, lete’ = (e, ..., e’) be the input embeddings
processed by the multi-head attention mechanism
at layer ¢, where ef denotes the embedding of the
i-th token. Each attention head h in layer £ is pa-
rameterized by Query, Key, and Value weight ma-
trices Qh’g, K"t and V¢, with d, the embedding
size divided by the number of heads. The output of
each head is:

n Rl \T (rhlal
Q"%;) ' (K™"e
C?’é = Z softmax <( ) J) Vh’eeﬁ
j=1

Vg

Once the gap between values in the Softmax
argument exceeds a threshold, the distribution con-
centrates on its maximum. Let z; denote the log-
its and assume z;, = max; z;. Writing A; =
Zj, — zj = 0, we have

ftmax(zj,) !
softmax(z;,) =
L2 o ©
e B
softmax(z;) =
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Input:

(1,True,-2, False, 3, False, 70)

Correct output: False

Model’s output: True

Figure 1: Attention maps for an ICL example for the task "every" of type (z1, f(z1), z2, f(22), ..., Z,, ), where the
query z,, is a big value. Dark blue indicates weights approaching 0, while yellow indicates weights approaching 1.

If A; > ¢ forall j # jo, then

1

SOftmaX(ZjO ) Z W

softmax(z;) < e”2 < e,

Thus, for § ~ 4 (so et~ 0.018), the maximal
weight is close to 1 while all others are negligible,
and the output collapses to:

CP = vhte! (1)
making the attention head’s representation of the
token dependent only on a context of size one. Im-
portantly, the large values z; yielding Equation 1
come from inputs the model has seldom seen in
training; the Q and K matrices were never trained
to handle them.

Empirical confirmation. Following standard prac-
tice for ICL in small transformers, we use a linear
embedding emb :  — z-W, for (z, W) € RxR%
This embedding preserves magnitude ordering: if
|z| < |y| then |jemb(z)| < |jemb(y)|. As a di-
rect consequence, a large input value will always
produce a large embedding norm, making Softmax
saturation not merely possible but inevitable when
deviant elements are present. Figure 1 confirms this
prediction directly: when the sequence contains the
value 70, the attention layer assigns virtually all
weight to that token, ignoring the elements that ac-
tually determine the truth value of (1-a). The model
consequently predicts the sequence as all positive,
based solely on the large value. With significant
differences in input values, Softmax increasingly
resembles Hardmax, assigning weight close to 1 to
the largest element and near O to all others. This
concentration effect is not limited to linear embed-
dings: significant norm differences also arise with
linguistic tokens, as seen in the OpenWebText cor-
pus (Figure 9, Appendix H).

Effect on linear functions. Softmax satura-
tion adversely affects the linear function task

as well.  For example, a 12LSAH model
predicting f(x) = « with input sequence
[100, —1.09, 0.78,0.26, 0.42] produces predictions
[—1.21,—0.28,2.15,0.96,0.65], a complete fail-
ure to approximate the function.

When a value z; in the sequence input to the at-
tention mechanism is larger than the other elements
of the sequence and other elements in its training,
Softmax will assign x; probability 1 and all other
elements in the sequence probability 0. This makes
sense in some tasks; a large value in the attention
mechanism intuitively signals a strong statistical
correlation in context sensitive aspects of mean-
ing (Asher, 2011); Softmax amplifies this value.
However, in tasks like ours this is problematic. An
input with a large norm representing a large num-
ber does not necessarily have a disproportionately
greater effect. For our tasks, the model must look at
many tokens in the context; with deviant sequences,
Softmax prevents the models from doing this.

Takeaway. Softmax saturation is a fundamental ar-
chitectural limitation: it causes attention to collapse
onto a single token whenever large-magnitude in-
puts are present, regardless of whether that token is
relevant to the task. This is particularly harmful for
ICL, which requires integrating information across
many context tokens simultaneously.

7 Exploring Alternatives to Softmax

Having identified Softmax saturation as the source
of generalization failures, a natural question is
whether existing alternative scoring functions al-
ready address this problem. In this section we
answer that this is not the case.

We systematically evaluated a broad range of
alternatives: temperature-scaled Softmax with 7 €
{5, 10,20, 50,100} or a trainable temperature pa-
rameter; sparse attention mechanisms (Sparse-
max (Martins and Astudillo, 2016) and Entmax (Pe-
ters et al., 2019)); hybrid schemes partitioning
attention heads across tanh, uniform averaging,
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ReLU, and 22 scoring functions (details in Ap-
pendix C); and linear or modified Softmax ap-
proaches, namely linear attention, CosFormer (Qin
et al., 2022) and SA-Softmax (Zheng et al., 2025).
None of these yielded consistent improvements
over standard Softmax on our tasks.

Takeaway. Despite the breadth of alternatives
tested, none succeeded in mitigating the saturation
problem identified in the previous section. This
suggests that a more targeted solution is needed,
which we develop in the next section.

log(MSE)

—eo— Entmax — CosFormer

—eo— Softmax
Sparsemax —e— Linear

Temperature
—e— SOFT/AVG

Figure 2: Evolution of log(MSE) across models tested
onz € DY = N(0,1) and weights a,b € D% =
N(0,0), as a function of the distribution shift parameter
o. All models use a 12-layer, 8-head full transformer.
Exact values are reported in Table 4 in Appendix C.

8 Solution: Signed Scaled Averaging
(SSA)

For ICL tasks that require integrating information
across many tokens, Softmax saturation is clearly
harmful. Conversely, tasks requiring focused atten-
tion on specific tokens can benefit from it. Rather
than relying on a one-size-fits-all scoring function,
we propose a mechanism that can adaptively con-
trol the degree of selectivity.

Selective Scaled Attention (SSA). To improve
ICL performance, we replace the exponential scor-
ing function with a parameterized alternative ap-
plied elementwise:

z — (14 bjz|)e @,

where b > 0 and n > 1 are trainable parameters.

SA-Softmax

The absolute value ensures a positive base, while
the signed exponent induces asymmetric behavior:
positive inputs grow polynomially, whereas nega-
tive inputs decay toward zero.

For a vector z = (21,...,2,) € RP, SSA is

defined as
1 b i sgn(z;) n
per (14 b2 [)sen(zn
Interpolation between regimes. SSA defines a

continuous family interpolating between polyno-
mial and exponential behaviors. For z > 0, setting
b= L andn = m yields

n __ x\m T

recovering exponential growth. At the other ex-
treme, for x > 0 and when b = n = 1, we obtain

(1+bx)"=1+ux,
which is linear.

Contextualization: SSA vs Softmax SSA dif-
fers from Softmax under two key transformations
of the logits. The first is global magnification: the
logits are multiplied by a common factor, which
can occur through the embedding or under out-of-
distribution inputs in our ICL tasks. The second is
inner disproportion: one token has an increasingly
larger score than the others like in the experiments
in Figure 1.

In both cases —magnification and inner
disproportion— SSA tends to keep a more bal-
anced view of context, whereas Softmax rapidly
tends towards hardmax, even in the presence of
temperature.

In this paragraph, b and n > 1 are fixed, so is the
SSA map; similarly, we fix a temperature 7 > 0 for
Softmax. Since non-positive logits rapidly vanish,
we restrict to positive logits.

We first address the magnification question,

where we see that Softmax saturates very fast while
SSA keeps a more balanced view of very large log-
its.
Theorem 1 (Logit magnification) Let r € RF be
a positive vector and let i, = argmax{r; :
1,...,k} be a maximizing token, assumed to be
unique. Given a scaling factor A > 0, consider the
two attention distributions

7 =

eAri/T

SM, T _
&; (A) o Zj e)\rj/T’

7
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and "
aZ-SSA()\) _ (1 + b)\TZ) ’
Zj(l + bAr;)"
foriv=1,... k. Then, as A — 00,
1 Q=i
OziSM’T(A) s y ¢ ?
0, 1% iy,
while "
ri

—.
22575

In other words, the residual “contextual mass” sat-
isfies

as A — 00.

-
1—aSA(\) 51— ==

- 25y

Proof. For Softmax, divide all terms by e
If j # iy, then

)\7‘1'* /T

:j//: _ AT )
because r;, > r;. Hence all nonmaximizing tokens
vanish and of™""(A) — 1, while o™ (A) = 0
for j # i..

For SSA, since every r; is positive,

(1+ bAry)™ = (bA)" (n + blA)n

The common factor (bA)™ cancels in the normaliza-
tion. The remaining terms converge to 7', giving
the stated limit. O

We now study inner disproportion, understood
here as the collapse of contextual mass when the
imbalance between the relative importance or score
of tokens increases.

Theorem 2 (Contextual mass collapse) Ler s =
(s1,...,5t) in R¥ be a positive vector and let i.
be the index of the maximizing token. Assume that
p:=8;, > land s; < 1 forall j # i,. Then
temperature-scaled Softmax satisfies

1—a3™7(s) < (k—1)e” (D)7,
whereas SSA satisfies

>z, (L4 bs;)"

1— aiSSA s) =
- (s) (1+bp)"+zj#*(l+bsj)"

and so
1—a(s)=0(p™).

=

Proof. For Softmax, since s; < 1 for j # i,

1 aZ.S*M’T(S) < Z e~ (p=s5)/7
j#is
Since s; < 1 forall j # i,

Z e~ (P33T < (| — 1)~ P17,
JF i
For SSA, the displayed formula follows directly
from the attention weights. Since s; < 1 for j # iy,
the numerator is bounded by (k—1)(1+b)", giving
the stated polynomial bound. O
In conclusion, as the size of the winning token
comes to dominate, temperature-scaled Softmax
tends to hardmax exponentially fast, while SSA
moves only polynomially, allowing for a more sub-
tle contextualization.
Additional theoretical analysis of SSA is pro-
vided in Appendix D.

Takeaway. Theorems 1 and 2 show, from two
different perspectives, that SSA keeps a stronger
awareness of contextual variety. Under global mag-
nification, Softmax loses the contextual mass out-
side the winning token, whereas SSA preserves a
distribution shaped by the relative scores. Under
inner disproportion, Softmax moves to hardmax ex-
ponentially fast, whereas SSA collapses only poly-
nomially. This matters for ICL, where the predic-
tion often depends on several contextual examples
rather than on a single dominant token. SSA there-
fore does not only soften attention: it gives each
head a trainable way to delay collapse and keep sec-
ondary tokens active when the context still matters,
while introducing only two scalar parameters.

9 Evaluating SSA

We now show how SSA’s theoretical advantages
translate into empirical gains, first on the controlled
ICL tasks that motivated its design, then on broader
NLP benchmarks to test whether the benefits gen-
eralize beyond synthetic settings.

9.1 Effects of SSA on ICL Tasks

Substituting SSA for Softmax substantially im-
proves performance on both ICL tasks. All results
use our 12L.8AH full transformer model. For the
quantification task, SSA yields considerable gener-
alization improvement both in handling longer test
sequences and in managing deviant inputs with
extreme values. Figure 3 compares error rates
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Softmax

Sequence length
=
o

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29
g

130

10 1.0
50 0.8
90 0.6
0.4
0.2
0.0

Error rate

150
170
190

1 3 5 7 911131517192123252729

Figure 3: Heatmaps showing the evolution of errors for the 12L8 AH model with Softmax (Left) and SSA (Right) on

the every task. Model was trained on data in Dz = N(0, 1) for lengths from 11 to 40 and tested in D4***

foro € {1,...,

Softmax

weights ~ N0, 0)

1 3 5 7 9
x~ N1(0, o)

= N(0,0)

30} and lengths from 10 to 200 for each task. Yellow represents a much higher error rate than purple.

SSA

-5.0

-7.5

-10.0

3 5 7 9
X~ N0, 0)

Figure 4: (Left) Comparison plot showing the evolution of log MSE for SSA and Softmax-based models (12L8AH)
with Dz, Dz, D5¥5" ~ N(0,1) and varying D%5" ~ N(0, o). The heatmap shows the evolution of logarithm of
MSE for the Softmax (Left) and SSA (Right) model when varying both D%s* and D%s*.

for the every task: the SSA model (right) main-
tains lower error across broader ranges of sequence
length and input distribution compared to the Soft-
max model (left). SSA also improves performance
on the some task (Appendix E). For the linear func-
tion task, SSA substantially improves performance
when tested on out-of-distribution function parame-
ters (Figure 4), outperforming all alternatives tested
(Table 4).

Takeaway. SSA directly addresses the failure
modes identified in Section 6: by avoiding sat-
uration, it allows attention to remain distributed
across context tokens even in the presence of large-
magnitude inputs. We next ask whether this advan-
tage persists in real NLP settings.

9.2 SSA on Decoder-Only NLP Benchmarks

We trained a Nemotron-style decoder-only model
(114M parameters, 12 layers, 24 attention heads,
hidden dimension 768) from scratch on 10B tokens
from the FineWeb corpus for 22k steps , using a
custom tokenizer with a vocabulary of 50,256 to-
kens. We compared a standard Softmax baseline
against an SSA variant under identical training con-
ditions, and evaluated both models on a range of
benchmarks using the LM Eval harness (Biderman
et al., 2024).

As shown in Table 1, SSA consistently outper-
forms Softmax across all evaluated tasks. Table 2
further shows that SSA achieves lower perplex-
ity on both in-distribution FineWeb data and out-
of-distribution Wikipedia text, with training loss
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curves reported in Figure 8 (Appendix G).

Benchmark Metric Softmax SSA
arc_challenge  acc_norm  0.2398 4+ 0.0125  0.2713 + 0.0130
arc_easy acc_norm  0.2934 £ 0.0093  0.5387 £ 0.0102
boolq acc 0.3783 4 0.0085 0.5618 + 0.0087
cb acc 0.1429 £ 0.0472  0.4643 £ 0.0672
cb f1 0.1310 0.2663
copa acc 0.5900 £ 0.0494  0.6400 £ 0.0482
hellaswag acc_norm  0.2550 £ 0.0043  0.3283 £ 0.0047
multirc acc 0.4280 4+ 0.0071 0.4350 £+ 0.0071
openbookqa acc_norm  0.2860 £ 0.0202  0.3040 + 0.0206
record f1 0.1983 +0.0040  0.2482 + 0.0043
record em 0.1932 £ 0.0039  0.2427 £ 0.0043
wic acc 0.5000 % 0.0198 0.5078 £+ 0.0198
winogrande acc 0.4972 4+ 0.0141 0.5178 + 0.0140

linguistic probe Softmax SSA 1.5 SSA2
agr_subj_verb-across_PP 56 5895  65.95
agr_subj_verb-across_RC  55.5 57.7 61.55
agr_subj_verb-in_Q+aux  76.5 79.0 7045
anaphor_agr-pron_gender  48.1 51.45 53.7
arg_str-dropped_arg 79.65 74.65  85.55
arg_str-swapped_args 83.3 92.0 88.0
arg_str-transitive 53.44 53.85 57.2
binding-principle_a 78.25 87.9 80.2
case-subjective_pron 85.55 89.7 9175
filler-gap-wh_Q_subject 79.2 833 6825
irregular-verb 70.05 78.3 69.2
quantifiers-superlative 71.2 83.95 65.25

Table 1: Zero-shot benchmark comparison between
Softmax and SSA on a Nemotron-style decoder model
(114M) trained for 22K steps on FineWeb. Bold indi-
cates the better result.

Evaluation Softmax SSA
FineWeb (in-dist.) | 21.86 19.73
Wikipedia (out-dist.) . 24.58 22.07

Table 2: Perplexity comparison between Softmax and
SSA (114M Nemotron-style decoder, 22K steps). Bold
indicates the better result.

Takeaway. SSA’s benefits are not confined to syn-
thetic tasks: it achieves lower perplexity on both
in-distribution and out-of-distribution text, lower
training loss, and consistent gains across a diverse
set of NLP benchmarks, all after only 22k steps of
training on FineWeb.

9.3 SSA on Encoder-Only Models

To test SSA beyond decoder-only architectures, we
trained variants of BabyBERTa (Huebner et al.,
2021) on the AO-CHILDES corpus, comparing the
standard Softmax baseline with SSA using fixed
exponents n = 1.5 and n = 2. BabyBERTa is a
compact RoBERTa-style encoder trained on child-
directed speech, well-suited for probing grammat-
ical dependency learning in limited-data settings.
We evaluated the models on linguistic probes from
(Huebner et al., 2021) using the masked language
modeling (MLM) metric, which measures token-
level accuracy against distractors.

As shown in Table 3, SSA improves Baby-
BERTa’s performance across a range of grammat-
ical phenomena. SSA-2 achieves the strongest
gains on syntax-sensitive tasks such as subject—
verb agreement across relative clauses and argu-
ment structure alternations, while SSA-1.5 yields
improvements on morphological and lexical tests
such as irregular verbs and pronoun gender.

Table 3: Performance of BabyBERTa models trained
from scratch on AO-CHILDES using Softmax and SSA
(1.5, 2), evaluated on linguistic probes from (Huebner
et al., 2021) with the MLM metric. Agr: agreement;
arg_str: argument structure; Subj: subject; Pron: pro-
noun; PP: prepositional phrase; RC: relative clause; Det:
determiner; N: noun; arg: argument.

Takeaway. Consistent with the decoder-only re-
sults, SSA enhances grammatical sensitivity in
encoder-only models as well. Taken together, the
results across controlled tasks, decoder models, and
encoder models support SSA as an effective drop-in
replacement for Softmax across transformer archi-
tectures.

10 Conclusion

Transformer models struggle to generalize effec-
tively to out-of-distribution data. We identified the
Softmax scoring function in the attention mecha-
nism as a factor contributing to this challenge and
introduced SSA, a novel scoring method that sig-
nificantly improves the performance on both math-
ematical and NLP tasks.

SSA enhances a model’s ability to capture lin-
guistic structure and allocate attention more effec-
tively, addressing Softmax’s tendency to saturate
and focus narrowly on a few tokens. By paramet-
rically controlling attention, SSA improves gen-
eralization without increasing model complexity
or reducing accuracy. While it does not solve all
generalization challenges, SSA directly mitigates
those caused by Softmax’s inflexible scoring, of-
fering a simple yet effective drop-in alternative for
transformers’ attention mechanism.

Limitations

Due to hardware and data constraints, we were
unable to scale models beyond 114M parameters.
We trained a Nemotron-style decoder-only model
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(114M parameters, 12 layers, 24 attention heads,
hidden dimension 768) from scratch on 10B tokens
from the FineWeb corpus for 22k steps, using a cus-
tom tokenizer with a vocabulary of 50,256 tokens.
This required approximately 2 days on 12 NVIDIA
A100 80GB GPUs per model. To enable a rigorous
comparison, we trained both a Softmax and an SSA
version under identical conditions, resulting in a
total of over 4 days of compute.

While SSA provides consistent improvements
in generalization, it does not fully resolve all lim-
itations of the attention mechanism. In particular,
our results indicate that SSA still struggles in sce-
narios involving strong distribution shifts, where
both the input z; and the test-time function distri-
bution D' differ significantly from the training
distribution D £.

More fundamentally, this points to a broader
open question regarding the attention mechanism
itself: its underlying mathematical structure tends
to conflate the magnitude of token representations
with their relevance to the task. As a result, to-
kens with large values can disproportionately in-
fluence attention, even when they are not the most
informative for the prediction. Addressing this mis-
alignment remains an important direction for future
work.
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A Training details

A.1 ICL Tasks

Our ICL tasks involve training from scratch on
sequences containing in-context examples (input-
output pairs) (z1, f(z1),...,z;) ending with a
query input z; that is used to generate the corre-
sponding output.

Model Architecture. We use a decoder-only
Transformer architecture from the GPT-2 fam-
ily (Radford et al., 2019) with 12 layers, 8 attention
heads, and a 256-dimensional embedding space.
Dropout is set to 0 as we sample fresh prompts
at each training step. The model takes as input a
sequence of vectors in its embedding space and
predicts the next vector in the sequence.

Input/Output Encoding. Both prompt inputs
and outputs are then mapped into the model’s la-
tent embedding space of dimension 256 through a
learnable linear transformation Wy, € R?°6. The
model processes this sequence and outputs vectors
in the same embedding space. These output vectors
are mapped back to scalar predictions via a sepa-
rate learnable linear transformation Wye, € R?°6
(implemented as a dot product).

Training Procedure. Models are trained for
500k steps using the Adam optimizer (Kingma and
Ba, 2014) with a learning rate of 10~ and batch
size of 64. At each training step, we sample a fresh
batch of random prompts by: (1) sampling a ran-
dom function g from the function class according
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to Dr, (2) sampling inputs z1, . .., xx1 indepen-
dently from Dz, and (3) evaluating g on these in-
puts to produce the prompt. For each prompt, the
loss is computed as + Zle(gi — g(x;))? where ;
is the model’s prediction.

Curriculum Learning. We conduct training
both with and without curriculum learning. When
employing curriculum learning, we train on a set
S of training sequences of varying lengths, rang-
ing from 1 to k = 40. Specifically, we start with
prompt length 3 (number of input-output pairs).
Every 2,000 training steps, we increase the length
by 2, until reaching the full prompt length.

Additional training information: We use the
Adam optimizer (Kingma and Ba, 2014) , and a
learning rate of 10~ for all models.

Computational resources: We used Nvidia A-
100 GPUs to train the different versions of trans-
former models from scratch, with an average train-
ing time of 4 hours and used Nvidia Volta (V100 -
7,8 Tflops DP) GPUs for the fine-tuning of LLaMA
3.1 8B involved in these experiments.

Fine-tuning LLaMA 3.1 8B was fine tuned on
26000 randomly generated sequences S progress-
ing from 1 to 40 for 2 epochs using LoRA (Hu
et al., 2022). The input values were drawn from
N(0,1). At test time, we were only able to run
a few sequences for each possible we examined
sequence lengths from 10 to 200 and number dis-
tributions from N(0,0) for 1 < o < 30. This
meant that we could only run a few test batches,
since we need to look at 600 total pairs for each
task. We averaged the prediction errors on the each
(S', DY) possibility.

For our attempted fine-tuning of LLaMA 3.1 8B
on the function task, we set the input sequence
to be of the form (z1, f(x1), z2, f(x2), ..., 2y TE-
quiring that the output be of the form f(z,), a
single numerical value. The model returned a list
of values (wy, wa, ...). It failed to capture the basic
input and output pattern.

A.2 Training on FineWeb

Training Details. We trained a Nemotron3-style
Transformer decoder model from scratch with cus-
tomized dimensions, totaling 114M parameters.
The model consists of 12 Transformer layers with
24 attention heads and grouped-query attention
(GQA) with 8 query groups, a hidden dimension

of 768, a feed-forward hidden dimension of 3,072,
and a maximum context length of 1,024 tokens.
Input and output embeddings are shared, and the
vocabulary size is 50,256 tokens. Training was per-
formed using the Adam optimizer with 5; = 0.9,
Ba = 0.95, e = 10~°, and a weight decay of 0.1.
We used a peak learning rate of 3 x 10~ with a co-
sine decay schedule over the full training horizon,
computed from the total token budget of approx-
imately 10B tokens. The global batch size was
128 sequences with a micro-batch size of 1 and
a sequence length of 1,024 tokens, yielding ap-
proximately 131k tokens per step. Mixed-precision
training was conducted in BFloatl6 using a dis-
tributed optimizer. For SSA, the parameter b was
fixed to 0.8, while n was learned as a per-layer
parameter (shared across attention heads).

Aside from the choice of scoring function and
its parameterization, all architectural components,
optimization settings, and training procedures were
kept identical across models. As a result, we ob-
serve no meaningful difference in training time
between SSA- and Softmax-based models.

B SSA settings

For each task, we trained two classes of models dif-
fering only in the scoring function. The first uses
the standard Softmax-based attention mechanism,
while the second replaces Softmax with SSA. In the
SSA setting, a small number of additional param-
eters are learned independently for each attention
head, such that every head in every Transformer
layer has its own set of SSA parameters. Con-
cretely, SSA introduces only two scalar parameters
per attention head. For a model with 12 layers and
8 attention heads per layer, this corresponds to a
total of 2 X 12 x 8 = 192 additional parameters,
which is negligible compared to the overall model
size. All initialization and optimization details re-
quired for exact reproducibility are provided in the
released code. Aside from the choice of scoring
function and its parameterization, all architectural
components, optimization settings, and training
procedures were kept identical across models.

C Using mixtures of scoring functions

A natural test is to take temperature-scaled Soft-
max with parameter 7 to rescale the exponen-
tial behavior. We tried several scaling factors
T € {5,10,20,50,100}, but none produced bet-
ter results than the standard Softmax. In addition,
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[ models \ 0 [1 [2 [3 [ 4 [5 [ 6 [ 7 [8 [9 [ 10 ]
Softmax 8 x 107° 3x 1077 6x102 042 [1.62 [ 3.8 [942 [ 1351 [ 27.99 | 45.35
Sparsemax 2x107* 3x 1073 0.28 135 | 3.07 | 873 11.06 | 29.15 | 45.39 | 78.16
Entmax 1x1074 2.9x 1072 | 0.27 1.16 | 2.78 9.62 11.60 | 25.66 | 51.30 | 81.74
Linear 1074 6.1x1072 | 0.3 156 | 3.84 | 8.64 | 12.82 | 33.54 | 47.86 | 79.06
Trainable 7 7x107° 3.3x1072% | 033 142 | 321 | 821 11.22 | 28.60 | 46.22 | 78.02
=5 3x107* 1x 1072 0.81 3.17 | 7.37 16.33 | 21.43 | 51.28 | 74.55 | 103.71
=10 1x107* 3x 1073 0.29 125 | 298 | 7.61 1043 | 2343 | 41.96 | 68.81
=20 5.2x107° | 29x 1072 | 0.30 122 | 297 | 8.05 1125 | 28.48 | 47.13 | 78.53
T =50 1x107* 3.1x1072 | 0.29 129 | 3.18 | 8.14 11.68 | 24.15 | 42.81 | 73.51
T =100 1x107% 25x 1072 | 0.26 1.11 | 2.82 | 8.53 12.07 | 29.02 | 51.43 | 80.49
SOFT/AVG 7x107° 3x 1073 0.30 1.22 | 291 | 752 | 10.32 | 22.97 | 38.97 | 60.03
4 Scoring fts 5x107° 3x 1073 0.34 1.33 | 3.18 | 8.28 | 10.99 | 26.31 | 42.42 | 70.33
CosFormer 2x107* 5.6 x 1072 | 0.43 2.07 | 5.10 | 12.54 | 16.91 | 46.68 | 66.22 | 91.02
SA-Softmax 6 x 107° 2.8 x 1072 | 0.37 1.83 | 3.83 | 11.94 | 13.72 | 39.29 | 58.43 | 80.31
Llama3.370b | 2 x 1073 5.50 3.16 13.71 | 18.21 | 23.91 | 28.99 | 33.51 | 40.25 | 48.02

Table 4: Comparison showing the evolution of squared errors for models tested on z € DY = N(0,1) and

weights a,b € D% = N(0,0). Temperature-scaled Softmax is evaluated with either a fixed temperature 7 €
{5, 10,20, 50,100} or a trainable temperature parameter learned during training. All models use a 12-layer

Transformer with 8 attention heads.

we experimented with alternative normalization
functions that yield sparse attention distributions,
including Sparsemax (Martins and Astudillo, 2016)
and Entmax (Peters et al., 2019). These methods re-
place the Softmax normalization while preserving
the overall attention framework. However, neither
Sparsemax nor a-Entmax led to performance im-
provements on our tasks.

We next partitioned the attention heads such that
half utilized Softmax-based scoring, while the re-
maining half employed uniform averaging over all
tokens. This design, we thought, would preserve
contextual breadth, reduce the risk of focusing to
specific tokens, and also increase the model’s ex-
pressiveness through multiple scoring functions.
We experimented with four distinct known scoring
functions (tanh, average, ReL.U, and 1:2), assigning
two heads to each (For detailed results see Table
4). This approach improved over than Softmax on
N (0, 1) but was less good elsewhere.

We additionally tested COSFORMER (Qin et al.,
2022), which replaces the exponential weighting in
Softmax with a cosine-modulated kernel combined
with linear normalization. But, cosFormer did not
improve performance on our ICL tasks and often
underperformed the Softmax baseline (Table 4).

Finally, we experimented with the re-
cently proposed Self-Adjusting Softmax (SA-
Softmax) (Zheng et al., 2025). However, this
mechanism did not yield better generalization
or accuracy than the standard Softmax attention
(Table 4).

D Additional Supporting Analysis for the
SSA Function

Let’s consider:

flx) = (1 +blz))#@n  h>0,n>1,
(3)

Logits are denoted s1, ..., s, € R.
SSA _

f(si)
7 - k :
> =1 f(s5)
In this section, we provide additional analyti-
cal details for the function f, including its C'-
regularity.

“

D.1 Growth Behavior: SSA vs. Exponential

Softmax uses the exponential function, whose
super-polynomial growth causes severe sensitivity

to logit differences:
e’ — oo exponentially in z.

SSA behaves fundamentally differently. Since
sgn(x) determines the exponent, SSA admits the
piecewise form

(14 bx)",
(1 +bla])™",
Hence the asymptotics are
f(@) ~ (bx)",
f@) ~ (o))"
Thus f grows only polynomially, in stark con-

trast to the exponential. It therefore reacts more
gently to large positive logits.

x>0,

x < 0.

r — +00:

r— —0Q:
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Figure 5: Illustration of the base function (1 +

blz|)*&*(@)" used in SSA, plotted for b = 1 and n €
{1.1,1.5,2}. The curves demonstrate that SSA exhibits
behavior similar to the exponential function, but with a
tunable growth rate toward +oo, which increases with
larger values of the exponent n.

D.2 Gradient Structure and Logarithmic
Slope

Piecewise derivative. Differentiation yields

nb(1 + bx)" 1
nb(l —bx)~ "1 =z <0,

nb, z =0,

z >0,

fi(a) =

Therefore f is C'' and

O(|z["1),

O(jz|™ 1), z— —oo.

T — +00,

/()] =

Softmax satisfies f/(x) = e®, which diverges ex-
ponentially for large x.

Define g(x) = I@ From

Logarithmic slope. (o)

the expressions above,

nb

g(z) = Tbma

The graph of g(x) for ssa shows that extremely
large inputs are “cropped”; an increase in the size
of large input will only provide a small increase
in score, whereas for small values SSA is quite
sensitive. This does not occur with Softmax with
g(z) = 1: large inputs give large outputs.

E Heat map for the ""some' task with
SSA for model trained from scratch

200 190 180 170 160 150 140 130 120 110 100 90 80 70 60 50 40 30 20 10

200 190 180 170 160 150 140 130 120 110 100 90 80 70 60 50 40 30 20 10

2

R R R R R R R IR R R R R P

Figure 6: Heatmap showing the evolution of errors for
the task some trained on data in Dz = N(0,1) for
lengths from 11 to 40 and tested in D% = N(0, o) for
o € {1,...,30} and lengths from 10 to 200. The first
figure is for the Softmax-based model and the second
with SSA. Yellow represents a much higher error rate
than purple.

F Individual Sign Classification Under
Distribution Shift

To confirm that generalization failures on the quan-
tification task are not caused by the model losing
the ability to represent or classify individual values,
we tested whether the model can correctly deter-
mine the sign of a single out-of-distribution input.
Foreach o € {1,...,29}, we presented the model
with a one-point prompt where the input was drawn
from N(0, o) and the ground truth label was the
sign of that input.

As shown in Figure 7, the model achieves perfect
accuracy (1.0) across all values of o, with zero er-
rors out of 64 sequences in every condition, regard-
less of how far the input lies outside the training
distribution N (0, 1).
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—eo— Model accuracy

1.00
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Figure 7: Sign classification accuracy of the 12LSAH

Softmax model on one-point prompts with inputs drawn
from N(0,0), foro € {1,...,29}.

G Training Loss Evolution: SSA vs

Softmax
1y — ssa
10+ — Softmax
9t
sl
@
e 71
=
6l
5h
a4l
3t L L L L L
0 5k 10k 15k 20k

Training Step

Figure 8: Training loss curves for SSA and Softmax on
the Nemotron-style decoder model (114M) trained on
FineWeb for 22K steps.

H Repartition of token norms in the
OpenWebText

Token Embedding Norm vs. Token Count

Token Count (log scale)

Token Embedding L2 Norm

Figure 9: Plot showing how many tokens have a norm
of value x, for OpenWebText using GPT-2 Tokenizer.
The x-axis is token embedding norm and the y-axis is
token count (log scale)

I Heat map for the '"'some'' task with
pre-trained and finetuned models

N T . T S T . S S
CTRE R TN TR Y TR TR TR T TR TR R T

110

130

150

170

190

R T T A S B S S S

Figure 10: Heatmap showing the evolution of errors for
the task "some" on different models "Pre-trained Llama
3.370B", "Pre-trained Llama 3.1 8B" and finetuned on
Llama 31 8B", respectively from top to bottom on data
in Dz = N(0, 1) for lengths from 11 to 40 and tested
in DL = N(0,0) for o € {1,...,10} and lengths from
10 to 200. Yellow represents a much higher error rate
than purple.
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J Heat map for the "every' task with K Examples of How Models Behave
pre-trained and finetuned models In-Distribution vs. Under Distribution
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Figure 11: Heatmap showing the evolution of errors O | o IO i s O VA |
for the task "every" on "Pre-trained Llama 3.3 70B" 1000.00 1000.25 1000.50 1000.75 1001.00 1001.25 1001.50 1001.75 1002.00

X

(First), "Pre-trained Llama 3.1 8B" (Second) with 5 shot

learning and finetuned on Llama 31 8B" (Third), ondata ~ Figure 12: Plots for model 12L8AH, trained on
in Dz = N(0, 1) for lengths from 1 to 40 and testedin Dz, D ~ N(0,1) for f(x) = x for high values (First)
Dt = N(0,0) for o € {1,...,10} and lengths from 10 of x and f(x) = 10z for normal (Second) then for low
to 200. Yellow represents a much higher error rate than  values of x (Third)

purple.
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L Out-of-Distribution Generalization
Failure Across Architectures

To ensure that comparisons between models are
meaningful, for each AV/(0, o), we set a seed when
generating the 100 random linear functions, ensur-
ing that each model sees the same randomly chosen
functions and the same set of prompting points ;.

140

2L1AH
2L4AH
12L8AH
18L8AH
2AL32AH
12AL8AH

120

100

MSE

Sigma

Figure 13: Evolution of MSE for full transformer mod-
els (e.g., 12L8AH = 12 layers, 8 heads) and attention-only
models (e.g., T2AL8AH = 12 attention layers, 8 heads),
with Dx, Dz, D¥*" ~ N(0,1) and D%5* ~ N(0,0)
for various 0. Both architectures exhibit strong in-
distribution ICL performance (¢ ~ 1), but MSE de-
grades sharply for all models as ¢ increases, revealing
a consistent failure to generalize out-of-distribution re-
gardless of architecture.

M Evolution of MSE over different scales
of small Transformers
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models \ o | 1 10 20 30 40

50

60 70 80 90 100

12L8AH 6.4e-05 | 0.05 | 0.25 | 0.50 | 0.82

1.21

1.66 | 1.87 | 2.02 | 2.14 | 2.20

Table 5: Table showing the influence of deviant inputs: Comparison showing the evolution of squared errors for

models tested on x € DY = N(0,1), except the first element 2o € DL = N(0,0) and weights a,b € D!

N(0,1).

N Prompts used for tests on pre-trained
models

""Linear Function'' System Prompt

You are an auto-regressive Al model designed to predict
the next value in a sequence of input-output pairs that
follow a linear function f(z) = ax + b. Your task is
to analyze the given input-output pairs and predict the
output for the final input value.

Here are some examples to illustrate the task:

Example 1:

CONTEXT: [1,3,2,5,3,7,4]

#Answer: 9

Example 2:

CONTEXT: [0, 1, 2, 5,4, 9, 6]

#Answer: 13

Example 3:

CONTEXT: [1, -1, 2, -3, 3, -5, 4]

#Answer: -7

Example 4:

CONTEXT: [0, 0, 2, 6, 4, 12, 6]

#Answer: 18

Example 5:

CONTEXT: [-2,-3,0, 1,2, 5, 4]

#Answer: 9

Now, given a new sequence of input-output pairs where
the last output is missing, predict the final value.
IMPORTANT:

e DO NOT include any explanations in your re-
sponse.

¢ DO NOT use any PYTHON code in your response.

* GIVE JUST THE NUMERICAL OUTPUT AS
THE ANSWER.

""AND" Task System Prompt

You are an auto-regressive Al model designed to evalu-
ate whether each sublist of a list of numbers is entirely
positive. Your task is to process the list incrementally,
verifying the positivity of each sublist one by one. A sub-
list is considered “TRUE” if all its elements are greater
than zero. Once a sublist contains a non-positive num-
ber, all subsequent sublists will be marked as “FALSE”.
Although you process the list step-by-step, you will only
output the final list of booleans once all sublists have
been evaluated.

Here are some examples to illustrate the task:

Example 1:

CONTEXT: [1, 1, 2,3, -1, 2, 1]

#Answer: [True, True, True, True, False, False, False]
Example 2:

CONTEXT: [0.1, -9, -0.11, 5, 0, 3.5]

#Answer: [True, False, False, False, False, False]
Example 3:

CONTEXT: [-1, -2, -3, -4, -5]

#Answer: [False, False, False, False, False]

Example 4:

CONTEXT: [0.5, 1.5, -0.5, 2.5, -2.5]

#Answer: [True, True, False, False, False]

Example 5:

CONTEXT: [10, -10, 0, 0.01, -0.01]

#Answer: [True, False, False, False, False]

Now, given a new list of numbers, perform the same task
and provide the final output in the specified format.
IMPORTANT:

* DO NOT include any other text in your response.
e DO NOT use any PYTHON code in your response.

* GIVE JUST THE OUTPUT LIST AS THE AN-
SWER.
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"OR" Task System Prompt

You are an auto-regressive Al model designed to evaluate
whether each sublist of a list of numbers has a positive
element. Your task is to process the list incrementally,
verifying if there exists a positive element in each sublist
one by one. A sublist is considered “TRUE” if it has a
positive element. Although you process the list step-by-
step, you will only output the final list of booleans once
all sublists have been evaluated.

Here are some examples to illustrate the task:

Example 1:

CONTEXT: [1, 1,2, 3,-1,2, 1]

#Answer: [True, True, True, True, True, True, True]
Example 2:

CONTEXT: [-0.1, -9, -0.11, 5, 0, 3.5]

#Answer: [False, False, False, True, True, True]
Example 3:

CONTEXT: [-1, -2, -3, -4, -5]

#Answer: [False, False, False, False, False]

Example 4:

CONTEXT: [-0.5, 1.5, -0.5, 2.5, -2.5]

#Answer: [False, True, True, True, True]

Example 5:

CONTEXT: [-10, -10, -3, 0.01, -0.01]

#Answer: [False, False, False, True, True]

Now, given a new list of numbers, perform the same task
and provide the final output in the specified format.
IMPORTANT:

* DO NOT include any other text in your response.
* DO NOT use any PYTHON code in your response.

e GIVE JUST THE OUTPUT LIST AS THE AN-
SWER.

O Example of an output generated by a
fine-tuned Llama 3.1 8B on Linear
functions

Llama 3.1 8b fine-tuned on Linear Function
did not understand the task and was not con-
sistent even with the size of the output gener-
ated, which was different from an example to an-
other. Here is an example of the generated output

[1.33,0.79,2.61,0.0,0.9).
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