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Abstract

Despite the rapid progress in large language models (LLMs),
even sub-billion-scale systems perform at chance level on
challenging natural language inference (NLI) benchmarks
such as Adversarial Natural Language Inference (ANLI),
while training larger models is often impractical due to lim-
ited computational resources. We address this parameter-
efficiency bottleneck in NLI with a Complex–Vector Token
Representation that explicitly decouples each token from its
context, and a Token–Context Attention mechanism that up-
dates each token based on the most informative contextual
semantics. On ANLI, a 0.8B-parameter Token–Context At-
tention model achieves higher parameter efficiency (accuracy
per parameter) than all 1B and comparable 0.8B self-attention
baselines; it also suffers smaller performance degradation un-
der Fast Gradient Sign Method (FGSM) and Projected Gra-
dient Descent (PGD) attacks and achieves the largest few-
shot gains on SNLI and MNLI while exhibiting no significant
degradation in ANLI accuracy after adaptation. These results
suggest that explicitly disentangling token and context offers
a viable alternative to standard self-attention for NLI tasks.

Introduction
The Adversarial Natural Language Inference (ANLI) bench-
mark is designed to target the semantic weaknesses of natu-
ral language models by iteratively collecting human-written
adversarial examples (Nie et al. 2020). Pretrained Trans-
former models smaller than GPT-3 (≈ 175B parameters)
typically perform at chance level on ANLI in the zero-shot
setting, and even GPT-3 itself does not substantially exceed
chance without task-specific fine-tuning or supervised train-
ing (Brown et al. 2020). Moreover, simply increasing model
size does not guarantee improved performance on ANLI-
like tasks (Wang et al. 2023). Meanwhile, large-scale pre-
training is prohibitively expensive (Yao et al. 2022). This
raises a natural question: how can we improve the parame-
ter efficiency (accuracy per parameter; APP; see Canziani,
Paszke, and Culurciello 2016) of Transformer-based NLI
models under limited computational resources?

To answer this question, we propose a Complex-Vector
Token Representation whose magnitude encodes global se-
mantics and its phase captures each token’s alignment to that
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global meaning (in polar form). After converting to Carte-
sian coordinates, the real and imaginary parts correspond
to the token itself and the L2-norm–based context vector
(from all other tokens), respectively, each regulated by a
transformation-induced cosine-similarity gate. Building on
this, we compute token–context attention weights and up-
date each token with multiple high-weight contexts.

On the ANLI benchmark, our 0.8B-parameter Token-
Context Attention (T-C Attn) achieves higher APP than
all 1B- and comparable 0.8B-scale self-attention baselines.
When transferring Token-Context Attention’s trained check-
points to SNLI (Bowman et al. 2015) and MNLI (Williams,
Nangia, and Bowman 2018), zero-shot accuracy shows only
modest drops, while fine-tuning on just ten samples yields
the largest few-shot gains among all models. Finally, under
FGSM (Goodfellow, Shlens, and Szegedy 2015) and PGD
(Madry et al. 2018) embedding perturbations, its accuracy
declines less than that of any self-attention baseline, sug-
gesting a promising trend toward improved stability.

Background
Benchmarks
Madaan et al. (2025) show that ANLI remains unsaturated,
discriminates between similarly sized models, and yields
consistent gains with training and scaling, making it a strong
benchmark for LLM evaluation.

Architecture-Level Approaches
(1) Transformer Architecture Improvements

Several Transformer variants reweight attention toward
more reliable signals: Adversarial Self-Attention (ASA) ap-
plies binary masks during training (Wu et al. 2023a); Dy-
namic Attention adjusts logits at test time via masking and
resampling (Shen et al. 2024); Gaussian-biased attention
adds distance-aware priors (Guo, Zhang, and Liu 2019);
context vectors are fused into the query–key projection (Gu-
rurangan et al. 2018); and Multi-Token Attention expands
each query’s receptive field (Golovneva et al. 2025). How-
ever, these designs still entangle global and local semantics,
making models vulnerable to spurious lexical cues.

(2)Alternative Architectures
Recent architectures pursue linear-time or Fourier-

style token mixing, e.g., RetNet’s gated retention (Sun

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

34836



Figure 1: A Token–Context architecture based on Complex–Vector Token Representations

et al. 2023), the selective state-space (SSM) modeling of
Mamba (Gu and Dao 2023), data-dependent Gated Linear
Attention (Yang et al. 2024), and FFT-based mixers such
as FNet (Lee-Thorp et al. 2022). These methods reduce the
quadratic cost of self-attention, but typically incur accuracy
gaps on fine-grained language-understanding tasks.

Representation-Space Variants
Tian et al. (2024) introduce EulerFormer, which uses Eu-
ler’s formula to represent token embeddings as polar-form
complex vectors, with real and imaginary parts taken from
the two halves of the embedding. Lee, Hasegawa, and Gao
(2022) survey complex-vector constructions, including rect-
angular (magnitude–phase) and polar (rotation-invariant)
decompositions. Yet, these approaches do not explicitly and
interpretably disentangle global from local semantics.

Complementary Approaches
Training-time regularization includes information bottle-
necks (e.g., InfoBERT (Wang et al. 2021)), adversar-
ial or perturbed pretraining (e.g., ALUM (Liu et al.
2020)), hidden-state noise (e.g., CreAT (Wu et al.
2023b)), and rationale-guided policy optimization (e.g.,
GRPO (Miralles-González et al. 2025)). Inference-time
post-processing uses mixture-of-agents ensembling (Wang
et al. 2025), instruction-tuned prompts (Kavumba et al.
2023), explanation-aware rerankers (Koulakos et al. 2024),
and self-consistency voting (Abdaljalil et al. 2025; Jiang
et al. 2025). Data-centric augmentation leverages GPT-3–
expanded WANLI (Liu et al. 2022; Williams, Nangia, and
Bowman 2018), logic-based perturbations (e.g., LogicAt-
tack (Nakamura et al. 2023)), and rationale-augmented cor-
pora (e.g., SMANLI/EMANLI (Pieper et al. 2024)). While
effective for NLI, these methods still rely on extra prompts,
adversarial data, or ensemble machinery.

We present a Complex–Vector Token Representation with
Token-Context Attention that improves APP without ex-

tra prompt engineering, adversarial data, or reinforcement
learning from human feedback (RLHF), while remaining
training costs comparable to, or even lower than standard
Transformers.

Method
We draw on ideas from signal processing, where signals are
often represented in polar coordinates using a magnitude
and a phase to decouple different attributes. In this frame-
work, a signal’s magnitude encodes its strength, while its
phase represents the position relative to a reference signal
(Feynman, Leighton, and Sands 2010). Analogously, we de-
couple a global semantic vector G and per-token local se-
mantic vectors α from the input text, and re-encode each
token by its dimension-wise angular deviation α relative
to G as G · ei·α, where G summarizes the overall seman-
tics and serves as a relatively stable background. After con-
verting this polar form to Cartesian coordinates, the real
part serves as the token representation, while the imaginary
part encodes its contextual representation. Both parts are
transformation-induced and modulated by a semantic gate
cos(α) + 1 applied elementwise, which amplifies semantic
alignment and suppresses contradictions, thereby mitigating
spurious correlations.

Complex–Vector Token Representations
Global Semantics Representation Token-level interpre-
tation depends heavily on the global semantics of the
input, which provides the disambiguating context neces-
sary for improved understanding. Formally, given an in-
put text W with n tokens [w1,w2, . . . ,wj , . . . ,wn], we
can denote the j-th token’s embedding vector by wj =
[wj,1, wj,2,. . . , wj,d] ∈ Rd, j ∈ {1, 2, . . . , n}, d ∈ N
(e.g., d = 768). Then, we can formulate W as shown in

Eq. 1, where each element wj,k denotes the k-th compo-
nent of the j-th token’s embedding vector. From a physical
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perspective, the magnitude of each signal component is de-
fined as Gj,k = |wj,k| (Oppenheim, Willsky, and Nawab
1996). Based on these definitions, the token magnitude ma-
trix shown in Eq. 2 contains the magnitude of each token in
every embedding dimension and is computed from the token
embedding matrix in Eq. 1.

W=

w1

...
wn

=
w1,1 w1,2 . . . w1,k . . . w1,d

...
...

. . .
...

. . .
...

wn,1 wn,2 . . . wn,k . . . wn,d

∈Rn×d (1)

For example, Gj,k corresponds to the magnitude of the
j-th token along the k-th dimension, and is defined as
Gj,k = |wj,k|. Once all per-token magnitudes are com-
puted, we aggregate them across tokens along each em-
bedding dimension to obtain the global semantic vector:
G=[G1, . . . , Gk, . . . , Gd].G1,1 . . .G1,k . . . G1,d

...
. . .

...
. . .

...
Gn,1 . . .Gn,k. . . Gn,d

=
|w1,1|. . .|w1,k|. . . |w1,d|

...
. . .

...
. . .

...
|wn,1|. . .|wn,k|. . . |wn,d|

 (2)

For each dimension k, the magnitude component Gk

is the L2 norm of the k-th column of the token mag-
nitude matrix in Eq. 2, formally: Gk =

∥∥G:,k

∥∥
2

=√(∑n
j=1 G

2
j,k

)
=

√(∑n
j=1 w

2
j,k

)
, where Gj,k = |wj,k|.

Local Semantics Representation Local semantics cap-
ture token-level meanings that are essential for model-
ing contextual dependencies and subtle variations. When
each token embedding is viewed as a discrete signal, its
phase encodes the token’s dimension-wise position rela-
tive to the global semantic vector. Formally, for each to-
ken wj in an input text, its phase vector is αj =
(αj,1, αj,2, . . . , αj,k, . . . , αj,d) ∈ Rd, where αj ,k is defined

as atan2

(√
1−

(
wj,k

Gk

)2
,

wj,k

Gk

)
∈ [0, π] based on the cor-

responding element Gk in the global semantic vector of the
input text G = [G1, G2, . . . , Gk, . . . , Gd]. With these defi-
nitions, we can derive the token phase matrix in Eq. 3 from
the token embedding matrix in Eq. 1.

A=

α1

...
αn

=
α1,1 α1,2 . . . α1,k . . . α1,d

...
...

. . .
...

. . .
...

αn,1 αn,2 . . . αn,k . . . αn,d

 ∈ Rn×d (3)

Adapt Magnitude with Local Semantics We adapt the
global semantic vector G using each token embedding wj

as G′ = [G1 + wj,1, G2 + wj,2, . . . , Gd + wj,d] prior
to constructing the Complex–Vector Token Representation,
which is finally given by Zj = G′ ·ei·αj ∈ Cd. For example,
steps one to three in Fig. 1 illustrate how each token in the
input text “I am alive” is transformed into three Complex–
Vector Token Representations.

Dual Directional Gating
As Step IV in Fig.1 shows, converting Complex–Vector To-
ken Representation from polar to Cartesian coordinates via

Euler’s formula eiθ = cos(θ) + i · sin(θ)(Ahlfors 1966)
enables both real and imaginary parts to implement direc-
tional gates, modulating a token’s individual and contextual
contributions through the cosine alignment (i.e., cos(αj,k))
with global semantics in each dimension k. As Tab. 1 shows,

Case αj,k cosαj,k+1 Semantic Effect
Aligned 0◦ 2 Enhance both

Orthogonal 90◦ 1 Preserve both
Opposite 180◦ 0 Suppress both

Table 1: Real- & imaginary-part directional gates.

when a token is fully aligned with its global semantics, its
overall coefficient approaches 2, thereby amplifying both the
token’s own and its contextual semantic contributions. When
a token is orthogonal to its global semantics, the coefficient
becomes 1, preserving the original weight of both compo-
nents. When a token points in the opposite direction, the co-
efficient drops to 0, effectively suppressing both semantics.

Token-Context Attention
As Step V in Fig. 1 shows, we adopt cross-attention and use
tokens (real parts) as the queries (Q) and values (V), while
the contexts of all tokens (imaginary parts) serve as the keys
(K). Attention weights are computed between the queries
and all contextual keys, and each token is updated
by aggregating the corresponding token values under
these weights. This mechanism can be formally defined as:
w

(t+1)
j = torch. complex

(∑
i Attn

[
Re
(
w

(t)
j

)
, Im

(
w

(t)
i

)]
·

Re
(
w

(t)
i

)
, Im

(
w

(t)
j

))
.

Experiments
In this work we focus on three widely used NLI datasets:
ANLI, SNLI, and MNLI. We train and select models on
ANLI, the most challenging of the three, and then eval-
uate zero- and few-shot transfer to SNLI and MNLI to
probe cross-domain generalization. We additionally include
Mamba as a strong non-Transformer baseline. We compare
Token–Context Attention with both 0.8B- and 1B-parameter
baselines in terms of APP, while FGSM/PGD and gener-
alization experiments are conducted against only the 1B-
parameter group using ∆Accuracy as the evaluation metric.
We conduct all experiments on H100 GPUs, and list detailed
library versions in the supplementary material.

We set use deterministic algorithms(True)
to enforce deterministic operations, and set con-
figure cudnn.deterministic=True and
cudnn.benchmark=False to disable dynamic al-
gorithm selection in cuDNN. We then disable TF-32
by setting cuda.matmul.allow tf32=False and
cudnn.allow tf32=False to enforce FP32 com-
putation. We further export the environment variable
cublas workspace config=:4096:8 to enable
reproducible results in cuBLAS. We also initialize each
DataLoader instance with a seeded torch.Generator,
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Figure 2: T-C Attn convergence curves on R1/R2/R3.

and synchronize all relevant pseudorandom number gener-
ators, such as random, numpy, torch, torch.cuda.
Additionally, num workers is set to zero for all Dat-
aLoaders to eliminate nondeterminism multiprocessing.

All baselines follow the learning-rate schedules specified
in their original papers, and we perform an independent peak
learning-rate search on ANLI-R1. The optimal rate is then
applied uniformly across all ANLI subsets. Since some base-
lines vary weight decay across tasks, we evaluate 0.01, 0.05,
and 0.1 on ANLI-R1 with five seeds. For Phi-1.5 0.8B and
Mamba 790M, 0.05 slightly outperforms 0.1, but average
APP gaps over 20 seeds are negligible (≤ 0.5 pp). We thus
fix weight decay to 0.1 throughout. To preserve baseline fi-
delity, each model retains its original dropout setting.

For Token-Context Attention, we adopt Llama3.2-1B’s
tokenizer with a two-stage learning rate schedule by a
LambdaLR scheduler consisting of linear warm-up (10%
epochs) followed by cosine annealing. The base, peak and
lowest learning rate are set to 4e-6, 8e-5 and 2e-5 after a
grid search on ANLI R1. Our method is relatively sensitive
to dropout rate and weight decay due to its asymmetric atten-
tion mechanism, therefore, we conduct small-scale tuning of
these parameters independently on each of R1, R2, and R3.

For architecture comparisons, all models share the same
initialization: LayerNorm weights are set to 1.0 with zero
bias; linear and convolutional layers use Xavier uniform
with zero bias; embeddings follow a normal distribution
with mean 0.0 and standard deviation 0.02 for baselines,
or 1.2 for Token-Context Attention. In addition, Mamba ini-
tializes its state-space mixer following its original design:
A log ∼ log(U(0, 0.5)) and the dt proj bias is drawn from
the inverse softplus of U(0.001, 0.1). To minimize the in-
fluence of scaling effects, we separate the comparisons into
two groups: 0.8B (by pruning to 11 layers for Llama3.2-1B
and 15 layers for Phi-1.5) and 1B group. For ANLI-R1 and
R2, we report results averaged over 20 independent random
seeds shared across all models. As illustrated in Fig. 2, the
sample variance on the R3 subset stabilizes below 2.5×10−5

once four random seeds are averaged, yielding a standard
deviation of merely σ ≈ 0.47%. By contrast, the variances
for R1 and R2 do not plateau until at least six seeds and
stay around 1.4–1.6 × 10−4 (i.e., σ ≈ 1.2%) even after
twenty seeds. Considering these negligible variance reduc-
tions beyond four seeds, together with the prohibitive cost
of a full 20-seed protocol on R3 (e.g., 21 GPU·h per seed

for Token-Context Attention and 27 GPU·h for Mamba, to-
taling ≈ 2800 GPU·h or 15 days on an 8 × H100 node),
we therefore cap R3 to four seeds, which still affords statis-
tically reliable and cross-model-comparable estimates. We
nonetheless include this four-seed run to verify whether the
variance pattern observed on R1/R2 persists under a differ-
ent data distribution and to probe potential shifts in rela-
tive model ranking. For deeper analysis, we also report 95%
confidence intervals from 1000 bootstrap resamples for the
0.8B–R3 subset in the results section.

As Tab. 2 shows, on the 0.8B-R1/R2 group and all three
subsets of the 1B-parameter group, Token–Context Atten-
tion consistently outperforms all baselines of comparable
or larger scale in terms of APP, with statistical significance
at the α = 0.05 level. Regarding training efficiency, our
method achieves the lowest GPU·h and FLOPs on the 0.8B-
R1 and 1B-R1/R2 group, and remains within a modest mar-
gin of the most compute-efficient baseline on the remain-
ing subsets. Taken together, these results suggest that our
method offers favorable parameter efficiency by achieving
higher APP while using comparable or lower FLOPs in most
of the evaluated settings. Fig. 3 illustrates the distribution of
APP across all ANLI subsets.

On the 0.8B-R3 group, Mamba surpasses our method in
APP by 1.24 pp, but requires approximately 11 pp more
FLOPs (3.39k vs. 3.04k). Compared to LLaMA, our method
achieves a 3.04 pp gain in APP at the cost of approximately
60 pp more FLOPs (3.04k vs. 1.89k). When compared to
Phi, the FLOPs are nearly identical (3.04k vs. 3.02k), with
our method showing a 1.65 pp advantage in APP. Similarly,
our method outperforms LLaMA with ∆APP = 3.05 pp and
p = 0.022, which is also statistically significant. In contrast,
the difference with Phi (∆APP = 1.65 pp, p = 0.136) can
be considered a borderline case.

To further validate performance discriminability on the
0.8B-R3 subset, we computed 95% confidence intervals
(CI) via 1000 bootstrap resamples: Token–Context Attention
[48.90, 51.51], LLaMA [45.98, 49.22], Phi [47.87, 49.24],
and Mamba [50.90, 54.51]. The intersections between our
method’s confidence interval and those of LLaMA, Phi,
and Mamba account for 12.3%, 13.0%, and 23.4% of our
method’s interval width, respectively. These results indicate
that four random seeds provide statistically stable estimates
of model performance on this subset. Our Token-Context
Attention model consistently outperforms or matches base-
line models across R1 and R2 subsets, validating its ef-
fectiveness in general. On the more challenging R3 subset,
although occasional overlaps in confidence intervals exist,
such cases remain statistically insignificant given the over-
lapping intervals. Further investigation into these subtle vari-
ations, potentially arising from different data distributions
or model-specific sensitivities, could be beneficial in future
work. Nevertheless, these minor fluctuations do not detract
from the overall demonstrated effectiveness of our proposed
approach.

On the 1B-R3 group, Pythia attains a slightly higher raw
accuracy than our model (42.02% vs. 41.65%), but lags be-
hind in APP.
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ScaleData Models APP∗ VRAM Time P-value ∆Acc 95% CI GPU·h∗∗FLOPs∗∗∗Acc

R1
T-C Attn (0.83B) 46.60% 12GB 488s – – – 37.14 2.23k 38.68%
Phi 1.5 (0.82B) 43.93% 8.8GB 493s 1.29× 10−6 2.67% [1.86%,3.47%] 42.89 2.75k 36.03%

Llama3.2 (0.85B) 42.36% 10GB 441s 2.01× 10−7 4.24% [3.12%,5.37%] 43.12 2.48k 36.46%
Mamba (0.79B) 44.06% 9.2GB 578s 5.84× 10−4 2.55% [1.25%,3.84%] 43.83 2.34k 34.81%

0.8B R2
T-C Attn (0.83B) 51.87% 13GB 1273s – – – 117.40 5.35k 43.05%
Phi 1.5 (0.82B) 50.52% 8.8GB 1331s 1.00× 10−2 1.34% [0.36%,2.33%] 131.84 5.87k 41.74%

Llama3.2 (0.85B) 48.56% 10GB 1178s 5.53× 10−7 3.30% [2.36%,4.24%] 117.94 4.78k 41.28%
Mamba (0.79B) 49.02% 9.2GB 1887s 3.05× 10−2 2.85% [0.30%,5.40%] 170.35 5.90k 38.73%

R3
T-C Attn (0.83B) 50.20% 13GB 3141s – – – 83.76 3.04k 41.67%
Phi 1.5 (0.82B) 48.55% 10GB 3307s 1.36× 10−1 1.65% [-0.94%,4.24%] 64.63 3.02k 39.81%

Llama3.2 (0.85B) 47.16% 11GB 2770s 2.21× 10−2 3.05% [0.83%, 5.26%] 57.87 1.89k 39.22%
Mamba (0.79B) 51.44% 10GB 3829s 3.87× 10−2 -1.78% [-3.26%,-0.29%] 101.04 3.39k 40.64%

R1
T-C Attn (0.83B) 46.60% 12GB 488s – – – 37.14 2.23k 38.68%
Llama3.2 (1.23B) 29.03% 14GB 686s 3.09×10−21 17.57% [16.80%,18.35%] 65.36 4.21k 35.71%

Pythia (1.08B) 31.96% 11GB 556s 3.33×10−17 14.64% [13.58%,15.69%] 43.24 3.52k 34.52%
Phi 1.5 (1.3B) 27.81% 15GB 892s 3.91× 10−5 18.79% [17.85%,19.74%] 84.74 5.20k 36.03%

1B R2
T-C Attn (0.83B) 51.87% 13GB 1611s – – – 148.57 5.35k 43.05%
Llama3.2 (1.23B) 33.93% 14GB 1846s 2.23×10−20 17.94% [17.06%,18.81%] 171.27 8.22k 41.74%

Pythia (1.08B) 38.33% 11GB 1508s 4.79×10−15 15.53% [12.26%,14.81%] 208.61 12.15k 40.70%
Phi 1.5 (1.3B) 31.37% 15GB 2348s 1.08×10−21 20.49% [19.64% ,21.35%] 200.88 9.41k 40.79%

R3
T-C Attn (0.83B) 50.18% 13GB 3126s – – – 83.36 3.04k 41.65%
Llama3.2 (1.23B) 33.22% 15GB 4121s 3.35× 10−5 16.96% [14.66%, 19.25%] 68.68 2.97k 40.87%

Pythia (1.08B) 38.91% 11GB 3370s 1.69× 10−3 11.29% [7.97%, 14.62%] 109.53 5.67k 42.02%
Phi 1.5 (1.3B) 30.74% 15GB 5119s 1.95× 10−5 19.44% [17.12% ,21.74%] 106.65 4.53k 39.97%

∗ Accuracy per Parameters (in billions), ∗∗ For all seeds in one subset, ∗∗∗ FLOPs(PF) = non-embedding params × total tokens × 6/1015.

Table 2: Performance comparison between Token-Context Attention (T-C Attn) and 0.8B & 1B baselines.

FGSM/PGD

All models were evaluated on ANLI-R1 using early-stopped
checkpoints trained with the same 10 seeds. Fixing one seed,
we selected LLaMA and Pythia as representative models
and conducted a grid search over perturbation magnitudes
ϵ ∈ {10−4, 3×10−4, 10−3, 3×10−3, 10−2, 3×10−2, 10−1}.
For each ϵ, we computed clean and perturbed accuracies as
∆acc = Accclean − AccFGSM. We then selected the pertur-
bation magnitude that caused the largest degradation (20–30
percentage points) in either model, which corresponded to
ϵ = 10−4 for all comparisons. We enabled deterministic Py-
Torch behavior with a batch size of 32 and a max sequence
length of 256. The attack used a single FGSM step on input
embeddings, adding ϵ times the sign of the gradient (masked
to avoid perturbing paddings) under a cross-entropy loss.

We performed a grid search over PGD hyperparameters
on ANLI-R1 early-stopped checkpoints (10 seeds), varying
perturbation magnitude ϵ ∈ {10−4, 3 × 10−4, 10−3}, step
size fraction α ∈ {0.1ϵ, 0.25ϵ, 0.5ϵ}, and iteration count
T ∈ {1, 3, 5}. For each (ϵ, α, T ), we computed clean ac-
curacy Accclean, adversarial accuracy AccPGD, and the drop
∆acc = Accclean−AccPGD. We selected the parameters that
caused the largest degradation (20–30 percentage points) in
either model. For baselines with embedding std σ = 0.02,
we set ϵ = σ/200 = 10−4; for our method (σ = 1.2),

ϵ = σ/200 = 6 × 10−4. We run PGD for T = 5 steps
with α = 2 × 10−5, batch size 32, and max sequence
length 256. Perturbations apply only to input embeddings
and are masked to exclude paddings. All runs use fixed ran-
dom seeds and fully deterministic PyTorch/CuDNN.

For the 20-restart PGD test, we tokenize each batch
once and fix the embeddings throughout. To increase dif-
ficulty, we reduce the embedding std-to-ε ratio from 200
to 20. PGD is run with R = 20 random restarts, initial-
izing δ ∼ U [−ε, ε] and updating for T = 20 steps us-
ing δ ← clip[−ε,ε] (δ + α sign(∇δL)⊙mask) with cross-
entropy loss and step size α = 5×10−5. We further compute
logits from perturbed embeddings, with padding masked
out. We then record the argmax prediction for each restart,
and for each input, define the worst-case output as the first
restart that flips the predicted label. If none flip it, we retain
the clean prediction. All other settings match those in the
single-step PGD test.

As Fig. 4 shows, with ∆Acc = Clean − Attack, FGSM
(left) causes only a tiny drop for Token-Context Attention
and Mamba (≈ 0–1 pp), while LLaMA degrades the most
(≈ 18–20 pp) and Pythia/Phi fall in between (≈ 10–15 pp).
Under single-run PGD (middle), LLaMA again suffers the
largest loss (≈ 23–26 pp), Pythia and Phi show moderate
drops (≈ 13–17 pp), Token-Context Attention degrades by
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Figure 3: Test accuracy per billion parameters.

Figure 4: Gradient attack (FGSM/PGD) comparisons.

only ≈4–5 pp, and Mamba remains near zero. The stronger
20-restart PGD (right) yields the largest drops for LLaMA
and our method (≈ 19–25 pp), Pythia/Phi are moderate (∼
11–15 pp), and Mamba consistently incurs a sub-1 pp drop.

Our results suggest that, for the Token-Context Attention
model, the seemingly small effect of FGSM and single-
step PGD is unlikely to arise from gradient masking, be-
cause accuracy declines smoothly as attack strength in-
creases (FGSM≪ single-step PGD < 20-restart PGD) and
additional random restarts further reduce performance. Nev-
ertheless, the model experiences a larger drop once stronger,
properly optimized PGD is applied, indicating that dam-
aging directions remain discoverable. In contrast, LLaMA
shows consistently large drops, whereas Mamba shows near-
zero degradation across attacks, which is consistent with
prior observations (Malik et al. 2025). Under the σ-scaled
budget, both Token-Context Attention and Mamba show a
similarly small accuracy drop (≤ 3 pp), whereas the other
baselines degrade by ≈ 10–20 pp. Because the absolute ϵ
differs across models, this observation should be viewed as
a trend rather than a conclusive advantage.

Generalization
Starting from ANLI-trained checkpoints saved via early
stopping (10 seeds), we first evaluate each on the ANLI
R1 test set. We then select another 10 random seeds to
perform zero-shot evaluation on the SNLI/MNLI test sets,
fine-tune each on 10 SNLI/MNLI examples, re-evaluate on
the full SNLI/MNLI test sets, and finally re-test on ANLI
R1 to assess forgetting. This ANLI→SNLI/MNLI (zero-
shot)→SNLI/MNLI (10-shot)→ANLI sequence is applied
uniformly across all models, and we track accuracy at each
stage for comparison.

On zero-shot ANLI→SNLI transfer (upper of Fig. 5),
Token-Context Attention has a modest negative median in
∆Accuracy, and Pythia and Mamba exhibit negative shifts
of similar magnitude. LLaMA has a slightly negative median

and marginally positive mean with 95% CI overlapping zero,
while Phi has a slightly positive median but slightly negative
mean. In 10-shot evaluation, all models improve by less than
0.5 pp: Token-Context Attention attains the highest median
and mean gains; Mamba shows the widest spread with large
negative outliers, whereas LLaMA, Pythia, and Phi change
minimally. After SNLI fine-tuning, when ANLI is retested,
average forgetting remains within ±0.3 pp for all models
but lacks statistical significance, since each mean 95% CI
still overlaps zero. Token-Context Attention has a wider in-
terquartile range, LLaMA shows the tightest distribution, and
Mamba has isolated severe drops.

Under the MNLI-matched setting (bottom of Fig. 5), only
LLaMA shows both a clearly positive mean and median (≈2
pp); Phi improves modestly (≈1 pp); Token-Context Atten-
tion and Mamba both show mild negative shifts of about
1–1.5 pp below parity, while Pythia stays close to parity with
both mean and median near zero. On the mismatched split,
LLaMA continues to lead, Phi stays slightly positive, Pythia
again stays close to parity with both mean and median near
zero, while Token-Context Attention and Mamba both again
decline by roughly 1–1.5 pp. With 10-shot support, all mod-
els improve by no more than 0.5 pp: Token-Context Attention
attains the highest median and mean gains on both splits.
Re-evaluated on ANLI, all models show mean ∆Accuracy
within ±0.3 pp; Token-Context Attention exhibits a slightly
wider spread across seeds, LLaMA is the most stable, and
Mamba remains tightly clustered with a few extreme nega-
tive outliers.

For Token-Context Attention, the trend is clear. Across
SNLI and MNLI, zero-shot transfer shows only small drops
in ∆Accuracy, while with just ten labeled examples the
model attains the largest few-shot gains among all baselines
and keeps its post-adaptation ANLI accuracy within about
0.3 pp of the original score. One possible reason is that
the gating mechanism of the real and imaginary parts tends
to enhance or suppress semantic dimensions based on the
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Figure 5: Top: Generalization on SNLI; Bottom: Generalization on MNLI.

alignment between tokens and global semantics. Moreover,
computing attention weights between each token and the
contexts of all tokens in the Token-Context Attention shifts
the attention pattern from being driven by local lexical sim-
ilarity toward being aligned with the semantics of the entire
input text, because a token’s context is naturally closer to
the global semantics. As a result, this mechanism provides
one possible explanation for the generalization behavior we
observe on SNLI and MNLI.

Ablation Study
All ablation studies are conducted on ANLI R1. As shown
in Fig. 6, enabling backpropagation (BP) through the real
part raises mean validation accuracy from 33.57 to 38.68
pp. While gradients through the imaginary part do not af-
fect final accuracy, Fig. 7 shows they significantly accelerate
convergence: the median (mean) number of epochs to reach
the best score drops by 2 (2.65). This may be because the
imaginary component, involved in attention weight compu-
tation, introduces an additional gradient path that speeds up
training. We further compare our full Complex–Vector To-

Figure 6: T-C Attn: ablation study on ANLI-R1

ken Representation with a variant lacking directional gates
in both real and imaginary parts. On ANLI R1 (20 seeds),
both perform similarly (38.68 pp vs. 38.64 pp). However, on
four challenging ANLI R2 seeds (46–144), the gated model
scores 43.15 pp vs. 42.10 pp; on two difficult ANLI R3 seeds

(857 and 4385), it reaches 41.63 pp vs. 40.42 pp. These re-
sults suggest that dual directional gates may offer greater
benefits on more adversarial instances. We also replaced

Figure 7: Acc distribution & ∆epoch of no imaginary BP

Token-Context Attention with self-attention, yielding 35.95
pp over 20 seeds, showing a 2.73 pp drop. Fig. 6 further
shows that using a fixed global semantic vector (i.e., 1) or
random phase values (to test token–global alignment) leads
to chance-level performance (≈33 pp), highlighting the crit-
ical role of both token and global semantics in the Complex–
Vector Token Representation.

Conclusion
We propose a Complex–Vector Token Representation and a
Token-Context Attention mechanism that improve parame-
ter efficiency of Transformer-based NLI models. Empiri-
cal results show that higher parameter efficiency not only
increases accuracy but also contributes to reducing com-
putation cost (FLOPs). In addition, our approach exhibits
promising trends toward the largest few-shot generalization
from ANLI to SNLI and MNLI, and often incurs smaller or
comparable accuracy drops than the self-attention baselines
under embedding-level gradient attacks.
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