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ABSTRACT
Typically, machine learning algorithms must find patterns in sam-
ples drawn from an unknown data distribution, with no prior con-
textual information about the input space or intuition for the prob-
lem they are solving. Humans, by contrast, can apply both intuition
and prior knowledge to quickly solve new problems, requiring less
training data. In this paper we investigate how to address this dis-
parity by enriching traditional labels for supervised classification
tasks; embedding additional information through gradient-based
expert annotations. We present a framework for learning from an
oracle by (1) annotating existing observations with the direction
in the input space which indicates a change of class and (2) utilis-
ing a loss function which rewards negative model gradients along
these directions. We demonstrate this approach for a synthetic 2D
problem and two natural language sentiment classification tasks,
learning the task in fewer epochs than the standard method.
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1 INTRODUCTION
Highly tailored machine learning models typically require large
amounts of data andmay fail to generalisewell to out-of-distribution
examples, leading to unexpected or inaccurate predictions [5, 9, 26].
Humans are, by contrast, relatively fast learners. We are able to
utilise information outside of the usual data-label pair that is pro-
vided to machine learning systems, requiring fewer data points in
order to draw conclusions and generalise to unseen data. It would
be trivial, for example, for a human to adapt from film reviews to
political tweets when performing sentiment classification, where a
machine learning (ML) model may require refinement [4]. When
operating in real environments the underlying distribution of ob-
servable data is often dynamic, subject to change and has limited
availability [19]. Particularly when errors carry a high cost, be it
monetary or a risk to human safety, strong generalisation is a nec-
essary component of any model which aims to assist or replace a
highly adaptable human supervisor.

Whether we must maximise the utility of a few available sam-
ples or adapt to new observations quickly, the objective is often to
learn the underlying distribution from a minimal number of exam-
ples while avoiding over-fitting. In online settings such as Active
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Learning, lack of data is addressed by the machine learning algo-
rithm communicating with a (typically human) oracle who returns
a new label for each query example, usually selected to reduce a
form of uncertainty [16]. Formulations like Machine Teaching ap-
proach the problem by allowing humans to select minimal groups
of samples that effectively describe concepts and patterns [30]. Both
approaches can be said to improve data efficiency and the ability of
models to generalise to new data through an informed selection of
training data.

In this work we describe an alternative approach; rather than
querying an oracle, we enrich the data in the form of more complex
annotations. We propose that embedding more information in the
annotation and learning process can increase data efficiency, at
the expense of annotation complexity. We test our hypothesis on
two binary classification tasks; (1) a synthetic 2D dataset, and (2)
a sentiment classification task for the IMDB Large Movie Review
Dataset [14]. We present an example of one possible complex anno-
tation by enriching our annotations with a direction vector which
indicates the direction a sample must move in feature space in order
to change the samples’ classification; a counterfactual direction. We
also propose a novel loss function which enforces negative model
gradients in the direction of the counterfactual, with the intuition
being that a change in class should happen along this direction.
Where gradients have been used previously as a natural method
for providing human-interpretable explanations [24], this paper
aims to reverse this pipeline and provide machine-interpretable
supervision.

Finally, we investigate entropy- and diversity-based importance
sampling measures to maximise data utilization in scenarios of
highly-limited annotation budgets, strategically selecting the most
informative samples for counterfactual annotation. This approach
combines uncertainty-based selection (targeting samples where the
model is most confused) with diversity constraints (ensuring broad
coverage across different regions of the feature space), maximizing
the value of each human-provided counterfactual direction while
avoiding redundant annotations in similar data regions.

2 RELATEDWORK
In this section we review state-of-the-art methods for including
additional information in machine learning systems that go beyond
data-label pairs, namely; human priors, counterfactual observations
and gradient supervision.
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2.1 Embedding human priors in model training
One significant motivation of this work is to enable human anno-
tators to provide domain knowledge to models to improve data
efficiency. Rieger et al. [17] demonstrated the ability to embed
human priors in their work developing contextual decomposition
explanation penalisation (CDEP). CDEP enables embedding domain
knowledge during model training to ignore spurious correlations,
correct errors, and generalise to different types of dataset shifts.
This method assumes that the explanation method is truthful and
penalises model explanations where these do not align with expla-
nations provided by an oracle. Domain knowledge can be encoded
by a human or in an automated fashion. In a similar fashion, Ross et
al. embed human priors as explanations and develop a loss function
which balances cross entropy loss with an additional function to
penalise misaligned model explanations [18]. In their applications,
they reinforce the magnitude of gradients to align to pre-supposed
explanation; penalising the model where features are inappropri-
ately neglected or considered to be too important.

2.2 Training with counterfactuals
Kaushik et al. [11] present a system for collecting counterfactually
augmented data by tasking human annotators to minimally edit
individual observations to produce a counterfactual on a subset
of the IMDB dataset [14]. They demonstrate that incorporating
counterfactuals within the training data leads to improved gen-
eralisation and show that training purely with unaltered data or
counterfactual pairs leads to over-fitting on spurious signals, while
a combined dataset produces a model which is less sensitive to
these signals.

In a follow up paper, Kaushik et al. investigate why counter-
factually augmented data reduces spurious correlations [12]. They
propose that adding noise over causal features should worsen in-
domain and out-of-domain performance, but that adding noise to
non-causal features should improve relative performance on out-
of-domain tasks. To test this hypothesis, they apply noise to the
complement of the edited sections of text within their counterfac-
tually augmented dataset. They repeat this process for sections
of text identified by an attention-based classifier (BiLSTM with
Self-Attention [8]) and by gradient-based feature attribution [13],
and find that human annotations served as the best augmentation
for performance on out-of-distribution data.

In our work we evaluate models trained on the counterfactually
augmented data produced both by humans and algorithmically.
However, we take a different approach to learning from these coun-
terfactual augmentations through gradient supervision.

2.3 Learning from counterfactuals through
gradient supervision

Teney et al. [27] introduce a novel training objective called “gra-
dient supervision", which involves penalising the angle between
the gradients of a neural network classifier and the vector differ-
ence between counterfactual examples in the input space. Using
a counterfactual, Teney et al. define a loss function which aims to
minimise the angle between the model gradient and vector pointing

to the counterfactual as

L𝐺𝑆 (g𝑖 , ĝ𝑖 ) = 1 − ⟨g𝑖 , ĝ𝑖 ⟩/(∥g𝑖 ∥∥ĝ𝑖 ∥) (1)

where ⟨·, ·⟩ is the inner product between two vectors, g𝑖 denotes
the gradient of the model with respect to an observation x𝑖 and ĝ𝑖
is the vector between counterfactual examples.

Eq. 1 is used as a regulariser alongside the conventional cross-
entropy loss in order to align the model’s decision surface between
pairs of counterfactual examples. The authors demonstrate the
effectiveness of their approach on tasks known for their suscep-
tibility to poor generalisation due to biases in the training data;
visual question answering, multi-label image classification, senti-
ment analysis, and natural language inference. Where Teney et al.
assume alignment between the feature space and the output space
and attempt to minimise the angle between the gradient of the
model and the counterfactual direction, our proposed loss function
is less restrictive, enforcing only the sign of the gradients of the
model.

2.4 Active Learning and Importance Sampling
The selection of highly informative samples is a cornerstone of
efficient model training under data constraints. Traditionally, active
learning (AL) research has been dominated by uncertainty sampling
strategies, such as least confidence, margin sampling, and entropy-
based selection [21]. While effective at identifying samples near the
decision boundary, these methods are prone to the “batch redun-
dancy” problem—selecting multiple samples that are informative
but highly similar to one another—which leads to suboptimal gain
per annotation dollar [23].

To mitigate this, recent literature has shifted toward diversity-
aware or hybrid sampling. Sener and Savarese [20] framed AL as a
core-set problem, using geometric distance in the embedding space
to ensure the selected subset covers the entire data distribution.
This representativeness ensures that the model learns the global
structure of the manifold rather than over-focusing on specific
noisy boundaries.

Contemporary approaches often integrate these two paradigms.
Hybrid strategies, as explored by Citovsky [6] and Ash et al. [1],
utilize a weighted combination of predictive uncertainty and geo-
metric novelty. By maximizing the distance between a candidate
and the currently selected set, these methods enforce a diverse
batch composition. In our work, we adapt this hybrid approach to
the specific task of counterfactual enrichment, ensuring that the
limited human supervision we collect is distributed across distinct
regions of the feature space. This ensures high utility for gradient-
based alignment without the redundant overhead typical of pure
uncertainty-driven selection.

3 GRADIENT-BASED LEARNING
3.1 Directional Expert Annotation
In traditional supervised machine learning, we assume a dataset of
𝑁 random independent identically distributed (i.i.d.) observations
xi, 𝑦𝑖 ∼ 𝑃 (x, 𝑦), where xi ∈ R𝑑 and 𝑦𝑖 is the target class label
[10]. In the CGA framework, we consider triplets xi, 𝑦𝑖 , di, where
di ∈ R𝑑 defines a unit vector from xi pointing towards a proximal



Figure 1: Overview of the proposed counterfactually-augmented active learning framework. The model leverages both factual
and counterfactual samples, selected via importance sampling, and trained using a hybrid loss function.

counterfactual x̂𝑖 :

di =
x̂𝑖 − xi

| |x̂𝑖 − xi | |
. (2)

We propose that moving from xi towards x̂𝑖 should result in a
decrease in the model’s prediction probability for the true class
𝑦. Let 𝑓𝑦 (x) be the model’s logit score for class 𝑦. We define the
Directional Derivative 𝑑 as the projection of the gradient onto
the counterfactual direction:

𝑑 = ∇𝑥 𝑓𝑦 (𝑥) · d𝑖 (3)

This derivative quantifies how much the class confidence changes
as we perturb the input along the expert-provided direction.

3.2 Optimized Loss Function Variants
We evaluate three loss variantsL𝑑 designed to minimize 𝑑 , aligning
the model’s confidence drop with the counterfactual path. The
intuition is that 𝑑 should be negative at the counterfactual direction,
with each variant modifying the profile of this negative loss in terms
of magnitude and steepness.

Sign (Tanh) Directional Loss. The purest form of our proposed
loss function penalises only the sign of the model gradient; dis-
regarding negative model gradients and generating a fixed loss
penalty for positive model gradients, regardless of the magnitude
of the gradient. The Sign variant is formulated as:

LSign = tanh(200 ∗ 𝑑) + 1 (4)

where the highmultiplier creates a very steep tanh function, squash-
ing the derivative into the range LSign ∈ 0, 2. We hypothesise that
focusing purely on the sign of the alignment ensures a bounded,
stable regularizing signal across different manifolds.
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Figure 2: Comparison of the three directional loss variants
LSign, LReLU, and LSoftplus as functions of the directional
derivative 𝑑 . The Sign loss provides a steep, bounded penalty
based only on the gradient sign, the ReLU loss applies a linear
penalty for positive (misaligned) gradients, and the Softplus
loss offers a smooth, tunable alternative that can still impose
a non-zero penalty even when 𝑑 is negative, depending on its
magnitude.

ReLU Directional Loss.

LReLU = max(0, 𝑑) (5)

This applies a linear penalty only if the model’s confidence is in-
correctly increasing toward the counterfactual boundary. It is a
"hinge-like" objective that stops regularizing once the gradient sign



is correct. By attributing higher penalties to steeper positive gra-
dients, this function is more communicative, but may prove to be
over-restrictive, particularly for noisy datasets.

Softplus Directional Loss. Softplus is a smooth version of ReLU
that provides a continuous alignment signal. Unlike ReLU, it can
provide a non-zero penalty even when 𝑑 is negative dependent
on the magnitude of the derivative. While this may encourage
the model to maintain a "steep" confidence drop-off even when
it is already locally "correct", it is unclear how informative this
signal will be, particularly in sparse regimes. We therefore utilise a
modified Softplus function defined as:

LSoftplus = log(1 + 𝑒𝑎𝑑 )/𝑏 (6)

where we can control the strength of this supervision by modifying
𝑎 and 𝑏. Figure 2 compares the behaviour of each loss function
variant.

3.3 Total Training Objective
The total training loss is a weighted mixture of classification and
alignment objectives:

LTotal = (1 − 𝛼)LCE + 𝛼

(
1
𝑁𝑑

𝑁𝑑∑︁
𝑖=1

L𝑑,𝑖

)
(7)

where 𝑁𝑑 is the number of examples in the training set for
which we have labelled directions, and 𝛼 ∈ [0, 1] controls the trade-
off between standard classification and geometric supervision. In
our JAX-based implementation, we leverage efficient automatic
differentiation to compute the directional derivative 𝑑 within the
optimization loop.

3.4 Informative and Diverse Sample Selection
To maximize the utility of human-in-the-loop annotations under
data scarcity, we employ a hybrid importance sampling strategy that
balances informativeness (via entropy) and diversity (via geometric
distance). This approach addresses a known failure mode of pure
uncertainty sampling: the redundancy problem, where a model
selects high-entropy samples that are spatially clustered, leading to
overlapping and inefficient gradient updates [23].

Our selection mechanism follows a two-stage process. First, we
identify a candidate pool of the most informative samples based
on Shannon entropy, 𝐻 (𝑝) = −∑

𝑝𝑖 log 𝑝𝑖 . To ensure this subset
provides broad coverage of the feature manifold, we apply a greedy
selection process inspired by the K-Center-Greedy approach [20].
For each candidate 𝑥 in the high-entropy pool, we compute a selec-
tion score:

score(𝑥) = 𝐻 (𝑥) + 𝛼 ·min
𝑠∈S

∥𝜙 (𝑥) − 𝜙 (𝑠)∥2 (8)

where S is the set of already selected samples, 𝜙 (·) denotes the
embedding function, and 𝛼 is a diversity weight.

This weighted hybrid formulation, as explored in batch active
learning [6], ensures that each selected sample is both locally uncer-
tain and globally distant from existing annotations. By employing
this strategy, we ensure that the counterfactual direction annota-
tions enrich themodel across a diverse range of the data distribution,

which is critical for effective supervision when annotation budgets
are strictly limited.

4 EXPERIMENTAL SETUP
Our method is applicable to datasets where counterfactuals ex-
ist, or can be generated. We first validate our method on several
two dimensional classification tasks for which counterfactuals can
be easily generated. Subsequently, we evaluate on two language
classification tasks; (1) binary sentiment classification on IMDB
movie reviews, with human-generated counterfactuals collected
by Kaushik et al. [11], and (2) a topic classification task on news
articles spanning four topics, first introduced by Zhang et al. [29].

4.1 Datasets
The objective of our experiments is to measure how incorporating
counterfactuals using Eq. 7 may improve data efficiency. To this end
we utilise small subsets of the available training data to simulate
data scarcity, a common challenge in real-world applications, and
report results for training sets of various sizes. In all experiments
we compare our method against the gradient supervision model
proposed by Teney et al. [27] (replacing L𝑑 in Eq 7) and a baseline
model trained on cross-entropy (Eq. 7, 𝛼 = 0).

Table 1: Dataset Split Sizes.

Dataset Train Validation Test

Synthetic 2D
Circles 6 1,000 –
XOR 6 1,000 –
Two Moons 6 1,000 –
9-Blobs 60 1,000 –
NLP Classification
IMDB 1,707 245 488
AGNEWS 500 3,550 3,550

4.1.1 2D Topologies. We evaluate our method across four syn-
thetic 2-dimensional topologies generated using the scikit-learn
library [15]. These consist of three binary classification tasks—XOR,
Concentric Circles, and Two Moons—and a more complex multi-
class objective featuring nine classes of distinct Gaussian clusters.
This selection allows us to assess the framework’s performance on
both interleaved non-linear boundaries and high-entropy multi-
class partitions. Counterfactuals are generated using a brute force
grid search, implemented with the FAT Forensics toolkit [25]. We
first tune the model hyperparameters and dataset size on the cross-
entropy baseline, finding the minimal amount of data to fully learn
the problem and then marginally reducing the dataset further to
introduce epistemic uncertainty. We train with relatively small sub-
sets of data and omit a test set in lieu of a suitably large validation
set. Training and validation set sizes are given in Table 1. To com-
pare data efficiency between counterfactuals and simply learning
from additional labels, we also introduce an upper bound baseline
which is trained on twice as many examples.



Model Architecture. For these 2D datasets, we utilize an over-
parameterized Multi-Layer Perceptron (MLP) consisting of a sin-
gle hidden layer with 512 units and ReLU activation. While this
width is high relative to the input dimensionality, we observe that
overparameterization consistently boosts validation accuracy on
the control model trained with cross-entropy and provides a high-
dimensional feature space conducive to geometric alignment. The
model is optimized using theAdaBelief optimizer [31] with 𝛽1=0.9,
𝛽2=0.999, and 𝜖=1−16, with the learning rate 𝑙 = 0.001.

4.1.2 Natural Language. Weutilise two openly available text datasets
which provide counterfactual examples alongside training data for
binary sentiment classification on movie reviews (IMDB) and topic
classification for news articles (AGNEWS). Table 1 gives the sizes of
available data for training, validation and testing for each dataset.
For IMDB,we utilised the human-generated counterfactually-augmented
dataset curated by Kaushik et al. [11], maintaining separation of the
test set into the original and augmented reviews as in the original
work[11]. For AGNEWS, we utilised machine-generated counterfac-
tuals generated by Wang et al. [28]. In their study, Wang et al. [28]
evaluate several generative models with both machine and human
evaluators. To investigate potential variance from counterfactual
quality, we evaluate two sets of counterfactually-augmented data:

(1) Counterfactuals generated by (1) Llama3-70B using the FI-
ZLE generation methodology[3] for which label flip score
(LFS) is well aligned between human andmachine evaluators;
63.6% and 64.4% respectively.

(2) Counterfactuals generated by Llama3-8B using the more po-
larising FLARE methodology [2] which achieves only 42.2%
LFS against a machine judge and a much higher 86.7% for
humans.

Data Preprocessing. All text datasets were stripped of HTML,
bracketed content, URLs, email addresses, and numbers, followed
by tokenization into lowercase words, stopword removal, and rule-
based stemming to normalize lexical forms.

Feature Representation. A CountVectorizer was fitted to the
training corpus, limited to the 20,000 most frequent tokens. This
vocabulary was then reused for both development and test sets.
Each document was transformed into a fixed-length sequence of
token indices mapped to the vocabulary, truncated or padded to a
length of 32.

Model Architecture. For text classification, we employed a Bag-
of-Words (BoW) neural network implemented in JAX/Flax. Two
model variants were used depending on the task: a binary clas-
sifier (BagOfWordsClassifierSimple) and a multi-class classifier
(BagOfWordsClassifierMultiClass). Bothmodels share the same
general structure:

(1) Embedding layer: A trainable embedding matrix maps to-
ken indices to dense vectors of dimension 50.

(2) Average pooling: Embeddings for all tokens in a document
are averaged, ignoring padding tokens.

(3) Dropout: A dropout layer (rate = 0.5) is applied to mitigate
overfitting.

(4) Linear projection: A single dense layer maps the pooled
representation to either one logit (binary classification) or
𝑁 logits (multi-class classification).

The model outputs both the predicted logits and the intermediate
text representation, which are used for downstream tasks such as
similarity computation and importance sampling.

4.2 Ablation Study and Importance Sampling
For our 2D experiments, we provide a counterfactual on a per-
example basis. We then test all loss function variants across all
problems, varying 𝛼 to modify the influence of our loss function.
After optimising on the 2D datasets, we fix 𝛼 and select the most
effective variant of our proposed loss function to perform exper-
iments within the NLP setting. To understand the relationship
between counterfactual annotations and information gain we ran-
domly ablate generated counterfactuals to some ratio 𝑟 ∈ [0, 1]
of total training examples in the NLP setting only. Our interest
in low-data regimes motivates further investigation whereby we
perform importance sampling; we repeat each NLP experiment
starting from 10% of available data, iteratively selecting 5% unla-
belled observations and adding these to the training data every
2 training epochs before re-initialising the model and re-training.
We run for the same amount of epochs as the ’AL Off’ scenario as
we are mainly interested in data efficiency in earlier epochs. Data
selection is performed by balancing label uncertainty and sample
diversity. A full description of our sampling strategy is provided in
Appendix A.

5 RESULTS
5.1 2D Experiments
Table 2 shows results for these experiments. We prove that enabling
learning through counterfactuals (either through gradient supervi-
sion or through some variant of our proposed CGAmethod) leads to
faster learning or better accuracy, if not both. This is unsurprising
given the amount of additional information which the model has
access to. What is noteworthy is that, for TwoMoons and 9-Blobs,
our CGA method seems to be able to improve on data efficiency
compared to the upper bound. In the case of Two Moons, Softplus-
Strong is able to approximate the upper bound while training for
less than 10% of the number of epochs. For 9-Blobs, all of our
proposed methods surpass the upper bound. The best performing
variant is inconsistent across experiments.

5.2 NLP Classification Tasks
5.2.1 IMDB. Table 3 and Table 4 show results for sentiment classi-
fication on the IMDB dataset for the case of full data availability and
the active learning setting respectively. At 𝑁 = 20 (and extending
to 𝑁 = 50 under the active learning paradigm), all variant collapse
to a baseline accuracy of 52.9% at Epoch 0. This indicates that for
this specific architecture and task, 20 to 50 samples are simply in-
sufficient to overcome initial random initializations, regardless of
the loss function variant applied.

As the dataset scales to 𝑁 = 100 and 𝑁 = 500, the Gradient
Supervision (GS) variant with 𝑟 = 1.0 and the standard Cross-
Entropy (C.E.) baseline consistently outpace the Softplus-Strong



Table 2: Validation Accuracy (%) and Epochs for 2D Classification Tasks trained with and without counterfactuals, using
different loss function variants while varying the relative strength of the supervisory signal (𝛼 ∈ [0, 1]). Bold values show
the best accuracy for that specific loss function variant, while Underlined Bold shows the best accuracy across the entire
experiment. Epochs in bold indicate that the run is the most efficient in its group, but only if it is also the most accurate. An
upper bound is trained on twice as much data, to allow comparison of data efficiency between learning from counterfactuals or
simply adding more labelled examples.

Circles XOR Two Moons 9-Blobs

Variant 𝛼 % Acc Ep % Acc Ep % Acc Ep % Acc Ep
Baseline (LCE) 0.0 87.8 (±0.054) 35 99.1 (±0.001) 86 77.3 (±0.003) 18 84.8 (±0.002) 194
Upper Bound (LCE) 0.0 100.0% (±0.029) 37 100.0% (±0.002) 35 86.6% (±0.001) 58 85.8% (±0.004) 162

Gradient Supervision
0.3 74.7 (±0.027) 74 99.7 (±0.001) 78 85.7 (±0.031) 95 85.8 (±0.004) 162
0.5 74.2 (±0.020) 76 99.7 (±0.001) 65 81.3 (±0.008) 46 85.4 (±0.003) 123
0.7 74.4 (±0.019) 85 99.8 (±0.001) 88 80.4 (±0.035) 37 85.1 (±0.001) 187

Sign
0.3 80.9 (±0.078) 36 95.9 (±0.028) 99 77.0 (±0.014) 17 86.4 (±0.016) 197
0.5 80.4 (±0.068) 47 97.2 (±0.036) 99 77.0 (±0.016) 8 87.1 (±0.016) 196
0.7 80.6 (±0.065) 47 95.7 (±0.054) 99 77.5 (±0.011) 13 86.3 (±0.024) 191

ReLU
0.3 90.2 (±0.062) 44 99.5 (±0.002) 72 78.8 (±0.006) 13 87.0 (±0.006) 196
0.5 88.5 (±0.046) 40 99.5 (±0.002) 78 79.0 (±0.010) 8 87.6 (±0.002) 195
0.7 85.4 (±0.062) 39 99.5 (±0.004) 95 79.8 (±0.013) 5 88.6 (±0.007) 190

Softplus-Weak
0.3 87.2 (±0.041) 43 99.5 (±0.001) 66 80.2 (±0.005) 21 87.5 (±0.005) 199
0.5 86.7 (±0.035) 50 99.5 (±0.001) 70 81.2 (±0.005) 12 88.7 (±0.006) 190
0.7 88.2 (±0.075) 99 99.6 (±0.001) 88 82.8 (±0.018) 4 89.2 (±0.004) 159

Softplus-Medium
0.3 87.0 (±0.035) 49 99.5 (±0.001) 69 81.1 (±0.004) 13 88.4 (±0.006) 194
0.5 88.6 (±0.081) 99 99.6 (±0.001) 92 82.3 (±0.018) 4 89.0 (±0.006) 173
0.7 88.4 (±0.028) 99 99.6 (±0.001) 91 84.6 (±0.030) 2 89.1 (±0.008) 130

Softplus-Strong
0.3 90.2 (±0.044) 168 99.6 (±0.002) 89 84.6 (±0.024) 3 88.9 (±0.005) 139
0.5 82.5 (±0.041) 27 99.7 (±0.003) 96 86.3 (±0.026) 3 89.3 (±0.004) 192
0.7 82.1 (±0.080) 26 99.5 (±0.004) 99 85.5 (±0.011) 5 89.3 (±0.004) 183

alternative. In the standard AL Off setting, GS (𝑟 = 1.0) edges out
C.E. to achieve the global best accuracy at both 𝑁 = 100 (63.1%)
and 𝑁 = 500 (75.8%). Softplus-Strong, conversely, lags behind the
baseline by nearly 8% at 𝑁 = 500.

We observe a strict sensitivity to the mixing parameter 𝑟 within
the GS framework.While 𝑟 = 1.0 yields peak performance, reducing
the ratio to 𝑟 = 0.5 triggers catastrophic forgetting or learning
failure; at 𝑁 = 500 (AL Off), accuracy drops from 75.8% down to a
near-baseline 53.9%.

In the active learning setting, neither method is able to surpass
the baseline model trained with cross-entropy. However, for the
N = 100 dataset, we are able to approximate the baseline using 50%
less training epochs, with our loss function learning slightly faster
than the gradient supervision method.

5.2.2 AGNEWS. Table 5 and Table 6 present the validation accura-
cies for the AGNEWS text classification dataset, evaluated across
the FIZLE and FLARE experimental subsets for both standard (AL
Off) and active learning (AL On) sampling strategies.

Consistent with our previous NLP observations, an extreme
low-data bottleneck exists at 𝑁 = 20, where all models fail to ex-
ceed the 24.2% baseline (random chance across the four AGNEWS

classes). However, a significant divergence occurs at the 𝑁 = 50
threshold under standard uniform sampling (AL Off). Here, the
Softplus-Strong (𝑎 = 0.5) variant demonstrates exceptional sam-
ple efficiency, leaping to a global best of 44.9% (FIZLE) and 48.7%
(FLARE) with 𝑟 = 0.5, while the Cross-Entropy (C.E.) baseline stag-
nates around 30.2%. As the dataset scales to 𝑁 = 100 and 𝑁 = 500,
the Softplus-Strong variant with 𝑟 = 1.0 produces the best results,
although the discrepancy is smaller. Importantly, we note only a
marginal reduction in performance when utilising half as many
counterfactuals for our loss variant (at 𝑁 = 50 we actually improve
by reducing counterfactual annotations). The gradient supervision
method is markedly more sensitive to ablation.

Across almost all viable training scales (𝑁 ≥ 50), the FLARE
subset consistently yields higher peak accuracies than FIZLE. At
𝑁 = 500 (AL Off), the best FLARE configuration outperforms its
FIZLE counterpart by 2.5% (77.8% vs. 75.3%). Counterfactuals gen-
erated by the FIZLE method reported a much higher LFS across
all model variants compared to FLARE, but FLARE scored a much
higher LFS with humans[28]; this suggests that the features or pre-
processing transformations inherent to the FLARE split provide a
more separable representation space for the classifier, particularly
when leveraged by the Standard loss variant.



Table 3: Test Accuracy (%) and Epochs on IMDB (AL Off). GS = Gradient Supervision, C.E. = Cross-Entropy. For loss functions
which utilise counterfactuals we fix the parameter, 𝛼 = 0.5. Bold values show the best accuracy for that specific loss function
variant, while Underlined Bold shows the best accuracy across the entire experiment. Epochs in bold indicate that the run is
the most efficient in its group, but only if it is also the most accurate.

Dataset Size

20 50 100 500

Variant r % Acc Ep % Acc Ep % Acc Ep % Acc Ep
C.E. - 52.9 (±0.033) 0 50.4 (±0.002) 55 62.9 (±0.005) 51 75.4 (±0.003) 14

GS 1.0 52.9 (±0.033) 0 50.4 (±0.002) 56 63.1 (±0.004) 45 75.8 (±0.004) 14
0.5 52.9 (±0.033) 0 54.3 (±0.016) 18 54.3 (±0.024) 5 53.9 (±0.027) 0

Softplus-Strong 1.0 52.9 (±0.033) 0 49.8 (±0.006) 1 57.6 (±0.008) 53 67.6 (±0.009) 22
0.5 52.9 (±0.033) 0 49.8 (±0.005) 1 56.8 (±0.006) 52 66.8 (±0.012) 33

Table 4: Test Accuracy (%) and Epochs on IMDB (AL On). GS = Gradient Supervision, C.E. = Cross-Entropy. For loss functions
which utilise counterfactuals we fix the parameter, 𝛼 = 0.5. Bold values show the best accuracy for that specific loss function
variant, while Underlined Bold shows the best accuracy across the entire experiment. Epochs in bold indicate that the run is
the most efficient in its group, but only if it is also the most accurate.

Dataset Size

20 50 100 500

Variant r % Acc Ep % Acc Ep % Acc Ep % Acc Ep
C.E. - 52.9 (±0.033) 0 52.9 (±0.033) 0 58.8 (±0.004) 94 72.3 (±0.002) 81

GS 1.0 52.9 (±0.033) 0 52.9 (±0.033) 0 58.6 (±0.006) 67 71.5 (±0.003) 83
0.5 52.9 (±0.033) 0 52.9 (±0.033) 0 53.7 (±0.023) 63 53.5 (±0.018) 9

Softplus-Strong 1.0 52.9 (±0.033) 0 52.9 (±0.033) 0 57.8 (±0.007) 61 67.4 (±0.005) 94
0.5 52.9 (±0.033) 0 52.9 (±0.033) 0 57.0 (±0.006) 98 66.6 (±0.003) 73

For AL On, learning with counterfactuals does not significantly
improve on the baseline, with the exception of 𝑁 = 100, where
results are heavily dependent on the counterfactual augmentation
and loss variant applied). For 𝑁 = 500, both methods which utilise
counterfactuals learn faster, with our method training in 33% the
amount of epochs required for the baseline.

6 DISCUSSION
Our experiments on the IMDB and AGNEWS datasets reveal several
findings for low-data regimes. Across both datasets, the extreme
low-data bottleneck (𝑁 = 20) proved insurmountable for all loss
variants, resulting in stationary learning. However, as data scales
up to 𝑁 = 50, our proposed Softplus-Strong variant demonstrated
a remarkable capacity for sample-efficient learning, particularly
on the AGNEWS dataset. Under uniform random sampling (AL
Off), this variant significantly outperformed the standard cross-
entropy baseline in both accuracy and learning speed, suggesting
that our continuous, magnitude-sensitive directional loss effectively
regularizes the model by enforcing a smooth confidence drop-off
along the counterfactual trajectory.

The performance hierarchy shifts for larger datasets (𝑁 = 100, 500)
depending on the task. For binary sentiment classification (IMDB),

the Gradient Supervision (GS) variant with a full mixing ratio
(𝑟 = 1.0) achieved the global best accuracy, slightly edging out
the standard cross-entropy baseline. Conversely, in the multi-class
topic classification task (AGNEWS), the Softplus-Strong variant
maintained its dominance across all viable training scales. This
discrepancy implies that the optimal geometry for counterfactual
alignment may be highly task-dependent. The strict angular penalty
of GS may be well-suited for the relatively simple binary manifold
of sentiment, whereas the more flexible Softplus penalty better ac-
commodates the complex, multi-dimensional decision boundaries
of topic classification.

Furthermore, we observed a strict sensitivity to the mixing pa-
rameter 𝑟 . For the GS variant, reducing the proportion of coun-
terfactually augmented data to 𝑟 = 0.5 resulted in catastrophic
learning failure on both datasets. The Softplus-Strong variant, how-
ever, exhibited remarkable robustness to this parameter shift on the
AGNEWS dataset, maintaining high accuracies even with partial
counterfactual supervision.

7 CONCLUSIONS
We proposed enriching supervised learning with gradient-based
counterfactual annotations to embed human intuition. Experiments



Table 5: Test Accuracy (%) and Epochs for FIZLE and FLARE datasets (AL Off) across different learning approaches. GS =
Gradient Supervision, C.E. = Cross-Entropy. For loss functions which utilise counterfactuals we fix the parameter, 𝛼 = 0.5. Bold
values show the best accuracy for that specific loss function variant, while Underlined Bold shows the best accuracy across the
entire experiment. Epochs in bold indicate that the run is the most efficient in its group, but only if it is also the most accurate.

Dataset Size

20 50 100 500

Variant r % Acc Ep % Acc Ep % Acc Ep % Acc Ep
FIZLE Dataset

C.E. - 24.2 (±0.005) 0 30.2 (±0.035) 59 41.1 (±0.009) 26 69.1 (±0.019) 9

GS 1.0 24.2 (±0.005) 0 29.6 (±0.035) 59 43.3 (±0.019) 29 71.0 (±0.024) 11
0.5 24.2 (±0.005) 0 25.7 (±0.003) 59 26.7 (±0.004) 41 27.7 (±0.004) 3

Softplus-Strong 1.0 24.2 (±0.005) 0 40.4 (±0.050) 19 59.8 (±0.014) 59 75.3 (±0.009) 46
0.5 24.2 (±0.005) 0 44.9 (±0.044) 18 59.6 (±0.012) 59 75.2 (±0.010) 47

FLARE Dataset

C.E. - 24.2 (±0.005) 0 30.2 (±0.035) 59 41.1 (±0.009) 26 69.1 (±0.019) 9

GS 1.0 24.2 (±0.005) 0 31.0 (±0.031) 59 43.9 (±0.015) 36 70.3 (±0.018) 12
0.5 24.2 (±0.005) 0 25.1 (±0.004) 47 26.3 (±0.003) 27 29.8 (±0.007) 3

Softplus-Strong 1.0 24.2 (±0.005) 0 45.0 (±0.063) 21 62.8 (±0.019) 59 77.8 (±0.006) 43
0.5 24.2 (±0.005) 0 48.7 (±0.062) 22 62.5 (±0.008) 59 77.3 (±0.007) 41

Table 6: Test Accuracy (%) and Epochs for FIZLE and FLARE datasets (AL On). GS = Gradient Supervision, C.E. = Cross-Entropy.
For loss functions which utilise counterfactuals we fix the parameter, 𝛼 = 0.5. Bold values show the best accuracy for that
specific loss function variant, while Underlined Bold shows the best accuracy across the entire experiment. Epochs in bold
indicate that the run is the most efficient in its group, but only if it is also the most accurate.

Dataset Size

20 50 100 500

Variant r % Acc Ep % Acc Ep % Acc Ep % Acc Ep
FIZLE Dataset

C.E. - 24.2 (±0.005) 0 27.1 (±0.008) 31 43.4 (±0.048) 38 60.9 (±0.006) 94

GS 1.0 24.2 (±0.005) 0 27.1 (±0.023) 59 38.0 (±0.043) 23 63.5 (±0.006) 56
0.5 24.2 (±0.005) 0 24.3 (±0.012) 29 32.3 (±0.003) 93 27.3 (±0.023) 9

Softplus-Strong 1.0 24.2 (±0.005) 0 25.6 (±0.012) 42 45.7 (±0.039) 69 57.6 (±0.050) 24
0.5 24.2 (±0.005) 0 25.7 (±0.026) 57 45.2 (±0.030) 66 59.6 (±0.026) 87

FLARE Dataset

C.E. - 24.2 (±0.005) 0 27.1 (±0.008) 31 40.1 (±0.045) 31 63.4 (±0.006) 67

GS 1.0 24.2 (±0.005) 0 27.2 (±0.006) 31 48.0 (±0.030) 46 63.8 (±0.017) 34
0.5 24.2 (±0.005) 0 24.2 (±0.013) 0 27.0 (±0.005) 57 26.7 (±0.017) 11

Softplus-Strong 1.0 24.2 (±0.005) 0 28.2 (±0.027) 59 46.4 (±0.045) 54 63.9 (±0.024) 32
0.5 24.2 (±0.005) 0 27.0 (±0.024) 58 46.9 (±0.025) 71 60.1 (±0.037) 22

on synthetic topologies and NLP tasks demonstrated that penaliz-
ing gradients along counterfactual paths accelerates training and
outperforms standard baselines in data efficiency, particularly using

our Softplus-Strong variant, with the exception of experiments on
the IMDB dataset. Comparing FIZLE and FLARE suggests that coun-
terfactual quality is the major influencing factor, and future work



should further investigate counterfactual quality. Improvements
in the entropy-based active learning setting were less significant
than with full datasets, although this discrepancy may grow with
further training epochs.

While our findings demonstrate the potential of gradient-based
counterfactual alignment, several limitations remain. Annotation
cost is high, as generating counterfactuals is labor-intensive; thus,
future work must determine the minimal number required. Further-
more, there is inherent subjectivity, as models absorb annotator
bias, requiring methods to estimate expert skill. Generalization
also poses a challenge, as translating directional vectors to com-
plex domains (e.g., high-resolution imaging) or non-linear paths
remains difficult. Finally, there is a strict quality dependence,
as the efficacy of our method is bound by counterfactual quality,
necessitating better filtering metrics.
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across the feature space, we employ an entropy-based importance
sampling strategy with an integrated diversity parameter. This
approach addresses the common limitations of purely uncertainty-
based or diversity-based sampling methods by combining their
respective strengths [7].

Implementation Details. Our sampling procedure operates it-
eratively during training. At each selection round, we first compute
the softmax probabilities from the current model’s logits:

p𝑖 = softmax(f𝜃 (x𝑖 )) (9)
where f𝜃 represents our neural network model with parameters

𝜃 . The uncertainty of each sample is then quantified using the
entropy of these probability distributions:

𝑈 (x𝑖 ) = −
∑︁
𝑦∈Y

𝑝𝑖,𝑦 log𝑝𝑖,𝑦 (10)

where 𝑝𝑖,𝑦 denotes the predicted probability for class 𝑦 given
input x𝑖 [22]. Samples with high entropy values indicate regions
where the model exhibits significant classification uncertainty, mak-
ing them prime candidates for informative annotations.

However, relying solely on uncertainty sampling can lead to the
selection of similar samples clustered near decision boundaries, po-
tentially overlooking diverse regions of the feature space that could
provide broader representational coverage [21]. To address this
limitation, we incorporate a diversity parameter 𝛽 that encourages
the selection of samples spanning different regions of the feature
space.

Our select_informative_samples function implements a hy-
brid selection strategy that operates in two phases. First, we identify
candidate samples with high uncertainty scores based on the en-
tropy measure above. Second, we apply diversity-aware selection
using the learned embeddings e𝑖 from our model’s intermediate
representations:

Selected = select_informative_samples(P, E, 𝑘, 𝛽) (11)
where P contains the softmax probabilities, E represents the

embedding matrix, 𝑘 specifies the number of samples to select, and
𝛽 controls the diversity weighting parameter.

We combine uncertainty and representativenessmeasures through
a weighted formulation. For each sample x𝑖 , we compute its rep-
resentativeness 𝑅𝑒𝑝 (x𝑖 ) based on its similarity to other unlabeled
instances in the embedding space:

𝑅𝑒𝑝 (x𝑖 ) =
1
|𝑈 |

∑︁
x𝑗 ∈𝑈

exp
(
−
||e𝑖 − e𝑗 | |2

2𝜎2

)
(12)

where 𝑈 represents the unlabeled dataset, e𝑖 and e𝑗 are the
learned embeddings, and 𝜎 controls the bandwidth of the similarity
function. The combined information content is then:

𝐼𝑛𝑓 𝑜 (x𝑖 ) = 𝑈 (x𝑖 )𝛼 · 𝑅𝑒𝑝 (x𝑖 )𝛽 (13)
where𝛼 and 𝛽 are weighting parameters that balance uncertainty

and representativeness considerations, with 𝛽 corresponding to our
diversity_weight parameter.

This iterative process ensures that our model continuously im-
proves its understanding of challenging regions while maintaining

diversity across the feature space. The entropy-based uncertainty
measure ensures we focus annotation efforts on themost ambiguous
classification boundaries, while the diversity parameter guarantees
that our selected samples represent the global structure of the data
distribution.

For our gradient supervision framework, this balanced selec-
tion is particularly important, as diverse counterfactual directions
provide richer supervision signals that can improve model gen-
eralization across the entire feature space rather than just local
decision boundaries [11]. The use of learned embeddings for diver-
sity computation is especially valuable, as it ensures that similarity
is measured in the model’s internal representation space rather
than raw input space, leading to more semantically meaningful
diversity constraints.
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