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Abstract

Machine learning models trained with offline data often suffer from distribution shifts in
online environments and require fast adaptation to online data. The high volume of online
data further stimulates the study of active adaptation approaches that achieve competitive
adaptation performance by selectively annotating only 5%-10% of online data and using it to
continuously train a model. Despite the reduction in data annotation cost, many prior active
adaptations assume a multi-round data annotation procedure during continuous training,
which hinders timely adaptation. In this work, we study a single-round active adaptation
problem with a minimum data annotation turnaround time but require the selected subset
of data samples to help the entire continuous training procedure until convergence. In our
theoretical analysis, we find that the prediction variability of each data sample throughout the
training is crucial, in addition to the conventional data diversity. The prediction variability
measures how much the prediction could possibly change during the continuous training
procedure. To this end, we introduce a novel approach called feature-norm scaled gradient
embedding (FORGE), which incorporates prediction variability and improves the single-
round active adaptation performance when combined with standard data selection strategies
(e.g., k-center greedy). In addition, we provide efficient implementations to construct our
FORGE embedding analytically without explicitly backpropagating gradients. Empirical
results further demonstrate that our approach consistently outperforms the random selection
baseline by up to 1.26% for various vision and language tasks while other competitors often
underperform the random selection baseline.

1 Introduction

The data in production environments can shift away from what is used for training the model. For example,
a vision model inside a camera of a surveillance or autonomous driving system may see new images that
are different from its offline training images every day. A fraud detection model may process emails and
transactions from new users or adversaries that try to penetrate novel attacks to bypass the detection. A
language model in a chat application also receives new and time-based questions over time. Such ubiquitous
distribution shifts are among the major causes of performance degradation in machine learning models
(Huyen! [2022). The consequence of performance degradation caused by distribution shifts can be quite severe:
a failure of a vision model may cause traffic accidents, penetrating a novel fraud can cause financial loss
to a company, and a language model generating incorrect answers to new questions can raise concerns in
mission-critical applications such as medical diagnostic and healthcare.

One of the most effective ways to address distribution shift problems is continuously training a model using
online data (Huyen, [2022). Given a large amount of online data and the subsequent annotation cost, a few
recent works (Prabhu et al., 2021} [Xie et al., |2023) explore active adaptation and show that carefully curating
a subset of online data is an effective means to achieve superior adaptation performance while significantly
reducing the data annotation cost. Despite lowering the annotation cost by a factor of ten or twenty, existing
active adaptation methods assume multi-round data annotation procedures. Under these multi-round settings,
we issue multiple queries that sequentially request labels for selected data samples from data annotators and
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Figure 1: Prior works apply active learning to reduce the data annotation cost of adapting machine learning
models to shifting distributions. However, many assume a multi-round setting (a), which incurs multiple
turnaround times and unnecessary delays. We study a single-round adaptation setting (b) and develop an
improved approach called feature-norm scaled gradient embedding (FORGE) (c).

continuously train a model between adjacent queries for a few iterations. However, these sequentially issued
queries may hinder timely adaptation, causing user dissatisfaction.

Language models interact with users and continuously improve their performance based on user feedback
(e.g., preference annotations). Repeatedly asking users to annotate their preferences without delivering a
customized experience can hurt their satisfaction. Besides, for a conventional supervised learning problem
(e.g., fraud detection), issuing K mini-batches of queries can incur ~ K times more turnaround time than
selecting data samples once and issuing a single batch of queries because modern data annotation systems
(e.g., MTurk 2012))) are optimized for throughout (Haas et al) 2015} Difallah et al) 2015). The
throughput-oriented systems are good at handling a large batch instead of multiple mini-batches. To this
end, we propose a single-round active adaptation problem, where we select once and continuously train a
model for many iterations until convergence (Figure [1).

The single-round adaptation problem requires us to study whether the selected subset is helpful throughout
the continuous training procedure with many iterations. To this end, we start with a pair-wise loss reduction
gap that measures how much learning one selected sample can help learn another unselected sample. We also
show that reducing this gap can improve adaptation performance. Then, we show that the loss reduction gap
depends on (1) gradient distance, which is important for the first few continuous training iterations, and (2)
prediction variability, which can dominate the latter iterations. This prediction variability is estimated using
the norm of a tangent feature of a linearized neural network, which is a plausible model for adaptation tasks
with a few fine-tuning epochs (Malladi et al. [2023). The tangent feature characterizes how the prediction
varies during continuous training, and the norm of the tangent feature can upper bound the variability.

Based on the theoretical analysis, we develop a feature-norm scaled gradient embedding (FORGE) — an
improved active adaptation approach that considers the prediction variability and achieves better single-round
active adaptation performance. One interesting observation from our analysis is that certain data samples
may have small gradient distances and show a small loss reduction gap in the first few iterations. However,
their loss reduction gap may increase significantly with high prediction variability. Following this observation,
we aim to discover data samples with small gradient distances but high variability. Specifically, our approach
first represents each data sample using their gradient embeddings, defined as the gradient of the loss w.r.t. the
parameters and can help represent the gradient distance. We then re-scale the gradient embedding according
to the sample-wise prediction variability, measured by the tangent feature norm, and construct feature-norm
scaled gradient embedding. With the re-scaling operation, high-variability samples are represented by “long”
embedding vectors. Therefore, they are more likely to be picked by diversity-based data acquisition methods
such as k-center greedy that primarily look for long vectors far away from the selected ones .
We outline suffucient conditions under which our feature-norm scaled embeddings outperform an approach
without feature-norm scaling.
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We derive an efficient analytical implementation for FORGE embedding that eliminates the need for expensive
gradient backpropagation. We also extend the derivation to various vision and language tasks, including image
classification, sentence classification, span-based question and answering, and reward modeling. Extensive
empirical evaluation further demonstrates the advantage of our approach for single-round active adaptation
tasks. Our main contribution is listed as follows:

e We comprehensively analyze a single-round adaptation problem, outlining two key conditions: gradient
distance and prediction variability.

e We develop an improved active adaptation approach by incorporating prediction variability.

o We provide efficient implementations and extensively evaluate them with various tasks.

2 Related Work

Active learning. Common active learning approaches are based on data diversity and data uncertainty.
Diversity-based active learning (Sener & Savaresel |2018; |Ash et al. 2020; [Shen et al., [2022) aims to select a
subset of diverse data samples that can best represent the full dataset in the input space, an embedding space,
or a gradient embedding space. Uncertainty-based active learning (Balcan et al., |2007; |Gal & Ghahramanil
2016; [Ban et al.l [2022;2024)) prioritizes the selection of data samples where the model prediction is uncertain.
Such uncertainty often requires entropy estimation and careful calibration. A few recent works also show
that incorporating training dynamics can improve convergence speed (Wang et al., [2022; Mohamadi et al.,
2022). Most of these approaches interleave the data selection and the model training procedure and perform
selection every few training iterations. In contrast, our work studies single-round data selection with many
training iterations for timely adaptation. |(Chen et al| (2022)); Wang et al.| (2023) studied similar single-round
problems to ours but assumed learning from scratch instead of adaptation. Several recent works apply active
learning to foundations model training (Zhang et al., [2023; Bhatt et al.l |2024; [Shen et al., [2025]), and we will
show a case with reward modeling as part of our experiments.

Domain adaptation. [Li et al| (2021)); [Zhao et al|(2022) demonstrated the difficulty of unsupervised
adaptation. Hence, recent works have focused on incorporating external supervision (Su et al., |2020; [Prabhu
et al., [2021} |[Li et al.l 2021; [Zhou et al.l |2022; [Xie et all 2023} [Tsai et al.l [2024). However, most of the works
on active adaptation focus on improving the performance of conventional active learning techniques via, for
example, balancing diversity and uncertainty (Prabhu et al., [2021) or improving uncertainty calibration (Xie
et al.l |2023)), but few aim to minimize the annotation turnaround time.

3 Preliminaries

We list the notation and introduce an active adaptation algorithm framework before proceeding with the
technical discussion. Appendix [A] provides a table of notations to ease the reading further.

3.1 Notation

A pair of input @ € X and its label y € Y is a data sample. fp : X — Y is a model (e.g., neural network) that
is parameterized by 6. £:) x Y — R is a loss function. z is the last hidden state of a neural network (i.e.,
input to the last linear layer). We use £(x, y; fg) to simplify the notation of £(fp(x),y), which denotes the loss
of a function fy at a given data sample (x,y). ror(x,y; fo) = (x,y; fo,) — l(x,y; fo,.) is the amount of loss
reduction on a data sample (x,y) after the model parameter evolves from 6y to 67 after T training iterations.
Vo fo(x) is the gradient of the model output fy(x) w.r.t. the model parameter 6, which is also called a tangent
feature (Jacot et al., [2018} [Lee et al.; 2019) in the following sections. Vgl(x,y; fo) is the gradient of the loss
value w.r.t. the model parameter 6. || - || denotes the Ly norm. s denotes a selected subset of indexes from
the full set. |- | denotes the size of a set. [n] denotes a set of n natural numbers. S is a set of selected data
samples {x;,y; | i € s}, S’ is a set of unselected data samples {@;,y; | i € [n]\ s} and S is a set of unselected
data samples and its closet selected neighbor {x;,v;, z;,y; | ¢ € [n]\ 8, = argmin, ||¢p(x;) — ¢(x;)]|}. ¢ is
an embedding function. Cat(-,-) is a vector concatenation operator.
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3.2 Algorithm Framework

Our approach operates under a conventional two-step active learning procedure (Sener & Savarese} |2018; |Ash
et al}2020): (1) construct data representations using an embedding function ¢ and (2) perform diversity-based
data selection. We use the k-center greedy algorithm (lines 3-6) as an example in the algorithm framework
(Algorithm . Then, we continuously train a model using the selected data samples. The k-center greedy
algorithm can effectively minimize the maximum distance between an unselected data sample =’ and its
closest selected neighbor &, which can be formulated as an objective function max;cy)\s minjes [|z; — ;||
(Sener & Savarese, [2018]). Intuitively, this k-center greedy algorithm selects data samples that are far from
others. Our framework differs from prior ones (Ash et all [2020) regarding the continuous training step (line
7), which was often placed inside the data selection loop (lines 3-6).

Algorithm 1 Algorithm framework

Input: A set of data samples {1, ..., xx}, an embedding function ¢, and a model fg,.
Steps:

1: Construct data representations {¢(x1), ..., ¢(xn)} using an embedding function ¢;
2: Initialize a set of selected indices s = {s1} with a random s; ~ unif(0, N);
3: for k < 2 to K do
4: sk = arg maxy)\ s Minjes [[¢(x:) — ¢(x;)|;
5: s« sU{si};
6: end for
7: Continuously training a model fp, by minimizing H—;” Zle U(xs,,ys,; fo) for T iterations;
8: Return fp,.
4 Analysis

This section introduces our main insights into the single-round active adaptation problem. Our goal is to
select a subset of data samples; once a model is trained upon them for many iterations, the model performance
is comparable to that of a model trained over the full dataset. This goal requires us to study whether learning
with selected data samples can also help learn the unselected ones, quantified by a loss reduction gap. We
show that such a loss reduction gap is vital in learning the full dataset via a subset. However, estimating the
loss reduction gap after many training iterations is non-trivial because the model’s training dynamics remain
unknown at the selection step. To this end, we introduce a novel method to estimate an upper bound of the
loss reduction gap incorporating (1) a gradient distance term and (2) a prediction variability term under
unknown training dynamics.

By obtaining a loss reduction gap upper bound, we observe that minimizing the upper bound has a sample-
wise difficulty, depending not only on the gradient distance between samples but also on a sample-wise
prediction variability. Moreover, the impact of the prediction variability can grow quadratically as the model
parameter deviates from its initialization during training. The quadratic growth of the prediction variability
can dominate the term associated with the gradient distance, which only grows linearly. Such a result goes
beyond the prior result (Sener & Savarese), 2018) on the distance term and will further guide our algorithm
design in Section

Technically, we employ the linearization of a non-linear neural network with a mean squared error loss function
under a neural tangent kernel (NTK) regime (Jacot et al.l 2018} [Lee et al., |2019; [Malladi et all 2023); a
standard tool in deep learning theoretical analysis (Ren & Sutherland) [2025). Notably, this approach does
not require assuming linear models. The mean squared error loss function is the standard choice in the NTK
regime (Jacot et al.l |2018; Lee et al., |2019; Malladi et al., 2023)), which produces clear theoretical results and
behaves closely to the cross-entropy loss function (Hui & Belkinl 2021)). This NTK regime is increasingly
employed in modern active learning research (Awasthi et al.| |2021; Mohamadi et al., 2022; Wang et al., 2022).
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4.1 Objective Function

In an active adaptation problem, we hope that learning one selected data sample @ can also help learn another
unselected data sample z’. To this end, we introduce an objective function called loss reduction gap between
a pair of selected and unselected data samples.

Definition 1. (Loss reduction gap) Let ro_r(x,y; fo) = £(x, y; fo,) — (@, y; for.) be the loss reduction on a
data sample (x,y) after the model parameter evolves from 0y to O after T training iterations , we define a
loss reduction gap between x and x':

T0—>T(€B,y;f0) *7”0—>T(1'17yl;f9)~ (1)

The loss reduction gap includes the loss reduction ro_,7(,y; fo) on a selected data sample = and the loss
reduction ro_,r(2’,y’; fo) on an unselected data sample 2’. In our active adaptation problem, for a given
amount of loss reduction on a selected x, we hope that the model fy,. parameterized by 61 also learns 2’ and
reduces £(x’,y'; fo,.). Note that the loss reduction is an objective, and we do not assume that the reduction
is positive. The following proposition further illustrates the role of the loss reduction gap in minimizing the
expected loss reduction Ep[ro_,7(x,y; f)] with a given data distribution D.

Proposition 2. (Decomposition of expected loss reduction) Let x be the closest selected neighbor of an
unselected ' and w; = ¢; + 1 where ¢; is the frequency of each x appears as the closest neighbor, the expected
loss reduction Epro7(x,y; fo)] with a given data distribution D can be decomposed and upper bounded by
(1) a training loss reduction, (2) a maximum loss reduction gap, and (3) a generalization gap:

Ep[roor(z,y; fo))

1 1<
> Ezwﬂo—m(ﬂ?y,yj;ff)) +ED[T0—>T($7y;fe)]*EZTO—@(%,%;JC)

jEs i=1

Weighted training loss reduction Generalization gap

——- max [|rosp(x,y; fo) — rosr(@’ Y fo)l-
n oz y wyes

Mazimum loss reduction gap

The expected loss reduction Ep[ro_r(x,y; fo)] on the left-hand-side of Equation [2| is what we want to
maximize but lacks direct estimation of it. Thanks to the lower bound in Proposition [2} we obtain additional
insights suggesting that the expected loss reduction is lower bounded by (1) how much does the loss on the
selected samples reduce, (2) the standard generalization gap between the data distribution and the data
samples and (3) the loss reduction gap between the selected and unselected data samples in an active learning
procedure. In what follows, we will present a new upper bound of the loss reduction gap. The upper bound
is helpful because reducing the upper bound of the loss reduction gap can help increase the lower bound of
the expected loss reduction Ep[ro_r(x, y; fo)]-

4.2 Main Result

Estimating the loss reduction gap is non-trivial because the model parameter 67 at iteration 7" is unknown
at the data selection step. Therefore, we derive an upper bound of the loss reduction gap applicable to
unknown 07. Our result suggests that for an arbitrary 67, the upper bound depends on the gradient similarity
between a pair of data samples and their prediction variability. The gradient similarity term complements
prior practice (Ash et all|2020), and the prediction variability term will guide an improved algorithm design.
Before proceeding to the upper bound, we first introduce the NTK regime that is used in our analysis.
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Figure 2: The gradient similarity Vol(x,y; fo,) — Vel(x',y'; fo,) can indicate a loss reduction gap in a few
g 0 0

training iterations setting (case 1). With an increasing amount of training iterations (case 2), we must also
consider the prediction variability (i.e., v = max(||Vofo, ()|, Vo fo, (x)]]))-

Assumption 3. (NTK regime) (Jacot et al) |2018;|Lee et al., |2019) Let fo,. : X — Y be a non-linear model
at training step T, we assume that its output fa, () are governed by a linear model f'* : X — Y obtained
from the first-order Taylor expansion of the non-linear model fy,. around its initial parameter 0y:

for(x) = for () = fo,(x) + Vofo, ()" Abr, (3)
————

Tangent feature

where A1 = 01 — 0y denotes the parameter deviation throughout t training iterations.

The NTK regime is first studied using infinite-wide neural networks (Jacot et al., 2018} Lee et al., 2019)) and
is later applied to model fine-tuning (Malladi et all, [2023). In active adaptation, we only continuously train a
model for a few epochs, matching the model fine-tuning setting (Malladi et al. [2023)). Under Assumption
it is easy to see that the prediction variability at a given data sample & throughout the training procedure is
upper bounded by its tangent feature norm ||Vg fg, ()| and the magnitude of parameter derivation:

/o5 (@) = foo ()] < Voo, ()] | A0r]| - (4)

Prediction variability Feature norm

Variability upper bound

Although the model is linearized, the loss function remains non-linear. We further introduce an upper bound
of the loss reduction gap that is composed of (1) a term that is associated with a gradient distance and (2) a
variability upper bound based on a maximum feature norm.

Theorem 4. (Loss reduction gap upper bound) Let {(z,y : fa) = ||fo(x) — y||*> be a mean square error (MSE)
loss function, with definitions in Section[3 and Assumption[3, we have:

ror (@, y; fo) = rosr (@Y f3") < [Vel(@,y; fa,) — Vel ,y's fo,)|| [|A07 |
Gradient distance

+2max(|| Vo fo, ()], Vo fo, (x')I)* | A0 ()

Max feature norm

Variability upper bound

The upper bound in Equation [5] is easy to interpret: (1) the first term with gradient distance captures
a first-order similarity between loss reductions of  and &’ and (2) the variability upper bound indicates
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Figure 3: When data samples have low-variability (a), selecting one data sample can be sufficient to represent
a cluster of data samples. However, in a high-variability setting (b), data samples can hardly represent each
other, even if they are close (e.g., the left cluster with red dots).

the difficulty of maintaining a higher-order loss reduction similarity during many training iterations. An
interesting observation is that the high-order variability term relies on the square of a first-order tangent
feature instead of high-order gradients. Figure [2|illustrates the main result.

Implications. The gradient distance term in our main result complements previous works on active learning
with gradient embedding (Ash et al.l 2020]). In addition, the variability upper bound term further implies
that minimizing the gradient distance can be insufficient when adaptation training contains many iterations.
Without explicitly considering the variability term, an active learning algorithm may neglect the data samples
that are very difficult to learn by learning its close neighbors. According to Proposition [2| a large loss
reduction gap may result in diminished expected loss reduction. To this end, we will present an improved
approach that considers the prediction variability and improves the single-round active adaptation with many
training iterations in the adaptation procedure.

5 Approach

The goal of our algorithm design is to avoid neglecting the high-variability data samples so that we can directly
maximize the training loss reduction over them while keeping a small loss reduction gap small (Proposition
in Section . In a bird’s eye view, our approach operates under the conventional two-step active adaptation
framework (Section , where the first step is to represent each data sample by its embedding and then
conduct data acquisition (e.g., k-center greedy) in an embedding space. This framework is similar to prior
work in terms of using gradient embedding in the first step but also differs in the sense that it adds a variation
to the gradient embedding to encourage the direct selection and learning of high-variability samples, which
may lead to a large loss reduction gap, following our theoretical analysis in Section [dl Figure [3] provides
an intuitive example where we select all the high-variability samples from one cluster and selectively pick a
few representative low-variability samples from other clusters. We also derive efficient implementations for
various tasks, including image and text classification, question-answering, and reward modeling.

5.1 Feature-norm Scaled Gradient Embedding (FORGE)

In the previous section, the theoretical analysis shows that achieving a good active adaptation performance
requires minimizing a loss reduction gap (Theorem , which further depends on a gradient distance
between a pair of samples and their variability upper bound (Theorem . As is detailed in the preliminary
(Section , we perform diversity-based data selection in a gradient space, i.e., ¢(x,y, fo,,€) = Vol(x,y; fo,),
which encourage a k-center greedy algorithm (Section [3.2)) effectively minimizes the gradient distance
term, ||Vol(x,y; fo,) — Vol(2',y'; fo,)|l. However, diversity sampling over gradient space is insufficient
for minimizing the variability upper bound term, max(||Vgfo, (z)|l, | Vafo,(')]|)||A0]|2. Neglecting the
variability upper bound can lead to sub-optimal selection results because we will miss certain samples with a
small gradient distance from their selected neighbors but deviate from their neighbors after many training
iterations due to high prediction variability (Figure [3]). To achieve a low prediction variability and a small
gradient distance simultaneously, we develop a new embedding approach called feature-norm scaled gradient
embedding (FORGE):
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Figure 4: The re-scaling operation in FORGE scales gradient embedding according to their prediction
variability and intentionally “pops out” high-variability samples in a gradient embedding space. This re-
scaling helps diversity-based data acquisition methods (e.g., k-center greedy) pick high-variability samples.

Definition 5. (FORGE) A feature-norm scaled gradient embedding function ¢ is defined as:

Vo fo, (@)l
Vol(z,y; fo,)ll

Feature norm re-scaling Gradient embedding

¢(may7f907£) = VGE(:ILy;fHU) (6)

Our FORGE embedding is a re-scaled version of the gradient embedding Vof(x, y; fo, ), where the feature norm
[IVa fo, ()] is the re-scaling factor and decides the magnitude of the FORGE embedding. Since the feature
norm also decides the variability upper bound under unknown training dynamics, we assign high-magnitude
embedding vectors to high-variability samples. This strategy is effective because diversity-based data selection
methods seek data samples far away from selected ones. High-magnitude vectors are often further away from
others compared to low-magnitude vectors, which usually fall into a few clusters around 0. Figure [4] further
illustrates the advantage of our FORGE embedding and makes comparisons. By re-scaling the embedding
vector according to the prediction variability, we avoid neglecting data samples with a low gradient embedding
magnitude but a high prediction variability. We further investigate under which condition our FORGE
approach with re-sacling operation can outperform the baseline BADGE approach without re-scaling.
Theorem 6. Let Yypapge and Yrorge be the maximum feature morm of any data sample in SBADG
and S’FORGE, respectively. Upapce ts an upper bound of the loss reduction gap in FEquation g
MaX,, v o vespapan 10T (@45 fo) — rosr (@' fo)| < Tapce, and U'rorge is also an upper bound
0f MAX s 11 o e S nen lromr(x,y; fo) — rosr (@, y'; fo)|. If the FORGE embedding helps select large feature
norm samples such that ypapcr > Yrorcr, when the parameter deviation is large such that ||Afr| >

(o—1)-e+O - IV oL(z,y; o0 )l _ A T —
2(YBADGE—YFORGE)’ where © = MaXe,yeSroran Ve foq ()]l and O = MaXy v 2yeSrorce V@é(ﬁc Y 7f00)
IV l(,y;fo)ll Vo foq (=)l ’o.

NoFoc @I TVl 0 oo Vol(x',y'; fo,)|| are constants, we have
I'rorce < T'BaDGE- (7)

This theorem implies that if the re-scaling operation in FORGE embedding can help selecting data samples with
large feature norm and making yrorgg — the maximum feature norm among unselected data samples and their
corresponding selected neighbor Srorar — smaller than YBADGE, the loss reduction gap upper bound I'rorgr
of the FORGE embedding is provably smaller. Combining with Proposition [2] and taking the training loss
reduction into consideration, we can further see that if the parameter deviation is large such that ||Afr|| >

(071)-6+O+\/[(1*<>)€+O]2*8(’YBADGE*’YFORGE)[ZiESFORGE wj"‘O*)T(‘”jnyj?f@)*Z

4(YBADGE —YFORGE)

FORGE approach achieve a higher lower bound of the expected loss reduction.

sespapap ViT0~T (@55 )]

, our

5.2 Efficient Implementation

Computing the tangent feature Vg fy,(x) and the gradient embedding Vgl(x,y; fo,) are expensive. To
alleviate the computational overhead, prior work (Ash et al., 2020) showed that using the last layer’s gradient
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embedding of a neural network achieves competitive performance. We extend this result and provide analytical
constructions of FORGE embedding using only a single forward pass of a neural network. Such single-pass
construction applies to various vision and language tasks. Our analytical construction involves the last hidden
state (i.e., the input to the last linear layer) z, the sigmoid activation function o, and the pseudo-label (i.e.,
the prediction) §. The pseudo-label § is a common surrogate of the true label y (Ash et al., [2020), which is
not yet available in the data selection step. Notably, all the following analytical constructions require only a
forward pass through the neural network and is, therefore. computational efficient.

Classification task. In a binary classification task, we have ¢(x, g, fo,,2) = m ~o(fo,(x) — 9)=.
In sequence classification tasks where each input token has a corresponding hidden state, we use the hidden
state zcrg of the [CLS] token. Concatenating the FORGE embedding vector of each class extends our
approach to multi-class cases.

Span-based QA task. Span-based question-answering (QA) task requires a model to predict the starting
index ¢ and the end index . of an answer in a sequence, using two separated linear layers. For a given

. ~ L s A
sequence with L tokens, we have ¢(2s, Js, foo,s) = T D i1 HU(feo,s(ljrz)iy_”@s,i)zs,iH 0 (fs,00(x)s,i — Us,i)%s,i Then,

we concatenate the staring and ending FORGE embeddings: Cat ((b(:c, Us, foo.5: 2s), (X, e, fog.e ze))

Reward modeling task. The loss function of a reward modeling task is {(x%, x!, fy) = log a( fo(x™) —

fg(:])l)), where % is the preferred winning sample and ! is the other loss sample. Note that the subtraction

- N . T :
fo(x™) — fo(z") within the sigmoid function o equals to 2% "0~ — 21§~ where #~! is the parameter of

the last linear layer. Therefore, we can consider 2% — z! as the input to the last layer, ignore the gradient

wT o T,
(e ToTt-z e 1)~ ! of the log-sigmoid function because it is a positive scalar, and have ¢(z%, 2') = 2% — 2!,

6 Experiments
We present the empirical verification of our approach and make comparisons with strong baselines.

6.1 Setup

Tasks and datasets. In the image classification task, we use the VLCS dataset (Gulrajani & Lopez-Paz,
2021) and the VisDA dataset (Peng et al.l [2017). The sentiment classification task operates over the Amazon
and Yelp review datasets (McAuley et al., [2015} [Zhang et all |2015). The span-based question-answering
(QA) task employs the Squad and News datasets (Rajpurkar et al., [2016; |Trischler et al., [2017)). The reward
modeling task utilizes the Anthropic-hh-rlhf dataset (Bai et al.l [2022).

Model architecture. we use the Resnet-50 model (He et al., [2015) for the image classification task. The
sentiment classification and the span-based QA task adopt the distilled-Bert models (Devlin et al., 2019;
Sanh et al.| |2019)) with a classification head and a QA head, respectively. We consider the GPT-2-medium
model (Radford et all 2019)) for reward modeling tasks.

Hyper-parameters. We use the SGD optimization for the Resnet-50 model, the Adam optimizer for the
distilled-Bert models, and the GPT-2 model. The initial learning rate is le-4 for all adaptation tasks, and
we use linear decay scheduling for the GPT-2 model in a reward modeling task. The number of epochs for
adaptation tasks is 4, and we train the reward model for 1 epoch. The batch size for the Resnet-50 model is
64, the distilled-Bert model is 16, and the GPT-2 model is 4.

6.2 Baselines

We include random selection, uncertainty-based selection: margin (Balcan et al., 2007) and DUC (Xie et al.,
2023), and diversity-based selection: CORESET (Sener & Savarese], 2018), BADGE (Ash et al., [2020]), and
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Figure 5: The loss reduction gap can be large even if the gradient embedding (BADGE) distance is small (a).
The feature norm explains the large loss reduction gap (b). Incorporating the feature norm term in FORGE
embedding alleviates this issue (c).

CLUE (Prabhu et all [2021)). Approaches such as DynamicAL (Wang et al| [2022]) and DULO (Wang et al.
2023)) are omitted due to their prohibitive computational overhead as one requires computing neural tangent
kernel, and the other needs training 4000 proxy models.

Random Randomly selecting a subset of samples without repetition.

Margin Selecting the data samples that are closest to their decision margin and have high uncertainty. The
distance to the decision margin is measured by the difference between the largest logit and the second-largest
logit.

DUC The authors first utilize Dirichlet-based uncertainty calibration (DUC) to mitigate
mis-calibration of neural networks under distribution shifts. Then, they use a two-round procedure to select
data samples with high distribution uncertainty and high data uncertainty. Distribution uncertainty helps
identify data samples that are out of the source domain, and data uncertainty captures discriminative samples.

CORESET (Sener & Savarese) |2018]) Selecting diverse data samples using a k-center greedy algorithm in
an embedding space. They use the last hidden state to construct embeddings.

BADGE (Ash et al} [2020) Selecting diverse data samples using a k-means++ algorithm in an embedding
space. They use the last layer’s gradient to construct embeddings.

CLUE (Prabhu et al} [2021)) They use the last hidden state to construct embeddings and then run k-means
clustering in an embedding space. The uncertainty, measured in predictive entropy, serves as the weight of
the k-means clustering. The data samples that are closest to each clustering center are selected.

6.3 Visualizing Loss Reduction Gap

We investigate the correlation between the embedding distance and the absolute loss reduction gap in
Proposition [2 This correlation is important because diversity-based data selection methods aim to minimize
the distance between pairs on selected and unselected samples (lines 3-6, Algorithm .

In these experiments, we use the Caltech (C) and VOC (V) datasets from the VLCS dataset with 5 classes.
We first fine-tune a pre-trained Resnet-50 on the Caltech dataset to obtain a source model. Then, we use
CORESET, BADGE, and our approaches to select 5% data samples from the VOC dataset (i.e., target
domain). The source model is further fine-tuned on the target domain to get the final accuracy, where each
batch is split evenly for source and target data. For the VLCS dataset, we report the average accuracy on
the V, L, and S datasets. We always find using source data stabilizes and improves adaptation.

10



Under review as submission to TMLR

Table 1: Accuracy decomposition of active adaptation methods with 5% labels.

Method ‘ Selected Train ‘ Unselected Train ‘ Validation ‘ Test

CORESET 100.0 + 0.00 73.68 + 0.0s 73.67 + 0.25 72.99 + 0.16
BADGE 100.0 + 0.00 75.18 + 0.22 74.15 + 0.33 73.28 + 0.21
FORGE (OUI'S) 100.0 + 0.00 76.13 + 0.06 7519 + 0.26 7494 + 0.08

Note: The numbers are average accuracy over three runs. Variance is rounded up.

Table 2: Accuracy of active adaptation methods.

Image-CLS on VLCS Image-CLS on VisDA

Method 5% 10% 5% 10% Average
Random T4.87 £ 074 75.33 + 0.76 81.91 + 001 84.28 +o.01 79.10
Margin 61.43 £ 017 64.32 £ 01s | 81.08 o001 83.59 x 0.01 72.61
DUC 68.07 015 72.78. 005 | 81.59 001 85.20 £ 002 | 76.91
CORESET 73.50 £ 006 74.45 1026 | 81.04 £ o001 84.85 1 0.01 78.46
BADGE 73.74 £ 018 T74.82 £ 1.1 81.37 £ 001 84.54 + 01 78.62
CLUE 74.56 + 041 75.56 + 0.08 81.42 +0.02 84.82 +o0.02 79.09
FORGE (ours) 75.19 + 0.01 76.06 =+ o.07 82.28 + 0.01 85.45 +o.01 79.75

Note: The numbers are average accuracy over three runs. Variance is rounded up.

In Figure[5] we first plot the correlation between the gradient distance between each unselected sample ' and
its closest select neighbor x, ||¢papcE(®, Y, fo,, ) — ¢BADGE(Z, Y, fo,, £)||, and their absolute loss reduction
gap, |rosx(x,y; fo) — rosx (@', y'; fo)|. With the gradient embedding (BADGE), the loss reduction gap
significantly increases with a minor increase in the embedding distance, diminishing their correlation and
hurting the diversity-based selection performance. Then, we show that the diminished correlation can be
explained by the (tangent) feature norm in Figure Adopting FORGE, which explicitly considers prediction
variability via the feature norm term, recovers a strong correlation between the embedding distance and the
loss reduction gap.

6.4 Performance Evaluation

We further show that FORGE, which recovers a strong correlation between the embedding distance and
the loss reduction gap (Section [6.3]), improves active adaptation performance. Table [1| lists the accuracy
decomposition of active adaptation methods in an image classification task (C to V adaptation in VLCS) with

Table 3: Accuracy of active adaptation methods.

Sentiment-CLS Span-QA
Method 5% 10% 5% 10% Average
Random 50.53 +0.01 51.66 + 0.01 38.27 + 025 38.84 +0.04 44.83
Margin 44.41 + 002 48.57 £ 0.01 33.01 £ 011 35.92 + 014 30.48
DUC 48.21 £ 001 50.66 o001 | 33.59 £o021 37.82 + 0.0 42.57
CORESET 51.34 + 001 51.33 £ 001 | 37.07 £ 017 38.68 + 0.02 44.73
BADGE 51.26 + 001 52.28 + 0.02 | 38.25 + 000 38.91 + 0.07 45.18
CLUE 50.90 + 001 51.65 x o001 | 38.21 £ o009 38.45 1 0.06 44.80
FORGE (OUI‘S) 51.79 + 0.01 52.23 £ 001 38.67 +0.13 39.06 + o018 45.44

Note: The numbers are average accuracy over three runs. Variance is rounded up.
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a labeling budget of 5%. Our approach improves the accuracy on the unselected training set and achieves
a better test performance. Such an advantage further extends to another image classification (C to VLS),
sentiment classification, question answering, and reward modeling tasks with labeling budgets of 5%, 10%,
and 20%.

In the image classification experiments, we consider a more challenging setting. The Caltech (C) dataset
remains the source domain, and we use a mix of the VOC (V), LabelME (L), and SUN (S) as the target
domains. We select data samples evenly from each target domain (e.g., 5% from each target domain). In
VisDA, we consider the synthetic to real transfer. The source domain for sentiment classification is Amazon
review, and the target domain is Yelp review. Both datasets have 5 sentiment classes. For the span-QA task,
we directly use a fine-tuned distilled-Bert on the Squad dataset E| and use News as the target domain. The
adaptation procedures follow the previous loss reduction gap experiment and always include source domain
data in target domain adaptation. We report the model performance on target domains. For the QA task,
we report the exact match performance. Our approach achieves the best performance among 7 out of the 8
settings and beats the random selection baseline across all settings. In the sentiment classification task with
5% labeling budget, we observe our approach achieves a 1.26% higher accuracy than the random selection
baseline. In contrast, the BADGE approach without the re-scaling operation only beats the random selection
baseline in 4 out of the 8 settings.

In the reward modeling task, we first fine-tune a GPT-2-

medium model on 50% of the Anthropic-hh-rlhf dataset us- Table 4: Reward model accuracy.

ing the “chosen” response. Then, we employ the warmup

strategy in LESS (Xia et al.,2024) and train the super- Reward Modeling

vised fine-tuned (SFT) model using 5% of the remaining Method 20%

data samples, aiming to help the SFT model capture

better sentence-level data representations instead of the Random 63.01 + 021
BADGE 63.12 + 0.24

token-level data representations. We only use the SFT
model with warmup in the data selection step. The re-
ward model training starts with the SFT model without
any warm-up using the Anthropic-hh-rlhf dataset. We
report the accuracy of a hold-out test set. The accuracy of a reward model is measured by the percentage of
the preferred score being greater than the unpreferred score, fo(x™) > fo(x'). On average of three different
runs, we find that our approach outperform the BADGE approach, which was the second best approach in
language tasks (Table [3), by 1.33%.

FORGE (ours) 64.45 + 014

7 Conclusion and Future Work

This work studies a single-round active adaptation problem, aiming to reduce the annotation turnaround time
and promote timely adaptation to distribution shifts. A single-round adaptation problem requires selecting a
subset of data samples for many training iterations. Through theoretical analysis, we show that selecting for
many iterations requires considering the prediction variability of each data sample, which is highly correlated
with a tangent feature norm. Then, we introduce an improved approach called feature-norm scaled gradient
embedding (FORGE) that incorporates prediction variability into the data selection process. Extensive
empirical results with various vision and language tasks demonstrate the effectiveness of our approach.

In the future, it would be interesting to study the prediction variability in the pre-training stage (Chen et al.|
2023} Tirumala et al.| |2024)) and the pseudo-label bias in gradient embedding construction in the context of
learning with AI feedback (Taori & Hashimoto| |2023; [Panickssery et al., |2024]).
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A Table of Notations

Table 5: Table of Notations

Symbol Description
T,y A data sample
N The number of data samples
s A selected subset of data samples
0 The parameters of a model
0; The parameters of a model at the ¢** training iteration
T The number of training iterations

ro—7 (2, y; fo)
[
|-

B Proofs

The loss reduction ¢(x,y; fo,) — £(x, y; for.) after T training iterations
The L norm of a vector

The size of a set

A set of N natural numbers

An embedding function

A vector concatenation operator

A set of selected data samples {x;,y; | i € s}

A set of unselected data samples {x;,y; | i € [n] \ s}

A set of unselected data samples and its closet selected neighbor
(00,0, 5,95 |1 € [n] \ 8,7 = argmin, [|6(z:) — é(z;)}

The maximum feature norm, max(||Vg fo, ()|, | Ve fo, (z')|])

Proposition 2. (Decomposition of expected loss reduction) Let x be the closest selected neighbor of an
unselected ' and wj = c; + 1 where ¢; is the frequency of each & appears as the closest neighbor, the expected
loss reduction Epro7(x,y; fo)] with a given data distribution D can be decomposed and upper bounded by
(1) a training loss reduction, (2) a maximum loss reduction gap, and (3) a generalization gap:

Ep[ro—r(,y; f)]

1 1 «
> EzijO%T(wjayj;fe) +ED[TOﬂT(w7y;f0)]_EZTOHT(wiayﬁf)

JjEs

i=1

Weighted training loss reduction Generalization gap

max _|roor(®,y; fo) — rosr(®,y's fo)l.

N xy eyes

Mazximum loss reduction gap
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Proof. Let (xz;,y;) be the closest selected neightbor of an unselected (;,y;) and ¢; be the frequency of each
(x;,y;) appears as a closest neighbor, we have:

N
Ep[rosr(x,y; )] = Eplrosr(z, y; )] — % > rosr (@i, i f)
=1
+ %( Z TOHT(xiayzﬁf) +ZTOHT(wj7yj§f))
i€[N\s ics

N
1
—E’D[TO—>T(-’B Y; f NZTO_)T T, Yi; )

1
TN > (T0—>T(mivyi§f) - 7‘0—>T(33j,yj;f))
1€[N]\s
1 1
+ﬁZTOHT(wjayj;f)+NZCjTOHT(wjvyj;f) 9)
jEs JEs

N

1 1

=N > (e + Drosr(®g,y5; ) + Enlrosr (@, y; f)] N ZT’(HT i, Yi; f)
JjES i—1
1

TN Z (r()ﬁT(fEiayzﬂf) —TOHT(wj,yj;f))

i€[N]\s
1 1 N
2N ;wjro_”(xj’yﬁ f)+Eplrosr(@,y; f)] - N ;7‘0—>T($i7yi;f)

1
— — - max ‘TOAT(mvy;fG) - TOHT(w/ayl;fG)L
n z .y xycS

O

Theorem 4. (Loss reduction gap upper bound) Let {(z,y : fo) = ||fo(x) — y||*> be a mean square error (MSE)
loss function, with definitions in Section[3 and Assumption[3, we have:

rosr(®,y; ") — rosr (@, y's f3™) < |[Vel(x, y; fo,) — Vel(®',y'; fo,)|| | A07 |
Gradient distance

+2max(|| Vo fo, ()], Vo fo, (x")I1)* | A0 (10)

Max feature norm

Variability upper bound

Proof. Capturing the loss reduction ¢(x, y; fh“) — {(z,y; fo,) during training is non-trivial because the loss
function £ remains non-linear even if the model fl‘n is linearized. Therefore, we resort to the Lagrange mean
value theorem and show that the loss reduction depends on an interpolated gradient:

T(]HT(:B Y; hn) (m yvf&o) (ZB y7f1m) VQE(CE,y;féi;Q)TAGT, (11)

where fhn = fo,(®) + Vo fo,(x)-a- Afp and o € [0,1] is an interpolatoin factor. With some re-arrangement
of terms, we quantify the deviation between the interpolated gradient and the gradient embedding, which
depends on the interpolation factor o and the tangent feature Vg fq, (@):

Vol(for,(),y) = (foo (&) = y) Voo, (@) + - Vo fo,(®) A7V fo, (@) .

Gradient embedding Interpolation deviation

(12)
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With this analysis of gradient deviation and the abbreviation Qg 7. = Vo fo, ()T AO7 Vg fo, (x), we have the
following upper bound on pair-wise interpolated gradient distance:

\\Vgé(w,y;f;;“)a) - V(M(m'?y’;fﬁn )|

Or o
< [I(foo (®) = y) Vo foo () — (foo (') — ") Ve fo, (2]
Gradient distance (13)

+ ||Ol . Qm,T,m - O/ . Qm,T,m)H + HO/ . Qm,T,m - O/ . Qm’,T,m/)||7

Interpolation distance Feature distance

where the first term quantifies the contribution of gradient embedding. For the latter two terms, we further
present upper bounds that grow w.r.t. the feature norms [|Vg fo(x)| or || Ve fo(2')||. For the interpolation
distance, we have:

la- Qura — ' Qurall < Voo, ()14 (14)
For the feature distance, we have:
HO/ . Qm,T,w - O/ . Qm’,T,w/)”

< Voo, () = Vafo, (@ )I[| A7 || - max(|[Vo fo, ()], | Vo fo, (z)]]) (15)
< max(||Vo fo, (@)l, [|Ve.fo, (=) )| A0z .

Plugging Equations [I4] and [I5] into [I3] we have:

IVob(z, y; foy,) — Vel(a'.y'; fo )

eT,o/

. . (16)
< |Vol(z,y; for) — Vol @', y's fo) | + 2max([|Vafo, (®)]], Vo fo, (2)])? | Abr].
Combining Equations [TT] and [I6, we complete the proof:
rost(@,y; fo) = rosr (@Y o)
.
_ . f£lin o 1 1. rlin
= (Vol(,y; fir) = Vot(al.y ,feT,a») Aby )
< ||Voll(z,y; for) = Vel(®',y's fa) ]| 207 |
+2max([[Vo fo, ()], [|Vofo, (")) (| A6z ||
O]

Theorem 6. Let ypapge and Yrorce be the mazimum feature norm of any data sample in S’BADG
and SroraE, respectively. T papge s an upper bound of the loss reduction gap in Equationg
MAX ) s o el apon [romT (2, y; fo) — rosT (@', 95 fo)| < Tpapcr, and T'rogrgr is also an upper bound
of maxy, v pvcépones 10T (T, Y5 fo) — rosr (@', Y5 fo)l. If the FORGE embedding helps select large feature

norm samples such that Yypapcr > YrorcE, when the parameter deviation is large such that |AfOr| >

(0—1)-e+0O _ IV o (@,y; foo)ll _ . I
I CTYTr T —— where © = MaXq yeSroras 7”%]'90@)0“ and O = MaX,/ s o v eronan Vol(x',y'; fo,) —
[1Vol(x,y;foo)ll IVa fo, (&)l .
”ero(m)fh . HVeé(w’?y/;feo)H -Vol(x',y'; fo,) ‘ are constants, we have
I'roree < I'BaDGE- (18)
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Proof. By the FORGE embedding definition, we have

H¢(w Y, f907 )_¢(wl y/ feo’e)”

Vo fo,(x Vo fo,(x')] 'y
= Vol y; fo)) — Vob(a,y;
= | ®ttm 2o f90>\| o83 ) = [giar o VY )|
~ |IVefa,(x) (19)
m Hvee 93 » Yy fao) Vg@(a: Z/ fao)
’or. o HVQE wvyvf%)” . HVGf%( )H . ’o,
R o e Il s LAY |

in a lower bound

Rearranging some terms, we get a gradient distance term HVM(:& y; foo) — Vel(x',y'; fo,)
of the FORGE embedding distance:

Hgb(.’l},y,fgo,g)*(b( /ay/ f907 )”

Vo .fo, ()
> [atte g [Tt = ot )| -
__Vefa (@)l IVt g fo)ll IVafan (@) o,

etta.a: 7|V ) = @il Wty ¥ )|

With Equation if we achieve e-cover over FORGE embeddings, ||é(x, y, fo,,£) — (2, ¥, fo,, £)|| < €, the
gradient embedding also has a bounded coverage:

Hveﬁ(w,y;feo) = Vol(x',y'; fo,)

‘go-e—i—@ (21)

_ IV l(x,y;fo)ll _
Where o = maX%yEgFORGE W and O = maxm/7y,7m7y€SFORcE

Vo fo, ()]l .
W?y/;feo)l\ Vol y's fo,) ’

Recalling the upper bound of the loss reduction gap, if we use the BADGE embedding, the upper bound
I'papce is

. IVot(@,y;foq)ll
Vol(@',y'; foo) = upa@

TOHT(w Y; flm) _TOHT(m y fhn)

22
<eladrl+2  max  ([Vofa (@) [Vofo,(x')])2] A07]2. (22)
x' , xESBADGE
With FORGE embedding, the upper bound I'rorgg is
T0—>T(may; féin) _TO—>T( 7y fhn)
(23)

< (o e+ O)Abr]l+2  max  ([[Vofo,(@)ll, | Vofo, (x)])*| A0

x’ , x€ESFORGE

If yBADGE > YFORGE, the upper bound I'rorge with FORGE embedding is smaller when

€+ 2'YBADGE||A‘9T|| >o-e+ O+ 27FORGE|‘A0T|‘
(0—=1)-e+ O (24)

2(YBADGE — YFORGE)

A0 >
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