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Abstract

Retrieval-augmented generation needs genera-
tion to follow retrieved evidence across shift-
ing domains and prompt layouts, but training a
new stronger model per task is costly. To this
end, we propose GRAD, an adaptive decoding-
time framework that keeps the base generator
fixed and composes small, objective-specific
guidance at inference. A key advantage of this
design is enabling mix and match diverse RAG
objectives: model scaling (MS), domain adap-
tation (DA) and positional debiasing (DB) can
be integrated as token-level guidance terms,
and new objectives can be easily plugged in.
Across public benchmarks and private settings
with no in-domain labels, GRAD improves ac-
curacy with favorable latency, offering strong
trade-offs versus scaling while reliably activat-
ing helpful objectives and suppressing harmful
ones, adaptively to tasks.

1 Introduction

This paper studies how to steer Retrieval-
Augmented Generation (RAG) objectives without
retraining large language models (LLMs). Early
steering work showed that one can shape a base
model’s next-token distribution at inference time.
To illustrate, Proxy Tuning (Liu et al., 2024a), with-
out finetuning a large model M into M ′, mimics
its effect by finetuning smaller helper models m
into m′. Instead of directly finetuning M → M ′,
it mimics the behavior difference between smaller
counterparts, which has been reported as prior work
for approximating narrow finetuning objectives
with well-supervised behaviors, such as toxicity
reduction or stylistic control.

Our goal is to generalize steering for RAG adap-
tation objectives. Given a base model, there are
well-known adaptation goals: domain adaptation

* Work done while at Snowflake.
† Correspondence to: seungwonh@snu.ac.kr.

Figure 1: GRAD replaces monolithic retraining of M ′

by aggregating smaller models. Task-level adaptation
knobs turn on useful signals while turning off harmful
ones. This allows to adapt to different tasks, in which a
specific objective may help or hurt.

when retrieved passages contain specialized knowl-
edge that base model may not already possess, and
positional debiasing when long contexts include
distractors or when key evidence appears later in
the sequence. These objectives often interact and
possibly conflict with each other. Consequently,
training a single specialized model M ′ to repre-
sent the “right” mixture of competing objectives
for every scenario becomes impractical.

We thus take a different view: instead of search-
ing for a single, task-specific M ′, we prepare a
small set of steering objectives implemented as
helper models that produce token-level guidance
scores, and ‘knobs’ γ’s to adapt the right mixture
for the given scenario. This shifts the problem from
training a monolithic model for each specific task
into (a) building a set of helper models and (b)
integrating with knobs.

To this end, we present GRAD (Generalizing
Retrieval-augmented generation Adaptation with
Decoding), a unified decoding-time framework for
RAG that adaptively activates objectives per task.
We instantiate GRAD with three widely used RAG
objectives, Model Scaling (MS), Domain Adap-
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tation (DA), and Positional Debiasing (DB), by
converting each into a token-level guidance score.
Small helper models supply weak-to-strong transfer
signals (Burns et al., 2024), while the base genera-
tor M is left unchanged. Our adaptation suppresses
guidance that conflicts with the base distribution,
yielding stable behavior even without in-domain
training data.

Figure 1 describes combining objectives at de-
coding time. Towards the goal of approximating
M ′ with mixed objectives (colors), we use an adap-
tive mix of small helper models, corresponding to
MS (gray), DA (blue), and DB (apricot): Each
helper supplies a token-level guidance term, and
task-level activation selects a conflict-free subset,
adaptively to task (Section 3.4). For brevity, here
we illustrate with binary knobs, where each ob-
jective is either activated (γ = 1) or deactivated
(γ = 0); we optimize for arbitrary weights in Sec-
tion 3.4.

We first note that GRAD provides a unifying
perspective on existing decoding methods: for ex-
ample, activating DA only, using γ’s = (0, 1, 0),
recovers proxy tuning as a special case. Next, as
shown later empirically (Table 2 and 3), depending
on tasks (benchmarks), GRAD chooses the opti-
mal adaptive combination. For example, it chooses
to activate all objectives (using γ’s = (1, 1, 1)) for
HotpotQA(HQA), while activating the DB objec-
tive only (using γ’s = (0, 0, 1)) for private RAG
settings where perfect in-domain data is sensitive
and/or unavailable (PQ).

Finally, GRAD’s design is also naturally exten-
sible, where new objectives can be easily plugged
in, as illustrated in Appendix H.

In summary, our contributions are as follows:

• We propose GRAD, an adaptive guided de-
coding framework that selects and combines
the helper models per task instead of training
a new M ′.

• We introduce CCD, a decoding objective that
disentangles positional debiasing from do-
main adaptation.

• We show extensibility: New objectives can be
integrated seamlessly as needed.

• We demonstrate robust generalization across
public and private RAG scenarios, with favor-
able accuracy-latency trade-offs.1

1Code at https://github.com/ludaya/grad.

2 Related Work

Domain adaptation in RAG RAFT (Zhang
et al., 2024) optimizes language models for domain-
specific RAG by jointly adapting retrieval and gen-
eration to better reflect the target domain’s char-
acteristics, while other works jointly update the
retriever as well (Siriwardhana et al., 2023; Mao
et al., 2024). However, end-to-end training incurs
higher cost while making the system monolithic,
hard to be combined with other RAG objectives.

Position bias in RAG Position bias, often
termed the “lost-in-the-middle” problem (Liu et al.,
2024b), occurs when important segments of re-
trieved passages receive less attention from the
model. Existing solutions fall into train-time and
inference-time approaches.

One inference-time strategy, self-consistency
(Wang et al., 2023), reduces bias by aggregat-
ing outputs across multiple input orderings, but
at a high inference cost. More efficient meta-
generation (Lee et al., 2025b) minimizes redun-
dancy and inference cost. Other inference-time
strategies include Hsieh et al. (2024), which tracked
the average attention weights to calibrate the effect
of position bias.

Decoding objectives Contrastive decoding (Li
et al., 2023) leverages the difference between ex-
pert and amateur model distributions to guide gen-
eration. Similar line of work has explored various
contrastive objectives that target a specific aspect
of generation quality, such as controlling toxicity
of the generated text (Cheng et al., 2023; Liu et al.,
2024a). While not directly altering the decoding
objective, speculative decoding (Leviathan et al.,
2023) also utilizes smaller auxiliary model to ac-
celerate generation.

In a broader perspective, these methods can be
interpreted as an instantiation of test-time reward-
guided text generation (Khanov et al., 2024; Xu
et al., 2025), where the logit difference serves as
an implicit reward model over the (unfinished) se-
quences.

Weak-to-strong generalization Weak-to-strong
generalization refers to distilling predictions of a
weak teacher into a strong student model (Burns
et al., 2024). Many works showed, against the
doubt, weak models are effective in refining la-
bels for strong model (Somerstep et al., 2025) or
contrastive scoring samples from the strong (Zhou
et al., 2024). Our proposed decoding objectives
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that contrast weak models’ logits to guide a strong
model are also considered weak-to-strong (Fan
et al., 2024).

Our distinction Our distinction is unifying RAG
objectives, without costly large-model updates, re-
alizing weak-to-strong generalization by activating
only the objectives that benefit each task. GRAD,
by aggregating seemingly weak contrastive signals
from 1B models, can effectively improve much
larger models (8B and 70B).

3 Method

3.1 Decoding Objectives
We begin by introducing basic notations and for-
mally describing the token-level decoding objec-
tives. An autoregressive language model has been
typically trained to maximize the data likelihood,
learning to predict the next token probability given
the prefix of token sequences. The model achieves
this by calculating a probability distribution over
possible next tokens. The output probability distri-
bution at each time step t is typically obtained by
applying softmax to raw outputs, or logits,

p(· | y<t) = softmax(fθ,t), (1)

where fθ,t = [f(yt | y<t; θ)]yt∈V represents the log-
its produced by the model θ for each token in the
vocabulary V . While it is widespread to empiri-
cally adjust the sharpness of the distribution with a
temperature T as follows,

p(· | y<t) = softmax(fθ,t/T ), (2)

we omit T for presentation brevity.
Decoding sequences from these probabilities in-

volves sampling strategies, such as unbiased sam-
pling or approximate MAP decoding (e.g., greedy
or beam search), all of which aim to recover the
most desirable sequence from probabilities.

3.2 Guided Decoding
Alternatively, external reward, or guidance terms R
can explicitly guide the generation process, towards
optimizing a target objective. A generalized form
of this approach from external guidance score Rt

can be expressed as

p(· | y<t) = softmax(ft + γRt), (3)

where γ is a hyperparameter controlling the influ-
ence of the external signal on shifting the base

logits from the LLM at time step t, ft. Then, the
combined score is converted to probability distri-
bution over the vocabulary V by applying softmax.
However, training token-level reward, compared to
trajectory-level is known to be tricky, due to sparse
supervisory signals (Xu et al., 2025; Rashid et al.,
2025).

3.3 GRAD: Generalizing RAG with Decoding
Instead of training a reward model that outputs Rt

at each time step t, we derive guidance signals from
logit differences between models to contrast:

Rt = f+
t − f−

t . (4)

With this general template, we describe how the
three RAG strategies, MS, DA and DB can be trans-
ferred and unified into decoding objectives as be-
low.

MS Contrastive decoding (CD) contrasts predic-
tions from a larger model θl and a smaller model θs,
to extrapolate towards a hypothetical infinite-sized
model θ∞. The contrastive logits for computing
the guidance terms in Eq. 4 are given as

f+
t = f

(
yt

∣∣∣ y<t; θ
l
)
,

f−
t = f (yt | y<t; θ

s) .
(5)

In our setting, θl is set as the base LLM, θ, while θs

is chosen as a smaller model from the same model
family. As outlined earlier CD objective of GRAD
in Eq. 5 aims to simulate a hypothetical large LLM
by extrapolating the base model’s prediction away
from that of the small model’s. This formulation is
slightly different from the original definition by Li
et al. (2023), which is discussed in more detail in
Appendix B.

DA Proxy tuning (Liu et al., 2024a) identifies
and transfers the benefits of finetuning using small
models, instead of directly finetuning a large one:

f+
t = f (yt | y<t; θ

s
ft) ,

f−
t = f (yt | y<t; θ

s) ,
(6)

where θs is a small base model, and θsft is its
finetuned version. While prior work focused on
surface-level attributes like toxicity (Liu et al.,
2021), our approach captures and transfers for RAG
adaptation (Zhang et al., 2024).

In private, domain-specific RAG settings, a well-
aligned training dataset D for DA that matches the
test distribution can be absent. We contrast and
show robustness in such scenarios in later sections.
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DB Here, we elaborate on how the proposed Con-
sistency Contrastive Decoding (CCD) debiases, or
minimizes shifts in the model’s output distribution
caused by changes in input context arrangement.
Existing test-time methods require multiple for-
ward passes with perturbed inputs (Wang et al.,
2023; Lee et al., 2025b). Literal translation of
such approach would be contrasting logits from
two same sets of input contexts arranged in differ-
ent order, x+ and x− as follows:

f+
t = f

(
yt
∣∣x+, y<t; θ

)
,

f−
t = f

(
yt
∣∣x−, y<t; θ

)
.

(7)

Methods such as instructive decoding (Kim et al.,
2024) share the above formulation in Eq. 7, where
the two inputs correspond to prompting the LLM
with positive and negative task instructions. For
debiasing purposes, selecting a definitive positive-
negative ordering is nontrivial, and accounting for
all n! permutations incurs significant test-time over-
head.

Instead, we shift debiasing effort to training a
small model θsdb using CORD (Lee et al., 2025a),
which penalizes inconsistencies in model outputs
given the same input contexts ordered differently
with a train-time consistency loss. Intuitively,
we extrapolate from biased model predictions to-
ward less biased ones. To this end, two finetuned
models—one trained with consistency and one
without—are contrasted to isolate the effect of de-
biasing via input perturbations, hence the name
Consistency Contrastive Decoding.

f+
t = f (yt |x, y<t; θ

s
db) ,

f−
t = f (yt |x, y<t; θ

s
ft) .

(8)

Unlike DA, this consistency-aware approach gen-
eralizes well across datasets. By contrasting logits
from trained models as in Eq. 8, CCD removes
dataset-specific biases from finetuning, improving
generalization to new domains and tasks.

Combined: GRAD Finally, GRAD combines
all three RAG strategies expressed as decoding ob-
jectives,

p(· | y<t) = softmax

(
ft +

∑

i

γiRi,t

)
, (9)

where the token-level reward terms RMS,t, RDA,t,
and RDB,t are defined with Eq. 4, contrasting model

logits from Eq. 5, 6, and 8, respectively. This can
be also seen in Algorithm 1.

In the case of single objective optimization as in
Eq. 3, γ has been typically determined empirically,
choosing the value of γ that maximizes validation
performance. For multi-objective optimization as
in GRAD, it has been widespread to assume that
relative importance of each objective known a pri-
ori (Shi et al., 2024). We argue such assumption is
impractical in RAG, and propose task-level adapta-
tion that selects objective activations and strengths
without any prior information, as in the next sec-
tion.

3.4 Task-Level Adaptation
While an objective that helps in one setting may
hurt in another, optimal weights are not known
a priori. We therefore propose a mechanism that
adapts each objective to the current task scenario by
automatically selecting γi, the weight of objective
i for the given task.

Decomposing magnitude and activation For
each objective i ∈ {DA,DB,MS}, we decompose
its effective decoding weight as

γi = γ0i · γ1i , (10)

where γ0i controls the magnitude of the objective
and γ1i ∈ {0, 1} is a task-level activation switch,
controlling whether the objective is applied.

When labeled validation data is accessible
Prior decoding-time optimization methods typi-
cally assume a single objective and select the guid-
ance strength γ by labeled validation accuracy (e.g.,
contrastive decoding and proxy tuning). If a labeled
validation split is available for the target scenario,
the simplest procedure follows standard practice:
we choose γ0i ∈ Γ by downstream validation accu-
racy, and activate objective i if it improves valida-
tion performance compared to not using it (condi-
tioned on any previously activated objectives). This
provides a straightforward label-based instantiation
of task-level adaptation.

When labeled validation data is not accessible
Meanwhile, many private or rapidly changing RAG
settings do not have access to a labeled validation
split with ground-truth answers for tuning; in such
cases, we require a label-free signal to decide both
γ0i and γ1i .

We build on the divergence-alignment criterion
of Fan et al. (2024), which assesses whether apply-

45277



ing a guidance objective induces a distribution shift
whose scale is compatible with the shift captured
by the objective’s expert–amateur contrast. Let p
denote the current base next-token distribution (in-
cluding any previously activated objectives), and
let p′ denote the guided distribution when applying
objective i with magnitude γ0i at decoding step t.
Let (qi, q′i) be the amateur and expert distributions
defining objective i (Eq. 4):

q′i = softmax(f+
i,t), qi = softmax(f−

i,t). (11)

We define the token-level alignment signal

dt(γ
0
i ) =

((
KL(p ∥ p′) + KL(p′ ∥ p)

)
−

(
KL(qi ∥ q′i) + KL(q′i ∥ qi)

))2
. (12)

Small dt(γ0i ) indicates that the guided shift p→ p′

has a similar magnitude to the expert–amateur shift
qi → q′i, suggesting that objective i can be applied
without inducing an overly incompatible change to
the base model at that decoding step.

As we make a single decision per task scenario
(e.g., a dataset or deployment configuration), we
aggregate these token-level signals, by examining
how often the alignment condition holds, avoid-
ing the need to adapt at every decoding step. That
is, by activating objective i only if there exists a
magnitude for which the alignment guard holds
frequently enough; otherwise we suppress the ob-
jective for that task scenario.

For a candidate magnitude γ ∈ Γ, we com-
pute the proportion of decoding steps satisfying
the guard I[dt(γ) < τ ], averaged over time and a
small unlabeled sample set S of queries:

A(γ) = Ex∼S

[
1

Tx

Tx∑

t=1

I
[
dt(γ) < τ

]
]
. (13)

We then select the magnitude and activation as
follows:

γ0i = argmax
γ∈Γ

A(γ), γ1i = I
[
max
γ∈Γ

A(γ) ≥ ρ

]
.

(14)

Accounting for objective interactions. Objec-
tives can exhibit synergy or interference; in order to
capture interactions without enumerating all com-
binations, we evaluate objectives sequentially, con-
ditioning each decision on the set of previously ac-
tivated objectives by treating their contributions as

part of the current base distribution p. We adopt the
fixed order of DA first, followed by DB then MS,
based on the relative specificity of the objectives.
DA relies on task- and domain-specific supervision
and therefore has the most direct impact on correct-
ness. DB addresses structural biases in retrieval
(e.g., position effects) that are largely task-agnostic
but should not override domain alignment. MS re-
flects model capacity differences and is the most
global signal, making it safest to apply after the
other objectives.

Algorithm 2 formalizes our adaptation mecha-
nism, for both scenarios (when validation accuracy
is available and when it is not).

4 Results

4.1 Experimental Settings

We validate the effectiveness of GRAD on the
following diverse RAG scenarios: For public
benchmarks, we consider MARCO (Bajaj et al.,
2018) for single-hop question answering and Hot-
potQA (Yang et al., 2018), or HQA, for multi-
hop question answering, both of which have well-
aligned training data available.

We deploy it in a real-life proprietary enterprise
setting, which we denote as PQ, on a private corpus
of company internal PDFs unseen from LLM, with
no training data available. For reproduction, we
also consider NQ (NaturalQuestions, Kwiatkowski
et al., 2019) with no training data.

While MARCO and HQA have well-defined
in-domain training sets,2 both NQ and PQ lack
such training data. However, NQ builds on the
Wikipedia corpus as MARCO and HQA, their train-
ing data can be transferred for NQ, and the LLM
has likely seen the data during pretraining. Thus,
we intend these two scenarios, NQ and PQ, to ana-
lyze the impact of different degrees of finetuning
misalignment, which is a frequently faced chal-
lenge of enterprise RAG serving domain-specific
or proprietary knowledge. Also, for PQ, conver-
sion process from PDF to text introduces realistic
noise in practical RAG scenarios, while further
increasing the divergence from standard training
distributions.

Unless otherwise noted, the base LLM is an 8B
LLaMA 3.1 model and each SLM used for decod-
ing objectives is a 1B LLaMA 3.2 model. We

2HQA has a dedicated training set, whereas we split the
development set of MARCO and repurpose the held-out set
for training.
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Algorithm 1 GRAD: Turning RAG Objectives to Token-level Decoding Objectives

Require: Input x, Base LLM θ, SLM θs, Domain-specific Training Set D
Ensure: Guided output y

1: θsft← Finetuned SLM on D
2: θsdb← Finetuned SLM on D with consistency objective for debiasing
3: t← 1
4: while y does not meet stopping criteria do
5: fbase← f(x, y<t; θ) ▷ Logits from the base LLM
6: fs← f(x, y<t; θ

s) ▷ Logits from the base SLM
7: fft← f(x, y<t; θ

s
ft) ▷ Logits from the finetuned SLM

8: fdb← f(x, y<t; θ
s
db) ▷ Logits from the finetuned SLM with consistency-aware training

9: ft ← fbase + γMS · (fbase − fs)︸ ︷︷ ︸
MS objective

+γDA · (fft − fs)︸ ︷︷ ︸
DA objective

+γDB · (fdb − fft)︸ ︷︷ ︸
DB objective

▷ Eq. 9

10: yt← Sample from softmax(ft)
11: t← t+ 1

12: return y

Model size HQA MARCO NQ
1B 39.66 25.12 32.12±5.53
8B 70.94 46.31 70.20±1.34

+ MS 73.89 48.77 67.69±2.45
% Gain 4.2% 5.3% -3.6%

405B 84.98 52.46 76.45 ±3.31
% Gain 19.8% 13.3% 8.9%

Table 1: Impact of model scaling: In the LLaMA 3
model family, we compare the smallest model 1B and
the largest model 405B with our main target model, 8B.

provide more details in Appendix A.

4.2 Experimental Results

In this section, we aim to answer the following
research questions:

• (RQ1) Do decoding objectives implemented
with smaller models align with RAG strate-
gies?

• (RQ2) Does GRAD realize effective task-
adaptive combination of objectives?

• (RQ3) Does GRAD generalize to private,
domain-specific RAG scenarios?

• (RQ4) Does GRAD achieve a better cost-
performance trade-off?

4.2.1 Alignment of Decoding and RAG
Objectives

Before evaluating the combined effect of RAG ob-
jectives, we first verify whether each token-level

Activation Benchmark
MS DA DB HQA MARCO NQ

70.94 46.31 70.20±1.34
✓ 70.44 49.75 70.59±0.41

✓ 78.08 50.49 66.55±0.64
✓ ✓ 79.56 49.51 68.67±0.56

✓ 73.89 48.77 67.69±2.45
✓ ✓ ✓ 81.03 49.75 64.98±0.75

Table 2: Task-level adaptation of GRAD on different
benchmarks, with LLaMA 3.1 8B as the base LLM. The
combination of objectives determined by GRAD’s task-
wise adaptation is underlined, while the best results are
boldfaced.

decoding objective in GRAD aligns with its cor-
responding RAG goal, MS, DA, or DB. Each in-
dividual objective here can serve as a baseline for
comparison against GRAD.

MS Table 1 shows that larger models consistently
improve accuracy and CD aligns with MS, though
its effectiveness varies by task. While CD enhances
HQA and MARCO (by 4.2% and 5.3%), it hurts
accuracy on NQ, likely due to diminishing returns
from actual scaling. NQ exhibits a small accuracy
gap (8.9%) between 8B and 405B models, whereas
HQA’s is much larger (19.8%). CD’s diminishing
returns align with those of scaling.

DA Next, Table 2 shows that domain-specific
finetuning is helpful on HQA and MARCO, where
well-aligned training data D is provided in the
dataset. Not surprisingly, DA is not effective
for NQ and PQ with no such data, an out-of-
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domain challenge which is further discussed in
Section 4.2.3.

DB Our CCD objective effectively reduces po-
sition bias as intended, which is measured by the
standard deviation across varying gold context po-
sitions on NQ. Table 2 shows that activating DB
significantly decreases this variance, suggesting
that CCD mitigates position bias.

These results show that steering models no
longer requires large, hand-crafted datasets: Pair-
wise contrast between models replaces the role of
data to isolate and optimize an objective directly
through decoding.

Qualitative examples We also provide case stud-
ies in Appendix F, to examine how these objectives
translate to real impact on the targeted biases, be-
yond mere accuracy: Figure 2 (domain adaptation
on HQA) and 3 (reduced position sensitivity under
DB when the gold passage moves).

4.2.2 Adaptive Optimization with GRAD
GRAD dynamically adjusts to different scenarios
by combining objectives adaptively, as shown in
Table 2, where applying all objectives is not uni-
versally optimal. On HQA and MARCO, where
well-aligned training data is available, DA is most
beneficial. HQA performs best with all three ob-
jectives (MS, DA, DB), while MARCO sees no
added gains beyond DA. On NQ, DA proves coun-
terproductive, whereas DB improves performance
by mitigating position bias.3 We further show nat-
ural extensibility of GRAD by adding a fourth
objective, FA (format adherence); as shown in Ap-
pendix H, GRAD integrates the new objective with-
out changes, and adaptively optimizes to find the
desirable combination.

The adaptive mechanism of GRAD effectively
prevents over-steering of the base model’s predic-
tion as noted in Section 3.4: Manual inspection of
100 random samples on NQ contained no degen-
erate outputs, which often indicate strong conflicts
(see Appendix C).

More analyses on the adaptation mechanism of
GRAD are provided in Appendix D, where we (1)
compare GRAD with other strategies for combin-
ing several model predictions, such as ensembling,
(2) show the stability of adaptation across different
random seeds, and (3) show the effect of choosing
different ordering of objectives in adaptation.

3See Appendix C for full position-wise results.

Activation PQ
MS DA DB Synthesized D Transferred D

60.83 60.83
✓ 63.33 61.67

✓ 64.17 51.67
✓ ✓ 64.17 53.33

✓ 61.67 61.67
✓ ✓ ✓ 65.00 52.50

Table 3: Performance of GRAD on PQ, with synthe-
sized (from PDF document collection) or transferred
(from HQA) training set D.

HQA
Model Latency (s) Acc
8B 0.81 70.94
GRAD (8B+1B) 1.16 81.03
70B 5.75 84.24

Table 4: End-to-end latency of GRAD with 8B+1B,
compared to 8B and 70B models.

4.2.3 Private-Data RAG Scenarios
Using the PQ dataset, we analyze how GRAD and
its components react to a private, domain-specific
RAG scenario where the LLM has to adapt to un-
seen data.

Table 3 shows accuracy of GRAD with differ-
ent set of components activated on PQ, where the
SLMs are either finetuned on a synthesized (left)
or transferred (right, reusing HQA) D.

Table 2 and 3 first reveal that, both transferred
(HQA) and synthesized (PQ) D can enhance RAG
quality in private-data scenarios. In addition, the
DB objective generalizes better across domains
than the DA objective, as seen with NQ in Sec-
tion 4.2.2: Table 3 also shows that while SLMs
finetuned on transferred D from HQA degrade per-
formance under DA, they still yield gains with DB,
though less than with synthesized data. We also ob-
serve consistent results on repurposed HQA, where
we intentionally use SLMs trained on MARCO
to replicate the private setting: Those results are
available in Table 15, in Appendix G. Our results
suggest that, if training dataset D well-aligned to
test-data distribution is not available, synthesizing
closely aligned data can be a viable alternative to
overcome the unavailability of training data.

4.2.4 Latency and Cost
Finally, we present end-to-end latency of GRAD
in Table 4, measured under our current sequential
implementation, and thus providing a conservative
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Model HQA MARCO NQ PQ
θs 39.66 25.12 32.12 25.83
θsft 78.82 28.57 47.39 35.00
θscord 78.82 35.22 49.55 36.67
θ (8B) 70.94 46.31 70.20 60.83
GRAD 81.03 50.49 70.59 65.00

Table 5: Performance of finetuned 1B models: While
they cannot outperform larger 8B in most cases
(underlined), they can still guide 8B to generate im-
proved outputs (boldfaced). For comparison, accuracy
of GRAD is also presented in the last row.

estimate of its inference-time overhead. Even in
this setting, GRAD incurs small inference-time
overhead compared to base LLM but is much more
effective than a larger model. GRAD with 8B +
1B retains approximately 76% of the performance
gains of a 70B model, while achieving 5x lower
latency. Moreover, the relative overhead of using a
fixed SLM (1B) diminishes with larger base mod-
els—for instance, adding three 1B models to an 8B
base introduces about 40% additional parameters,
compared to only 5% with a 70B base.

Cost per objective Each objective contributes
a similar per-token cost: enabling an objective
adds one small-model invocation and a lightweight
weighted-logit combine. Since our current im-
plementation runs the auxiliary models sequen-
tially, the added latency over the 8B base there-
fore comes almost entirely from three additional
forward passes, one per objective (MS, DA, DB);
these passes are independent given the same prefix,
so the wall-clock overhead can be further reduced
in a parallel implementation.

5 Analysis

Beyond the main results, we examine the mech-
anism and generality of GRAD, showing that
its gains arise from transferable guidance signals
rather than from a narrow choice of helper model,
backbone family, or deployment setting.

Guidance from weaker models Table 5 indeed
shows that while finetuned SLMs show improve-
ments over their base model, they still struggle to
outperform the larger base LLM (8B) on most tasks.
However, by leveraging their combined knowledge,
seemingly weak signals from these smaller models
can improve much stronger models, reaffirming the
effectiveness of GRAD, capturing the most signifi-
cant adaptation signals in logit space. Finally, each

HQA
SLM θs Acc
LLaMA-3.2-1B 81.03
LLaMA-3.2-3B 82.02

Table 6: Accuracy of GRAD with 8B paired with SLMs
of different sizes.

Activation Benchmark
MS DA DB HQA MARCO NQ PQ
70B 82.76 47.04 72.17 73.33

✓ 83.25 50.74 73.59 74.17
✓ 85.22 51.72 69.26 75.00
✓ ✓ 85.22 50.49 69.93 75.00

✓ 81.77 48.28 71.67 72.50
✓ ✓ ✓ 83.25 49.26 70.94 75.00

405B 84.98 52.46 76.45 74.17

Table 7: Accuracy of GRAD with LLaMA 3.1 70B
used as the base LLM. For comparison, the accuracy of
405B model is presented on the last line.

component in GRAD may be upgraded to capture
even richer signals at increased costs.

Choice of SLM/LLM Regarding SLM, Table 6
contradicts CD, where the larger scale gap between
the LLM and SLM reportedly resulted in the best
outcomes (Li et al., 2023; O’Brien and Lewis,
2023). Employing a more capable model as the
SLM pays off for GRAD.

Table 7 demonstrates that GRAD remains effec-
tive when the base LLM θ is 70B, not just when θ
is 8B, consistently improving performance across
different LLM choices. It yields comparable results
compared to actually scaling the model size: Com-
bination of 8B and 1B matches the performance
of 70B, and combination of 70B and 1B matches
405B. For instance, GRAD utilizing 8B and 1B
achieves 81.03 on HQA (Table 5), which is com-
parable to 70B’s 82.76, closing the large gap be-
tween 8B (70.94) and 70B. Similarly, GRAD with
70B and 1B achieves 85.22, slightly outperforming
84.98 of 405B on HQA. These results demonstrate
that GRAD effectively balances performance and
efficiency.

Generalization across model families Finally,
we show that benefits of GRAD are orthogonal
to the choice of backbone model family. Ta-
ble 8 shows GRAD combined with Qwen-2.5
models, successfully improving the 7B model’s
performance over that of 14B/32B models, with
1.5B models. The results confirm GRAD general-
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Activation Benchmark
MS DA DB HQA MARCO NQ
7B 67.73 48.77 67.93±2.57

✓ 67.24 50.74 69.86±0.54
✓ 76.60 51.72 64.57±2.43
✓ ✓ 76.60 51.23 64.88±1.67

14B 74.38 49.01 71.48±1.35
32B 75.62 50.25 76.11±1.70

Table 8: GRAD is also effective when Qwen 2.5 7B is
the base LLM and 1.5B is used for SLM.

izes across model families, other than the LLaMA
model family mainly considered, exhibiting consis-
tent trends.

GRAD under restricted logit access GRAD,
like other decoding-time techniques involving aux-
iliary models, assumes access to logits. Here,
we discuss how GRAD can be extended when
logit access is restricted, including both partial log-
probability access and fully blind settings.

Many APIs return top-k log-probabilities
log pt(y) at each decoding step. By definition of
the softmax,

log pt(y) = ft(y)− logZt, (15)

where ft(y) denotes the unnormalized logit and
Zt =

∑
y′∈V exp(ft(y

′)). Thus, ft(y) =
log pt(y) + logZt up to an additive constant.
In GRAD’s guided distribution softmax(ft +∑

i γiRi,t), this constant cancels out, allowing us
to replace inaccessible logits ft(y) with available
log-probabilities log pt(y).

At decoding step t, let K denote the set of tokens
for which the base LLM provides log-probabilities.
Optionally, we expand K to the union of top-k to-
kens from the auxiliary models. For each y ∈ K,
we compute reward terms Ri,t(y) using the avail-
able log-probabilities or logits from the correspond-
ing models. If a model does not provide a score for
token y, we assign it a floor value (e.g., −∞). We
then form sparse guided scores

f̃t(y) = log pt(y) +
∑

i

γiRi,t(y), y ∈ K,

(16)
apply softmax over K, and decode (e.g., greedily
or with beam search) from this sparse distribution.

This procedure approximates full-vocabulary
decoding by ignoring tokens outside K. Since
GRAD is typically used with greedy decoding,

where only the highest-scoring token matters, this
sparse approximation is often sufficient in practice.

When neither logits nor top-k log-probabilities
are available, a practical alternative is to train a sur-
rogate model to imitate the black-box target model,
and then apply GRAD using the surrogate’s ac-
cessible logits. Recent work suggests that such
black-box distillation can be effective even with-
out logit-level supervision, either by learning to
match teacher and student text distributions ad-
versarially (Ye et al., 2025) or by fine-tuning a
surrogate on a small set of collected black-box out-
puts to reduce surrogate-target mismatch (Zeng
et al., 2024). In this case, the surrogate provides
the token-level interface required by GRAD, ex-
tending the framework in principle to fully blind
settings.

GRAD with LoRA adapters We also consider
realizing each objective as a LoRA adapter attached
to the same base LLM. This avoids cross-model
tokenizer mismatch and removes the need for sepa-
rate auxiliary models. Appendix H compares logit-
space composition with parameter-space merging
of adapters and shows that this is a promising di-
rection.

6 Conclusion

We studied a unified decoding-time framework that
integrates diverse RAG strategies of model scal-
ing, domain adaptation, and positional debiasing
as adaptive decoding objectives, based on smaller
models. This translation eliminates costly training
and inference overheads while enabling dynamic
selection of objectives based on their contribution
to the task. Our approach introduces a new Pareto
frontier, by balancing efficiency and performance.
Our method was validated in RAG benchmarks as
well as a real-life scenario with unseen domain and
no training data.

Limitations

First, our method assumes access to token log-
its. While we described a practical adaptation for
GRAD in Section 5, that replaces full-vocabulary
operations with softmax over observed tokens and
discusses surrogate options, empirically validating
those settings remains as future effort.

Also, a related question is whether GRAD can
operate if the base and helper models have different
vocabulary/tokenizers. Extending decoding-time
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fusion to mismatched vocabularies is an emerg-
ing direction; recent work has explored token-level
collaboration across models with different vocabu-
laries (Bian et al., 2025). Such approaches suggest
that an alignment layer, e.g., based on prefix group-
ing or token mapping, could enable auxiliary mod-
els with different tokenizers to provide compatible
guidance within GRAD. We leave this extension
to future work.

Finally, our main experiments focus on single-
turn RAG. We provide initial iterative/multi-hop
results using HQA in Appendix E to show that
single-turn gains carry over, but fully generalizing
the adaptation mechanism to multi-turn pipelines
remains open.
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Algorithm 2 Task-Level Activation of Decoding Objectives

Require: Small sample S (default |S|=100), objective order O=[DA → DB → MS], candidate set
Γ (default {0.1, 0.2, 0.3, 0.5, 1, 1.5, 2}), distance threshold τ (default 0.1), activation threshold ρ
(default 0.5), optional dev labels L

Ensure: Activated set A, effective weights γi = γ0i γ
1
i (magnitudes γ0i ∈ Γ, switches γ1i ∈ {0, 1})

1: A ← ∅
2: for each i ∈ O in order do
3: if dev labels L are available then ▷ Evaluate i conditioned on previously activated A
4: γ0i ← argmaxγ∈Γ Acc(A ∪ {i}; γ)
5: Accon

i ← Acc(A ∪ {i}; γ0i )
6: Accoff

i ← Acc(A)
7: if Accon

i ≥ Accoff
i then

8: A ← A∪ {i}; set γ1i ← 1
9: else

10: γ1i ← 0

11: else
12: for each γ ∈ Γ do ▷ Label-free: select magnitude by divergence alignment, then decide

activation
13: for each x ∈ S do
14: y ← GreedyDecode(x; objectives = A ∪ {i}, γi = γ, {γj}j∈A fixed)
15: for t = 1 . . . T (y) do
16: compute d

(t)
i,γ from Eq. 12 conditioned on (x, y<t)

17: pi,γ(x)← 1
T (y)

∑T (y)
t=1 I[d(t)i,γ < τ ]

18: p̄i,γ ← 1
|S|
∑

x∈S pi,γ(x)

19: γ0i ← argmaxγ∈Γ p̄i,γ
20: if maxγ∈Γ p̄i,γ ≥ ρ then
21: A ← A∪ {i}; set γ1i ← 1
22: else
23: set γ1i ← 0

24: γi = γ0i γ
1
i

25: return A, {γi}

A Implementation Details

Inputs Across all benchmarks, the LLM receives
the top-10 retrieved contexts. For NQ, following
prior work (Liu et al., 2024b), we vary the position
of the gold context (0, 2, 4, 6, and 9) to assess the
model’s ability to utilize the full input contexts. We
report average performance across these positions
along with standard deviation, as a measure of its
sensitivity to input ordering.

Models We use the publicly available LLaMA-3
model family as the backbone generator,4 employ-
ing greedy decoding for zero-shot response gen-
eration to ensure reproducibility, and also study

4Specifically, we consider 3.2 1B, 3B, 3.1 8B, 70B, and
405B Instruct models.

model generalization on Qwen family. Following
prior works (Yang et al., 2024; Lee et al., 2025a),
we evaluate performance using accuracy scores ob-
tained via LLM-as-a-judge.

SLM finetuning For the DA objective, we fine-
tune SLMs on the respective training sets of each
benchmark. Following Lee et al. (2025a), we use
LoRA (Hu et al., 2022) with rank r = 8 and
α = 32, dropout rate of 0.1, training for 5 epochs
with learning rate of 1e-4 and effective batch size
of 4, with weight decay of 0.01 applied. In addition,
for the DB objective, the coefficient λ for control-
ling the contribution of consistency loss was set to
10, with the noise degree for interpolating contexts
of 0.5.
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Activation Index of Gold Context
MS DA DB 0 2 4 6 9 Avg

71.18 70.69 71.43 69.46 68.23 70.20±1.34
✓ 70.69 70.20 70.20 71.18 70.69 70.59±0.41

✓ 66.16 66.65 67.14 67.14 65.67 66.55±0.64
✓ ✓ 68.72 68.97 67.73 68.72 69.21 68.67±0.56

✓ 70.69 67.98 68.72 67.00 64.04 67.69±2.45
✓ ✓ ✓ 64.53 64.53 64.29 65.52 66.01 64.98±0.75

Table 9: Full position-wise results on NQ.

PQ details The retrieval corpus is obtained from
215 internal IT PDF documents, where each PDF
document is sourced from HTML documents, re-
sulting in 1,857 passages after parsing to raw text
and chunking. Each passage is truncated at max
of 1,000 tokens with 100 token overlap between
passages. The ground-truth answers have been la-
beled by human annotators, ensuring there exists a
gold passage that can answer the question for each
query.

B More on Contrastive Decoding

The original formulation proposed by Li et al.
(2023) defined CD by (1) combining signals in log-
probability space and (2) subtracting the amateur
model’s log-probabilities without weighting. Sub-
sequent works (O’Brien and Lewis, 2023; Chang
et al., 2024) extended this by introducing tempera-
ture, equivalent to the reciprocal of a weight param-
eter γ in our formulation, and by combining signals
in logit space, aligning with related approaches.
This setting can be expressed as:

p(· | y<t) = softmax(ft − γf−
t ), (17)

which effectively removes the γf+
t term from

GRAD’s scaling component. We unify these into
a weighted logit combination, which has additional
benefit of generalizing to arbitrary weighted unifi-
cation of multiple objectives.

p(· | y<t) = softmax(γ1f1,t + γ2f2,t),

p ∝ pγ11 pγ22 ,
(18)

where p1 and p2 are probability distributions de-
rived from f1 and f2, respectively. This equiv-
alence highlights why constraining the sum of
weights to 1 ensures a stable distribution; any devi-
ation from this introduces unintended temperature
effects. In particular, if the sum equals zero as in
the original unweighted subtraction, the resulting
distribution can become highly unstable, especially

Model NQ (20) PQ
8B 68.08±1.60 60.28±1.04
8B + DB 68.87±0.45 61.94±0.29

Table 10: Effectiveness of CCD on distractor-heavier
settings, NQ with 20 passages and PQ.

for closed-form generation tasks. To mitigate this,
Li et al. (2023) introduced corrective measures such
as filtering out tokens deemed improbable by the
expert (larger) model.

C Detailed Analyses of NQ

First, we provide the exhaustive results on NQ
benchmark, showing the accuracy per different rel-
ative position of the gold context in Table 9. To
obtain these results, we hold retrieval fixed and in-
ject the gold passage among contexts while shifting
only its position. Here, the lower standard devia-
tion indicates more robust, and thus more faith-
ful, use of the true evidence. In other words, this
naturally provides a measurement of the model’s
faithfulness.

Next, we describe in more detail the manual
check conducted on 100 generated samples on NQ,
generated with GRAD (where only the DB objec-
tive is activated). NQ has been chosen to separately
observe the impact of the DB objective, which is
most likely to deviate from the base model’s pre-
diction and interfere with it, to produce unreliable
or degenerate distribution. Specifically, we have
looked for repetition of a token sequence in the
output, which is the most widely reported as a de-
generate behavior of a language model. No samples
were flagged as degenerate, which aligns with the
activation guard in Section 3.4, which suppresses
an objective when the divergence signal indicates
misalignment.

Finally, in order to further stress-test robustness
of DB objective and CCD, we also evaluate on
longer inputs with 20 passages (i.e., 1 gold pas-
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Ensembling with θ HQA
+θsdb +θsft +θs Acc
θ only 70.94
Model Ensembling

✓ ✓ ✓ 69.21
✓ ✓ 73.65
✓ 79.31

✓ 74.14
GRAD 81.03

Table 11: Model ensemble (1) fails to capture the neg-
ative effect of θs (underlined), and (2) positive compo-
nents perform better when used separately (shaded).

Benchmark DA → DB →MS
HQA 84.3 (2.9) 77.3 (2.5) 67.0 (3.6)
MARCO 81.7 (2.1) 23.7 (4.7) 28.3 (4.5)
NQ 25.7 (5.0) 66.7 (6.1) 20.3 (3.8)

Table 12: Stability of adaptation with respect to random
sample choice: The numbers show the average propor-
tion of examples (%) with high activation, along with
standard deviation across three runs.

sage and 19 distractors) averaged across different
gold positions (0/4/9/14/19), and also on PQ by
randomly shuffling the input passages (averaging
3 runs). As shown in Table 10, CCD continues to
mitigate position sensitivity while also improving
mean accuracy under these even more distractor-
heavy settings.

D More Analyses on Adaptive
Optimization

GRAD vs. ensembling The effective adapta-
tion achieved by GRAD can also be compared
with model ensembling, in which the outputs from
multiple models are simply averaged. Table 11
shows that ensembling finetuned models does not
yield meaningful synergy (shaded rows), and in-
corporating logits from the base small model (θs)
degrades performance (underlined). In contrast,
GRAD leverages θs as a contrasting reference, pro-
ducing positive gains and consistently outperform-
ing model ensembling.

Stability of adaptation Here, we demonstrate
that the KL-based adaptation mechanism of GRAD
is stable, as the same combination of objectives
is consistently returned across different random
choices of examples. Table 12 reports the aver-
age and standard deviation of the proportion of
examples with high activation, using 100 randomly
selected examples across three runs.

Ordering Activated Accuracy
DA→ DB→MS (Ours) {DA} 50.49
DA→MS→ DB {DA} 50.49
DB→ DA→MS {DB} 49.75
DB→MS→ DA {DB} 49.75
MS→ DA→ DB {MS} 48.77
MS→ DB→ DA {MS} 48.77

Table 13: Accuracy under different objective ordering
strategies and the corresponding activation on MARCO.

Activation 1st hop 2nd hop All
None 86% 85% 73%
MS + DA + DB 88% 88% 77%

Table 14: Accuracy of GRAD (all objectives activated)
with iterative generation on HQA.

Effect of objective ordering As shown in Algo-
rithm 1 and 2, GRAD considers the objectives in
the order of DA, DB, followed by MS; here, we val-
idate this design choice through an ablation study.
Table 13 shows the activations resulting from dif-
ferent orders of objectives and their corresponding
task performance. The results are from MARCO,
only changing the order in which the objectives are
considered. This ablation supports our choice of
ordering.

E Results on Iterative RAG

While our focus on single-turn setting was to align
and compare with prior work on contrastive objec-
tives and position bias mitigation, we also present
results in an iterative RAG task, based on HQA
with decomposition and iterations, with the same
8B and 1B LLaMA models used in the main ex-
periments. We followed the setting of works on
iterative RAG mostly evaluated on multi-hop QA
benchmarks; we employed GPT-4o to decompose
the 2-hop questions in HQA, and identified those
with sequential dependencies, i.e., queries that sub-
question 2 can be answered only after correctly an-
swering subquestion 1. Questions without sequen-
tial dependency between the subquestions were not
considered. The subquestions were provided to the
LLaMA model for generation.

Single-turn accuracy on the “1st hop” column
in Table 14 is obtained over 100 examples, and
accuracy on the “2nd hop” column is obtained over
questions where the first subquestion was success-
fully answered. The combined multi-turn accuracy
for the original 2-hop query is presented in the “All”
column. This result supports that improvement in
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Activation HQA
MS DA DB Acc

70.94
✓ 66.01

✓ 72.66
✓ ✓ 66.50

✓ 73.89
✓ ✓ 74.88

Table 15: Results on repurposed HQA: SLMs are
trained on MARCO instead of HQA.

single-turn generation by GRAD does translate to
improvement in multi-turn generation.

F Qualitative Analysis

In this section, we provide some qualitative exam-
ples showcasing the benefits of GRAD.

Regarding the effect of DA objective, Figure 2
qualitatively shows how it shifts model prediction
towards data/task-specific expectations: HQA is
a multi-hop QA dataset, where each query can be
decomposed into two subquestions. As shown in
the above example, the base model often stops af-
ter answering the first-hop question; this behavior
is effectively suppressed with the guidance of a
finetuned SLM.

Regarding debias through DB objective, Figure 3
qualitatively shows how debias objective improves
proportionate utilization of contexts. The base 8B
model correctly replies with “October 2012” when
the gold passage is placed at index 0; for other
positions 2, 4, 6 and 9, its answer was “March
2008,” an incorrect answer possibly derived from
a shortcut in passage 2. Though passage 2 is an
irrelevant context, it has been ranked higher by the
retrieval system, and the base model’s prediction
has been highly influenced by the beginning of
the context. In contrast, 8B with DB objective
activated, consistently generated the correct answer
“October 2012” regardless of the position of the
gold passage.

G Repurposing HQA for Private Setting

To provide further evidence of the effectiveness of
GRAD in a private (no in-domain training data)
setting, we repurpose HQA by training the SLMs
on MARCO (out-of-domain) and evaluating on
HQA. This mirrors realistic deployments where
high-quality, task-matched labels are unavailable
and only related-domain supervision exists.

Activation HQA

MS DA DB FA Acc w/ formatting

69.21
✓ 74.14

✓ ✓ 76.85
✓ ✓ ✓ 77.34

✓ ✓ ✓ ✓ 77.83

Table 16: Results on HQA, with formatting require-
ments.

Method Acc on HQA

Orig GRAD 79.56
GRAD w/ adapters 79.06
Merged adapters 76.85

Table 17: Adapter-based objectives for GRAD. Re-
placing helper models with adapters on a shared base
LLM enables replacing decoding-time composition with
parameter-space merging.

Table 15 shows that GRAD isolates helpful sig-
nals under such setting as well: DB and MS remain
beneficial, while DA is suppressed, yielding con-
sistent improvements over the base model.

H Extensibility of GRAD

Here, we demonstrate that GRAD can be extended
both by incorporating new objectives and by chang-
ing how objectives are realized.

Adding a new objective (FA) We consider a sim-
ple format adherence (FA) objective that nudges
generation toward well-formed, sentence-level out-
puts. FA is added alongside existing objectives
(MS, DA, DB) without any change to GRAD; acti-
vation still follows the same task-level adaptation.

Table 16 reports accuracy under the formatting
constraint, where an LLM judge is prompted to
evaluate the formatting as well, and an answer is
considered correct if it satisfies both the correctness
and the formatting requirements. By considering
the new FA objective first, GRAD easily deter-
mines the most favorable combination of activating
all.

GRAD with LoRA adapters We also consider
an alternative realization of objectives, where each
objective is implemented as a LoRA adapter at-
tached to the same base LLM. This avoids cross-
model tokenizer mismatch and removes the need
for separate auxiliary models. In this setting, objec-
tives can be combined either (1) at decoding time

45289



Qualitative Analysis on HQA for DA Objective

Question: Roger O. Egeberg was Assistant Secretary for Health and Scientific Affairs during the
administration of a president that served during what years?
Ground-truth answer: “1969 until 1974”
Answer from base 8B: “Nixon”
Answer from 8B + FT: “1969 until 1974, when he resigned from office, the only U.S. president to
do so.”

Figure 2: An example from HQA, showing the effect of DA objective.

Qualitative Analysis on NQ for DB Objective

Question: when did the first wireless beats come out?
Ground-truth answer: October 2012
(Gold Passage, “Beats Electronics”) In October 2012, Beats unveiled its first two self-developed
products, "Beats Executive" headphones and "Beats Pill" wireless speakers—Iovine believed that
. . .
(Passage 1, “Beats Electronics”) . . . The appointment of a new chief operating officer (COO), a
role previously filled by Wood, was announced in early November 2013. . . .
(Passage 2, “The Pacemaker”) It was also at the Amsterdam dance event. Originally scheduled
for release in February 2008, slight delays pushed it back to March 2008 when the first units were
shipped. . . .
. . .
(Passage 9, “Interscope Records”) 2006, Dre and Iovine established Beats Electronics. Dre had
been approached by his attorney to start a line of sneakers, and when he told Iovine about the idea,
. . .

Figure 3: An example from NQ, showing the effect of DB objective.

via GRAD-style logit-space composition, or (2)
in parameter space by merging multiple adapters
into a single set of weights, eliminating additional
decoding-time overhead.

Table 17 compares these alternatives on HQA,
using DA and DB objectives where both are en-
abled. Overall, these results suggest that LoRA
adapters provide a promising lightweight realiza-
tion of objectives in GRAD (second row). Al-
though merging them in parameter space slightly
hurts performance compared to decoding-time com-
position (third row), it still offers substantial im-
provements while avoiding the decoding-time over-
head.
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