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LearnDCG: End-to-End Joint Optimization of Ranker and Loss in
Neural Ranking

Abstract
Neural rankers are typically trained with surrogate objectives be-
cause target evaluation metrics such as Normalized Discounted Cu-
mulative Gain (NDCG) are non-differentiable. Existing approaches
rely on hand-designed surrogate losses or fixed smooth relaxations,
which can be misaligned with the target metric or impose rigid
inductive biases. More recent efforts to learn the loss itself (e.g.,
NeuralLoss) require multi-stage pretraining on synthetic data and
may not match real-world relevance distributions. We introduce
LearnDCG, a differentiable and learnable approximation of NDCG
that unifies ranker and loss optimization within a single end-to-end
pipeline. LearnDCG parameterizes the gain, discount, and tempera-
ture components of NDCG and learns them jointly with the ranker,
enabling adaptation to dataset-specific relevance patterns while
preserving the theoretical guarantees of differentiable ranking for-
mulations. Experiments on MQ2007, MQ2008, WEB10K, and YLTR
show that LearnDCG consistently outperforms classical surrogate
losses, differentiable relaxations, and learnable alternatives. Beyond
improved effectiveness, LearnDCG eliminates synthetic pretraining
and reduces training complexity, achieving state-of-the-art results
with improved efficiency. Gains are statistically significant across
diverse architectures, from MLPs to transformer-based rankers,
demonstrating the generality of the approach.

1 Introduction
From search engines to recommender systems, ranking tasks are
central to the delivery of information to users and deeply integrated
in customized user experiences [12, 34]. One key challenge faced
by neural rankers is the non-differentiable nature of ranking per-
formance metrics such as Normalized Discounted Cumulative Gain
(NDCG) and Mean Reciprocal Rank (MRR) [4, 26]. Their disconti-
nuity means they cannot be directly used in model optimization
and backpropagation, leading to most approaches using surrogate
losses [2, 20, 22] or differentiable approximations of ranking metrics
[1, 6, 16, 21, 24]; however, the former are only loosely connected to
the evaluation metrics that define ranking performance [10], while
the latter fix the functional form of the loss a priori and cannot
adapt to the distributional properties of different datasets [23]. Re-
lated efforts in diversified search have also explored differentiable
reformulations of non-decomposable metrics for end-to-end opti-
mization [31, 33], though these target diversity-specific objectives
rather than relevance-based ranking losses.

More recently, researchers have begun to explore the possibility
of learning the loss function itself. The NeuralLoss approach intro-
duces a neural network surrogate that is pretrained to approximate
target ranking metrics on metric-driven data [13]. By leveraging
the approximation capacity of deep models [27] and enforcing prop-
erties such as permutation invariance through a Transformer-based
architecture, NeuralLoss provides a continuous and differentiable
objective that aligns optimization with non-differentiable evalua-
tion criteria. This approach shows that the loss function itself can

be learned, providing a systematic approach to align training objec-
tives with the evaluation metrics that define ranking performance.
Despite its novel approach, NeuralLoss has several shortcomings:
(1) The loss model is trained entirely on synthetic data generated
from a uniform distribution of relevance scores and labels, which
may be considered to be an oversimplification of the complex struc-
ture of ranking problems [6]; (2)By relying on uniformly distributed
training data, the approach fails to capture the strong imbalances
characteristic of real-world ranking scenarios, where highly rel-
evant documents are scarce compared to marginally relevant or
irrelevant ones [7]; and, (3) The assumption of a uniform distri-
bution also disregards domain-specific patterns in relevance score
distributions that play a critical role in shaping ranking effective-
ness, leading to potential misalignment between training loss and
evaluation criterion [8, 10].

To address these limitations, we introduce LearnDCG, a learnable
and parametrized approximation of NDCG that is optimized jointly
with the ranker in an end-to-end pipeline. This unified training setup
ensures that the loss function adapts directly to the same data and
gradients driving the ranker, eliminating the need for pretraining
or multi-stage optimization as required by methods such as Neural-
Loss [13]. Our formulation decomposes the differentiable NDCG
surrogate into three key components: a gain function, which spec-
ifies the relevance value assigned to each document based on its
ground-truth label; a discount function, which determines the decay
in positional importance as documents appear lower in the ranking;
and a temperature parameter, which regulates the smoothness of
the soft-sorting operation that underlies differentiability. Standard
differentiable formulations fix these components a priori, imposing
rigid inductive biases that cannot adapt across datasets. LearnDCG
instead treats them as learnable functions and trains them alongside
the ranker. By embedding loss learning directly into the model’s
optimization, our end-to-end approach allows the system to dis-
cover gain curves, discount patterns, and temperature schedules
that best align with the structure of the task and the distributional
properties of the dataset. As such, LearnDCG possesses two unique
characteristics, namely (a) it is jointly optimized with the ranker in
an end-to-end manner; and, (b) it adaptively aligns with dataset-
specific distributions without requiring synthetic pretraining.

We evaluate LearnDCG on four widely used benchmark datasets,
MQ2007, MQ2008, WEB10K, and YLTR (we also report OHSUMED
[9] dataset results on our Github; omitted here due to space con-
straints), covering both medium-scale and large-scale ranking sce-
narios. Across these datasets, we compare against classical sur-
rogate losses, differentiable relaxations of NDCG, and learnable
surrogate losses. Our experiments demonstrate that jointly training
the loss and the ranker in a single end-to-end pipeline consistently
yields higher effectiveness, with statistically significant improve-
ments on standard evaluation metrics such as NDCG and MRR. In
addition to effectiveness, LearnDCG eliminates the need for pretrain-
ing or staged optimization, thereby reducing training complexity

1
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while improving efficiency. Finally, we show that these improve-
ments are stable across diverse ranking architectures, indicating
the robustness and generality of our approach.
2 Proposed Approach
Static Differentiable Loss. Our methodology begins with a stan-
dard differentiable formulation of NDCG, which reformulates the
non-differentiable ranking metric into a smooth surrogate objective
through position function approximations. Let 𝑋 = {𝑥1, . . . , 𝑥𝑛}
denote the set of documents associated with a query, the ground-
truth relevance labels 𝑟 (𝑥𝑖 ) ∈ Z≥0, and 𝑠𝑖 = 𝑓 (𝑥𝑖 ;𝜃 ) being the score
assigned by a ranking function 𝑓 with parameters 𝜃 . The canonical
NDCG can be defined as:

NDCG =

∑𝑛
𝑖=1

𝑔 (𝑟 (𝑥𝑖 ) )
𝑑 (𝜋 (𝑥𝑖 ) )

max𝜋∗
∑𝑛

𝑖=1
𝑔 (𝑟 (𝑥𝑖 ) )
𝑑 (𝜋∗ (𝑥𝑖 ) )

, (1)

where 𝜋∗ denotes the ideal ranking permutation, 𝑔(·) is the gain
function, 𝑑 (·) is the discount function, and 𝜋 (𝑥𝑖 ) is the discrete
rank position of document 𝑥𝑖 . The framework is built on three
key elements: (i) reformulating the measure from position-based
indexing to document-based indexing, (ii) approximating the non-
differentiable position and truncation functionswith smooth sigmoid-
based surrogates, and (iii) optimizing the resulting continuous ob-
jective via gradient descent. Here, the key is to approximate the
non-differentiable position 𝜋 (𝑥𝑖 ) by a smooth surrogate 𝜋 (𝑥𝑖 ) de-
fined as:

𝜋 (𝑥𝑖 ) = 1 +
∑︁
𝑗≠𝑖

𝜎 (−𝛼 (𝑠𝑖 − 𝑠 𝑗 )), (2)

where 𝜎 (𝑧) is the sigmoid function and 𝛼 > 0 is a temperature
parameter controlling the sharpness of the approximation. This
can now yield differentiable approximations 𝜋 (𝑥𝑖 ) ≈ 𝜋 (𝑥𝑖 ) with
provably bounded error [25].

While this formulation achieves an accurate surrogate of NDCG
with provable approximation bounds [25], the conventional choice
of fixing the gain function as 𝑔(𝑦) = 2𝑦 − 1 and the discount as
𝑑 (𝑟 ) = log2 (1 + 𝑟 ) imposes rigid inductive biases. In practice, rank-
ing tasks differ widely in their relevance grading schemes, slate
lengths, and emphasis on top versus mid-ranked positions. For
example, datasets with three-level relevance and short slates may
benefit from smoother gains and flatter discounts, whereas five-
level datasets require sharper gain scaling to capture fine-grained
relevance distinctions.
Learnable Loss. As such, we propose LearnDCG, a learnable and
parametrized formulation that retains the same position approx-
imation structure [25] but replaces the fixed gain, discount, and
temperature components with learnable counterparts. Rather than
fixing 𝑔(𝑦) = 2𝑦 − 1 and 𝑑 (𝑟 ) = log2 (1 + 𝑟 ), we introduce learnable
functions that adapt to dataset-specific characteristics. In practice,
we parameterize these functions with a small set of scalar variables
that are optimized jointly with the ranker, retaining the computa-
tional efficiency of the fixed formulation while allowing the loss to
adapt dynamically to the data.

Instead of a fixed exponential base, we define a learnable expo-
nential base 𝑏𝑔 > 1 such that:

𝑔(𝑦) = 𝑏
𝑦
𝑔 − 1, (3)

where 𝑏𝑔 is optimized jointly with the ranking model. This allows
the loss to control the separation between successive relevance
grades and enables the model to adaptively adjust the relative im-
portance of different relevance levels. We generalize the logarithmic
decay by introducing a parametric formulation:

𝑑 (𝑟 ) = ln(1 + 𝑟 )
ln(𝑏𝑑 )

, 𝑏𝑑 > 1, (4)

corresponding to a generalized logarithmic decay. The smoothness
parameter 𝛼 that governs the sigmoid approximation of pairwise
comparisons is itself learned, which allows us to maintain adaptive
control between soft and sharp rank approximations. Given the
approximated positions 𝜋 (𝑥𝑖 ), the surrogate LearnDCG for a query
is defined as �DCG =

𝑛∑︁
𝑖=1

𝑔(𝑟 (𝑥𝑖 ))
𝑑 (𝜋 (𝑥𝑖 ))

, (5)

The corresponding �NDCG is obtained by normalizing �DCG with
the ideal discounted cumulative gain computed using the same
parameterized gain and discount functions under the ideal ranking
permutation. The LearnDCG loss is then defined over a batch of 𝐵
queries as

LLearnDCG = − 1
𝐵

𝐵∑︁
𝑞=1

�NDCG(𝑞)
. (6)

To ensure validity of the learned parameters and maintain nu-
merical stability, we reparameterize all learnable scalars through
the softplus transformation:

𝜙 = log(exp(𝜙) + 1), 𝜙 ∈ {𝜃𝑔, 𝜃𝑑 , 𝜃𝛼 }, (7)

so that 𝑏𝑔 = 1 + softplus(𝜃𝑔), 𝑏𝑑 = 1 + softplus(𝜃𝑑 ), and 𝛼 =

softplus(𝜃𝛼 ). This guarantees positivity and domain constraints
during gradient-based optimization. The additional parameters in-
troduce negligible computational overhead compared to the fixed
formulation, since the position approximation structure remains
unchanged. The parameters of the ranker and the loss function
variables {𝑏𝑔, 𝑏𝑑 , 𝛼} are updated jointly via a single backpropaga-
tion pass, enabling fully end-to-end training without requiring
pretraining of surrogate losses on synthetic data.

Our proposed LearnDCG inherits the approximation guarantees
of the standard differentiable formulation, since positions are ap-
proximated with the same sigmoid relaxation. Specifically, if the
pairwise score margin 𝛿 =min𝑖≠𝑗 |𝑠𝑖 − 𝑠 𝑗 | is sufficiently large, then
the document position error |𝜋 (𝑥𝑖 ) − 𝜋 (𝑥𝑖 ) | is bounded via

|𝜋 (𝑥𝑖 ) − 𝜋 (𝑥𝑖 ) | <
𝑛 − 1

exp(𝛼𝛿) + 1
, (8)

which ensures the error vanishes to zero if 𝛿 → ∞. Therefore,
LearnDCG preserves differentiability while extending the space of
gain and discount functions from fixed to learnable, allowing the
surrogate to adapt its curvature and scale to the empirical relevance
distribution of each dataset.

3 Experiments
Datasets. We evaluate our proposed approach on four publicly
available learning-to-rank (LTR) benchmark datasets: MQ2007, MQ2008,
WEB10K, and YLTR (and include OHSUMED on Github). Both MQ2007
and MQ2008 [19] originate from the Million Query Track of TREC

2
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Table 1: Performance comparison across ranking models.

Ranking Model Fixed Learned
MQ2007

MLP [11] 54.47 58.63
AttSets [29] 55.21 58.18
Attention MIL [32] 55.96 58.41
Context-Aware Ranker [14] 53.92 57.71

MQ2008
MLP [11] 72.27 77.42
AttSets [29] 74.24 77.45
Attention MIL [32] 75.01 77.98
Context-Aware Ranker [14] 75.21 78.03

WEB10K
MLP [11] 35.49 43.20
AttSets [29] 41.22 46.71
Attention MIL [32] 42.02 46.27
Context-Aware Ranker [14] 37.64 45.53

YLTR
MLP [11] 70.41 73.04
AttSets [29] 75.31 77.63
Attention MIL [32] 75.16 77.15
Context-Aware Ranker [14] 70.92 75.82

All improvements are statistically significant at 𝑝 < 0.05 using paired t-test.

2007 and TREC 2008, respectively. MQ2007 contains 1,692 queries
with 69,623 labeled query-document pairs, while MQ2008 includes
784 queries with 15,211 labeled query-document pairs. Both datasets
use three-grade relevance judgments. WEB10K (MSLR-WEB10K)
[17] is a large-scale benchmark derived from a commercial search
engine containing 10,000 queries with approximately 1.2 million
query-document pairs and five-level relevance labels. YLTR (Yahoo
Learning to Rank Set-1) [5] is a large-scale web search benchmark
containing 29,921 queries and 709,877 query-document pairs with
five-level relevance labels. For the first three datasets, we adopt the
standard five-fold cross-validation partitioning. For YLTR, we apply
standard train/validation/test split over Set-1.
Baselines. We compare against nine baselines spanning three cat-
egories. Surrogate losses: RMSE (pointwise), RankNet [3] (pairwise),
and the listwisemethods ListMLE [30] and ListNet [4].Differentiable
metric approximations: LambdaRank [28], LambdaLoss [28], Ap-
proxNDCG [18], and NeuralNDCG [15]. Learnable surrogate losses:
NeuralLoss [13], which approximates NDCG with a pretrained neu-
ral network in amulti-stage configuration.We additionally compare
LearnDCG against its own fixed-parameter variant (i.e., non-learned
gain, discount, and temperature) to isolate the contribution of joint
optimization. We use the same transformer-based ranker architec-
ture in AllRank [14] across all experiments for fairness. We report
NDCG andMRR values at cutoffs 5 and 10 as our evaluation metrics.
Research Questions. To systematically evaluate the effectiveness
and generality of LearnDCG, we assess our work through five re-
search questions: (RQ1) Effectiveness: Does jointly learning the
loss and the ranker in an end-to-end manner yield consistent per-
formance improvements over the fixed-parameter formulation?
(RQ2) Comparison with Learnable Alternatives:How does LearnDCG
compare to existing learnable surrogate losses such as NeuralLoss,
which rely on multi-stage pretraining on synthetic data? (RQ3)
Comparison with State of the Art: How does LearnDCG compare

Table 2: Performance across datasets on NDCG/MRR @ 5/10.

Configuration Metrics

Dataset Loss
NDCG
@5

NDCG
@10

MRR
@5

MRR
@10

MQ2007

ApproxNDCG 50.08 53.92 48.79 50.34
LambdaRank 49.8 52.87 51.81 54.22
LambdaLoss 53.28 56.26 49.86 50.49
NeuralNDCG 54.32 54.95 54.39 56.01
ListMLE 47.65 50.71 52.71 54.29
ListNet 54.23 57.52 59.37 60.71
RankNet 46.12 47.36 55.46 57.01
RMSE 53.79 56.93 59.14 60.55
NeuralLoss 54.36 57.37 54.86 56.46

LearnDCG 56.46 59.71 59.66 62.14

MQ2008

ApproxNDCG 69.54 75.21 68.37 69.50
LambdaRank 68.59 76.08 68.78 71.06
LambdaLoss 71.64 76.48 70.41 72.01
NeuralNDCG 71.82 76.87 67.96 69.40
ListMLE 68.95 74.38 67.47 68.63
ListNet 69.46 74.94 68.64 69.79
RankNet 68.07 73.37 64.65 68.83
RMSE 69.75 75.31 68.84 69.88
NeuralLoss 72.25 77.07 70.14 71.11

LearnDCG 75.13 79.03 73.35 74.28

WEB10K

ApproxNDCG 21.54 27.64 48.20 53.58
LambdaRank 34.24 37.78 61.40 62.05
LambdaLoss 38.21 40.63 60.87 68.80
NeuralNDCG 39.13 42.02 66.51 69.92
ListMLE 39.04 41.22 61.95 69.75
ListNet 40.08 42.49 65.96 68.21
RankNet 28.35 29.80 46.07 50.69
RMSE 32.58 37.43 58.15 65.57
NeuralLoss 22.83 25.94 46.54 50.16

LearnDCG 43.32 45.53 71.45 74.70

YLTR

ApproxNDCG 65.33 70.92 62.55 63.82
LambdaRank 69.74 73.45 55.75 59.71
LambdaLoss 70.07 74.08 58.32 65.85
NeuralNDCG 65.36 73.14 62.74 65.66
ListMLE 49.24 58.04 36.79 39.31
ListNet 70.91 75.75 68.19 69.33
RankNet 48.96 57.84 36.67 39.24
RMSE 62.89 69.93 52.91 54.68
NeuralLoss 67.66 73.09 62.27 63.55

LearnDCG 72.06 76.82 68.88 69.91

All improvements are statistically significant at 𝑝 < 0.05 using paired t-test.

against a range of state-of-the-art surrogate losses used in learn
to rank methods? (RQ4) Efficiency: Does the single end-to-end
training pipeline of LearnDCG reduce training complexity and com-
putational costs compared to multi-stage approaches? (RQ5) Gen-
eralizability: Are the performance gains of LearnDCG consistent
across different neural ranking architectures, ranging from simple
MLPs to transformer-based rankers?
Code and Data. All our code and results are publicly available at
https://anonymous.4open.science/r/LearnDCG-D44E.

4 Findings
RQ1 (Effectiveness).We first compare LearnDCG against its fixed-
parameter counterpart to isolate the contribution of making gain,
discount, and temperature learnable. Table 1 reports NDCG@10
for both variants across four ranker architectures and four datasets,

3
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Figure 1: Total training time vs. NDCG@10 onMQ2008. Train-
ing details include RTX A6000 GPU with 48 GB of memory,
a learning rate of 0.001, and a batch size of 32.

Figure 2: Evolution of the learned discount base 𝜃𝑑 across
training epochs for all five folds of WEB10K.

together with significance tests using paired t-test. LearnDCG con-
sistently and significantly outperforms the fixed formulation in
every configuration (𝑝 < 0.05 in all cases, and 𝑝 ≤ 0.003 on
WEB10K). The largest gains appear on WEB10K, where for exam-
ple the MLP improves from 35.49 to 43.20, indicating that the fixed
parameterization is particularly ill-suited for datasets with highly
skewed relevance distributions. Figure 2 shows the progression of
the learned discount parameter 𝜃𝑑 during training, which converges
to different values across the five folds of WEB10K, ranging from
approximately 1.80 to 2.15, further illustrating that no single fixed
setting is universally optimal and that end-to-end optimization al-
lows the loss to adapt to fold-specific data characteristics. Due to
space constraints, we only show 𝜃𝑑 for WEB10K here. Further results
for other parameters and datasets can be found in our repository.
RQ2 (Comparison with Learnable Alternatives).We compare
LearnDCG against NeuralLoss [13], which parameterizes the loss
through a neural surrogate pretrained on synthetic data. LearnDCG
consistently outperforms NeuralLoss across all datasets and met-
rics. On MQ2007, LearnDCG achieves 59.66 MRR@5 versus 54.86
for NeuralLoss; on WEB10K the gap is particularly large (43.32 vs.
22.83 NDCG@5). NeuralLoss also struggles on WEB10K and YLTR,
likely due to distributional mismatch between its uniform synthetic
pretraining data and the skewed relevance distributions of real-
world benchmarks. LearnDCG avoids this failure mode entirely by
learning the loss jointly with the ranker on the target data.
RQ3 (Comparison with State of the Art). Table 2 compares
LearnDCG against nine baselines spanning surrogate losses, differen-
tiable metric approximations, and learnable alternatives. LearnDCG

achieves the highest score on every metric across all four datasets.
On WEB10K, LearnDCG attains 43.32 NDCG@5, outperforming the
next-best method (ListNet, 40.08) and strong differentiable baselines
such as NeuralNDCG (39.13) and LambdaLoss (38.21). On MQ2008,
LearnDCG reaches 75.13 NDCG@5 compared to 72.25 for Neural-
Loss and 71.82 for NeuralNDCG. On YLTR, LearnDCG yields 72.06
NDCG@5 versus 70.91 for ListNet. While individual baselines are
competitive on specific datasets, e.g., ListNet performs well on YLTR
and LambdaLoss on MQ2008, none matches LearnDCG’s consistent
effectiveness across all evaluation conditions.
RQ4 (Efficiency). This research question asks whether integrat-
ing the loss and the ranker into a single end-to-end pipeline re-
duces training complexity and computational costs compared to
multi-stage approaches. Figure 1 provides a joint view of effective-
ness (NDCG@10) against training cost for different loss functions.
The most desirable region of the plot is the top-left corner, which
represents methods that achieve higher effectiveness with lower
computational cost. LearnDCG is positioned closest to this region,
combining the highest NDCG@10 score with one of the lowest
training costs, highlighting both its effectiveness and efficiency.
In contrast, NeuralLoss, which requires multi-stage pretraining,
appears further to the top-right, indicating strong but less efficient
performance due to additional overhead. Classical surrogate losses
such as RMSE, ListNet, and ListMLE cluster near the middle-bottom
region, offering moderate efficiency but clearly lower effectiveness.
RankNet is the least desirable, positioned in the bottom-right cor-
ner, reflecting both lower effectiveness and higher cost. The figure
shows that LearnDCG achieves the best balance of efficiency and
effectiveness by situating itself near the desirable top-left region.
RQ5 (Generalizability). Table 1 demonstrates that LearnDCG im-
proves performance across all ranker architectures and all four
datasets, with the largest gains on WEB10K (e.g., MLP improves
from 35.49 to 43.20, 𝑝 < 0.001). On MQ2008, the Context-Aware
Ranker improves from 75.21 to 78.03 and Attention MIL from 75.01
to 77.98 (both 𝑝 < 0.05). All improvements are statistically signifi-
cant. These results confirm that LearnDCG generalizes well across
architectures, with particularly strong benefits on larger datasets
where fixed parameterizations are most limiting.

5 Concluding Remarks
This paper presented LearnDCG, a learnable surrogate loss that
integrates directly with neural rankers in an end-to-end training
pipeline. By treating the gain, discount, and temperature compo-
nents of NDCG as learnable parameters, our approach eliminates
the rigid biases of fixed surrogates and adapts dynamically to the
relevance distributions of different datasets. Unlike prior learn-
able methods such as NeuralLoss, LearnDCG requires no synthetic
pretraining or staged optimization, reducing computational over-
head while maintaining theoretical guarantees of differentiability
and bounded approximation error. Through experiments on four
standard datasets, we demonstrated that LearnDCG consistently out-
performs nine baselines including surrogate losses, differentiable
metric approximations, and learnable alternatives. The improve-
ments are robust across evaluation metrics, datasets of varying size
and granularity, and neural architectures ranging from MLPs to
transformer-based rankers.
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