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Abstract

Multi-task post-training of large language mod-
els (LLMs) is typically performed by mixing
datasets from different tasks and optimizing
them jointly. This approach implicitly assumes
that all tasks contribute gradients of similar
magnitudes; when this assumption fails, opti-
mization becomes biased toward large-gradient
tasks. In this paper, however, we show that
this assumption fails in RL post-training: cer-
tain tasks produce significantly larger gradi-
ents, thus biasing updates toward those tasks.
Such gradient imbalance would be justified
only if larger gradients implied larger learn-
ing gains on the tasks (i.e., larger performance
improvements)—but we find this is not true.
Large-gradient tasks can achieve similar or
even much lower learning gains than small-
gradient ones. Further analyses reveal that
these gradient imbalances cannot be explained
by typical training statistics such as training re-
wards or advantages, suggesting that they arise
from the inherent differences between tasks.
This cautions against naive dataset mixing and
calls for future work on principled gradient-
level corrections for LLMs.

1 Introduction

Large language models (LLMs) are increasingly
trained to master multiple tasks simultaneously,
from language understanding and summarization
to code generation and math problem solving. Such
multi-task learning enables models to generalize
across domains and learn more efficiently than by
training separate models per task (Qi et al., 2024;
Brief et al., 2024).

A standard approach to multi-task post-training
is to merge datasets from different tasks and train
on them jointly (Team et al., 2023; Wang et al.,
2023a,b; Hu et al., 2024; Zhu et al., 2025). While
simple, this strategy effectively mixes gradients

*Work done at Meta. Correspondence: Runzhe Wu at
rw646@cornell.edu.

across tasks and implicitly requires gradient magni-
tudes to be similar across tasks. When some tasks
generate much larger gradients, the optimization
becomes dominated by them. Such imbalance has
been noted in the broader field such as vision (Chen
et al., 2018) but is less explored in the LLM litera-
ture (Section A).

In this paper, we show that such gradient im-
balance arises prominently in the RL post-training
of multi-task LLMs (Figure 1). The consequence
of this imbalance is detrimental: (1) when certain
tasks produce much larger gradients, the gradients
aggregated from all tasks are dominated by them,
which biases updates toward large-gradient tasks
and reduces progress on the rest; and (2) from an
optimization perspective, large-gradient tasks are
effectively trained as if their learning rates were
set to be larger than those of small-gradient tasks.
Therefore, either large-gradient tasks are optimized
too aggressively, or small-gradient tasks are under-
optimized.

Crucially, such gradient imbalances would only
be reasonable if larger gradients correspond to
greater learning gains; i.e., large-gradient tasks
should dominate optimization only when they in-
deed yield larger improvements on their respective
objectives (in our case, training rewards). However,
we find this hypothesis does not hold: tasks with
much larger gradients can exhibit similar or even
lower learning gains than those with much smaller
gradients. To further examine the correlation be-
tween gradient magnitude and learning gains, we
implement gradient-proportional sampling that al-
locates more training to large-gradient tasks to see
if it brings any advantage—the rationale is that if
gradient magnitude truly reflects learning gains,
then training more frequently on large-gradient
tasks should improve overall average performance
by prioritizing tasks with greater gains while sacri-
ficing those with smaller ones (Chen et al., 2025;
Wang et al., 2025). However, we found this ap-
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Figure 1: Gradient imbalance and its misalignment with learning gains. Top: Qwen-7B trained on four
heterogeneous tasks. The left panel shows squared gradient norms, with Code dominating throughout training.
However, the middle panel reveals that Code achieves the lowest learning gains—defined as the increase in training
reward (Section 3.1). The right panel reports training rewards for reference. Bottom: Qwen-7B trained on three
math tasks. Arithmetic exhibits up to 33× larger squared gradients but major learning gains vanish after early
training. Together, these results indicate an implicit training bias due to imbalanced gradients which cannot be
attributed to learning gains. Plots of other models are provided in Section D.3.

proach shows no advantages and can perform even
worse in our experiments, proving that the gradi-
ent signal across tasks is not merely uncorrelated
with learning gains but misleading when used for
training signals. In summary, we find that gradient
imbalance is not caused by imbalanced learning
gains and can thus harm multi-task learning by
biasing updates.

To probe the source of this imbalance, we ex-
amined some training statistics as potential expla-
nations, such as training rewards and advantage
functions, but we found none could account for it
(Section D.1). It suggests that the gradient imbal-
ance does not depend on these training statistics
but arises from inherent differences between tasks.
This highlights the need for future methods that
explicitly correct it in training.

2 Imbalanced Gradients

In this section, we provide the empirical evi-
dence of gradient imbalance in multi-task RL post-
training. We study different models: instruction-
tuned versions of Qwen2.5-3B and 7B (Qwen
et al., 2024) and Llama-3.2-3B (Dubey et al., 2024).
We consider RLVR (Guo et al., 2025) and use
GRPO (Shao et al., 2024) as the RL algorithm.

Additional details of the implementation and the re-
sults are reported in Sections C and D. We consider
two multi-task settings: (1) four different tasks
across multiple domains and (2) three tasks within
the math domain but with varying difficulty. They
are described below.

Multi-domain tasks. We focus on four tasks:
(1) Code, involving code generation in the style
of programming contests (Liu and Zhang, 2025);
(2) Countdown, where the model needs to con-
struct a target number from given inputs using
basic arithmetic operators (Pan et al., 2025); (3)
MATH, focused on mathematical problem solv-
ing (Hendrycks et al., 2021); and (4) FinQA, fi-
nancial reasoning over tabular data and text (Chen
et al., 2021). This setup focuses on examining the
gradient behaviors across heterogeneous tasks.

Single-domain (math) tasks. We consider three
datasets related to mathematics. DeepScaleR (Luo
et al., 2025) and MATH (Hendrycks et al., 2021)
contain challenging math problems (with Deep-
ScaleR being harder overall). Arithmetic (Brown
et al., 2020) consists of basic arithmetic problems
and is easier. This setup allows us to examine gradi-
ent behavior within a single domain while varying
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task difficulty and problem styles.

We conduct experiments for both multi-task set-
tings described above. During training, batches are
constructed by sampling from all tasks with equal
probability—importantly, we sample with equal
probability rather than simply mixing the datasets
from all tasks because the latter leads to a natu-
ral bias due to different dataset sizes across tasks.
To study gradient imbalance, we track the average
squared gradient norms of each task throughout
training and report them in Figure 1. We focus on
squared norms rather than unsquared ones because
theoretically they are more directly connected to
learning gains (Section B), which we will compare
against in subsequent sections. For completeness,
we also report the unsquared norm in Section D.3
(Figure 5) where we observe the identical trend.

From Figure 1 (left column), we observe that
the gradient magnitudes are decreasing as training
proceeds for all tasks. However, there is a clear
dominance pattern across tasks. For instance, in
the multi-domain setting (top left), the gradient
of Code has been the largest throughout training—
its squared norm is up to 15× larger than MATH;
in the single-domain setting (bottom left), Arith-
metic has been dominating the others with squared
norms up to 33× larger. Such an issue is severe
if we consider how gradients are averaged during
training. Suppose we have M tasks, each with
gradient gi for i ∈ [M ]. A uniform mixture leads
to the average gradient ḡ = 1

M

∑
i∈[M ] gi. If cer-

tain tasks have substantially larger gradients than
others (e.g., Arithmetic exhibiting significantly
larger gradients than the others), the averaged gra-
dient becomes effectively dominated by those tasks:
ḡ ≈ 1

M

∑
i∈I gi where I denotes the set of tasks

with outstandingly large gradients. As a result,
optimization is biased toward these tasks while
under-optimizing the rest ([M ] \ I). Another way
to view this effect is through the lens of the learn-
ing rate: with a globally fixed learning rate, a task
such as Arithmetic (with gradient norms up to√
33 ≈ 5.7× larger than others) was effectively

trained as if its learning rate were 5.7× higher
than others. Hence, to stabilize training, the global
learning rate must then be reduced, which in turn
causes small-gradient tasks to be under-optimized.
This runs counter to the goal of multi-task learning,
where all tasks should be treated equally.

3 Are Gradient Imbalances Explained by
Learning Gains?

Having established the presence of gradient imbal-
ances, we next ask whether they can be explained
by learning gains. The reasoning is simple: in
multi-task training, large gradients can be justified
only if they faithfully reflect larger room for im-
provement than the others. Only in this case will
the gradient bias be not harmful and even be desir-
able. This hypothesis underlies several successful
approaches in the broader machine learning liter-
ature (Settles et al., 2007; Ash et al., 2020; Chen
et al., 2025). However, whether it holds in multi-
task RL post-training remains to be validated. We
examine it in two ways: (1) by explicitly quan-
tifying learning gains as the increase in training
reward and comparing it with gradient magnitudes,
and (2) by studying a gradient-proportional sam-
pling strategy. Our results show that, while gradi-
ent magnitude tends to be correlated with learning
gains within a task, which is consistent with the
prior intuition, it does not hold across tasks, which
is the central issue highlighted in this paper. We
elaborate on the two methods in the following two
subsections.

3.1 Quantifying Learning Gains

As a direct approach, we explicitly measure the
learning gains as the increase in training reward
and compare it with gradient magnitudes to see if
they are correlated. Particularly, the learning gain
on a given task at training step t is measured as the
average change in training reward around t:

Gain(t) :=
1

s

s∑

i=1

Rt+i −
1

s

s∑

i=1

Rt−i,

where Rk denotes training reward at step k, and
s is the window size used to smooth rewards. We
evaluate the learning gains at three evenly spaced
training steps and plot their corresponding values
in Figure 1 (middle column). It reveals a differ-
ent pattern compared to gradient magnitudes (left
column). In particular, in the multi-domain setting
(top), Code dominates all others in terms of gradi-
ent magnitude, yet its gains are one of the lowest.
The contrast is clearer in the single-domain set-
ting (bottom): Arithmetic constantly exhibits up to
33× larger squared gradient norms than the others,
but it shows the lowest learning gains after half of
training. Hence, differences in gradient magnitude
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Model Grad-Prop Multi-domain Single-domain (math)
Sampling? Code Countdown MATH FinQA Avg DSR MATH Arith Avg

Qwen-3B ✗ 35.67 50.00 63.20 60.60 52.37 34.00 58.00 98.00 63.33
✓ 35.67 42.50 61.00 62.67 50.46 33.40 61.20 98.00 64.20

Lllama-3B ✗ 30.34 42.50 49.00 64.65 46.62 26.20 45.00 95.60 55.60
✓ 30.76 40.50 48.20 65.01 46.12 23.60 46.00 96.00 55.20

Qwen-7B ✗ 49.16 59.00 71.00 68.71 61.97 41.40 68.40 99.20 69.67
✓ 50.70 53.00 69.60 68.62 60.48 34.20 64.20 99.60 66.00

Table 1: Uniform vs. gradient-proportional sampling. Across models and multi-task settings, sampling tasks in
proportion to gradient magnitude raises accuracy on some large-gradient tasks (e.g., FinQA, Arithmetic) but can
lower overall averages. This confirms that large gradients do not necessarily correspond to greater learning gains, so
prioritizing them hurts multi-task learning. (DSR: DeepScaleR, Arith: Arithmetic, Avg: Average)

across tasks cannot be attributed to differences in
learning gains.

3.2 Gradient-Proportional Sampling

Another way to examine the hypothesis that the
gradient magnitude is positively correlated with
larger learning gains is to test algorithms that ex-
plicitly exploit large gradient magnitudes. Hence,
we study a gradient-proportional sampling strat-
egy: to form the training batches at each itera-
tion, instead of sampling tasks uniformly, we sam-
ple from tasks in proportion to their average gra-
dient magnitudes. Specifically, given M tasks,
we define the probability of sampling from task
i ∈ [M ] as the softmax of the gradient magnitudes:
pi = exp(∥gi∥/η)/

∑
j exp(∥gj∥/η) where gi de-

notes the average gradient of task i and η is the
temperature. To avoid the model getting stuck on
high-gradient tasks under low-temperature settings,
we truncate pi at 0.1, ensuring that every task is
sampled with at least a 10% probability. The ra-
tionale behind gradient-proportional sampling is
straightforward: if gradient magnitude truly reflects
learning gains, then biasing training toward large-
gradient tasks should improve overall average per-
formance by prioritizing tasks with greater gains
while sacrificing those with smaller ones.

We report the comparison between gradient-
proportional sampling and uniform sampling on
both multi-task settings across various models in
Table 1. The results show no advantage of this
approach. While it primarily raises test accuracy
on the large-gradient tasks as expected (e.g., Code,
FinQA and Arithmetic, evidenced in Figure 1), it
can lead to larger drops on other tasks, thus lead-
ing to lower average performance. This again sug-
gests that gradient magnitude is not a reliable in-
dicator of learning gains: allocating more training
to large-gradient tasks does not consistently im-
prove overall outcomes and may even exacerbate

gradient bias. Importantly, our intention is not to
claim that gradient-proportional sampling is con-
sistently worse than uniform sampling; if that were
the case, one might conclude gradient magnitude
is inversely correlated with learning gains, which
is counterintuitive and unlikely. Rather, we aim
to show that gradient magnitude cannot faithfully
represent learning gains. Detailed training curves
and ablations of gradient-proportional sampling are
provided in Sections D.2 and D.3 for reference.

Summary. Through explicit measurement (Sec-
tion 3.1) and implicit testing (Section 3.2), we show
gradient magnitude does not correlate with learning
gains across tasks. We also provide a theoretical
analysis in Section B explaining why learning gains
do not necessarily correlate with gradient magni-
tude across tasks from the perspective of convex
analysis.

4 Conclusion

We presented the first systematic study of gradient
imbalance in the RL post-training phase of multi-
task LLMs. Results show a surprising finding: the
gradient imbalance is significant and cannot be
explained by learning gains. Further, we study
whether the gradient imbalances can be explained
by certain training statistics or metrics (e.g., ad-
vantages, training reward, token length, etc.) but
we find no clear correlation. Hence, the observed
gradient imbalance likely stems from inherent dif-
ferences between tasks.

Looking ahead, our findings call for approaches
that explicitly perform gradient-level manipula-
tion to address the imbalances, possibly build-
ing on ideas from the broader optimization liter-
ature (Sener and Koltun, 2018; Yu et al., 2020;
Chen et al., 2020; Liu et al., 2021a,b, 2023; Efroni
et al., 2025; Kretzu et al., 2025). Beyond that, an-
other promising direction lies in reconsidering the
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optimization geometry. Methods such as mirror
descent-based RL approaches (Kakade, 2001; Gao
et al., 2024) may help alleviate this issue by trans-
forming gradients into a certain representation that
is more comparable across tasks. Finally, investi-
gating whether the same issue occurs in other train-
ing paradigms such as pre-training and supervised
finetuning remains important for future work.

Limitations

This paper focuses primarily on the RL post-
training of multi-task LLMs. It remains unclear
whether gradient imbalance also persists in other
phases, such as pre-training and supervised fine-
tuning. Although such imbalances appear to be
from the inherent differences between tasks, we
cannot yet explain why it arises, despite studying
a broad range of training statistics. Moreover, we
only report these observations; how to design new
approaches to mitigate them remains unclear and
requires further research. Finally, we do not antic-
ipate any immediate ethical or societal risk from
this work, though broader concerns may emerge
from the use of LLMs more generally.
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A Prior Works on Multi-Task LLMs

Prior works on multi-task LLMs have approached
the problem from task weighting and data mixture
design (Mao et al., 2022; Gong et al., 2024; Wang
et al., 2024; Yang et al., 2024; Feng et al., 2024;
Elbakary et al., 2025; Liang et al., 2025). Typically,
they adaptively adjust task contributions or update
directions to balance convergence across tasks.

Curriculum-based methods have also emerged
in the context of LLMs, which schedule tasks adap-
tively based on a certain notion of learning progress
or difficulty (Chen et al., 2025; Shi et al., 2025;
Parashar et al., 2025). For instance, it may suggest
to train on progressively harder reasoning instances.
While these approaches are usually proposed under
a single task and manipulate at a sample-level, their
natural extension can be applied to the multi-task
settings.

In contrast, our study focuses on a fundamental
issue: the imbalance of gradient magnitudes across
tasks during RL post-training. While similar con-
cerns have been observed in the broader field such
as vision (Chen et al., 2018), this issue has received
little attention in the context of LLMs.

B Gradient Magnitude and Learning
Gains Through the Lens of Convex
Analysis

In this section, we study the relationship between
gradient magnitude and the learning gain through
the lens of convex analysis. Specifically, we will
explain why gradient magnitude (squared gradient
norm) is expected to be proportional to learning
gains within a task but not across tasks from a
theoretical perspective.

Let’s think about a single task and thus a sin-
gle objective optimization problem. Denote the
objective function as f . To facilitate the discus-
sion, we consider two common properties of con-
vex functions: smoothness and Polyak-Łojasiewicz
condition (a relaxation of strong convexity).

Definition 1 (Smoothness) A function f : Rn →
R is said to be β-smooth if for all x, y ∈ Rn,

f(y) ≤ f(x) +∇f(x)⊤(y − x) +
β

2
∥y − x∥22.

It is known that smoothness relates the gradient
magnitude to the suboptimality gap (Hazan et al.,
2016):

f(x)−min
x⋆

f(x⋆) ≥ 1

2β
∥∇f(x)∥22. (1)
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Another commonly used property is the Polyak-
Łojasiewicz condition:

Definition 2 (Polyak-Łojasiewicz) (Łojasiewicz,
1963; Polyak, 1963) A function f : Rn → R is
said to be µ-Polyak–Łojasiewicz (µ-PL) if for all
x ∈ Rn, we have

1

2
∥∇f(x)∥22 ≥ µ ·

(
f(x)−min

x⋆
f(x⋆)

)
. (2)

PL condition generalizes strong convexity (Hazan
et al., 2016). By definition, it relates the gradient
magnitude to the suboptimality gap in a reversed
direction. By (1) and (2), one can establish the
following ratio bound:

2µ ≤ ∥∇f(x)∥22
f(x)−minx⋆ f(x⋆)

≤ 2β

This inequality suggests that the squared gradient
norm should be proportional to the suboptimality
gap. However, estimating the gap in practice is diffi-
cult since it requires access to the global minimizer
minx⋆ f(x⋆). A useful observation is that perfor-
mance improvements (i.e., learning gain) during
training often follow an exponential decay: once
the suboptimality gap becomes small, further gains
diminish. Thus, the learning gain serves as a practi-
cal proxy for the suboptimality gap, implying that
the magnitude of squared gradient norm should
be proportional to learning gain. This is the fun-
damentals of certain existing works that leverage
gradient magnitude to estimate learning gains.

However, from a theoretical perspective, this pro-
portionality holds only within a single task. When
comparing across tasks, the relationship breaks
down because each task may have different smooth-
ness β and PL constant µ. This heterogeneity ex-
plains the mismatch between gradient magnitude
and learning gain across tasks observed in Figure 1.

C Experimental Details

This section details the experiment setup. All im-
plementations are built upon the verl framework
(Sheng et al., 2024).

Prompt Template. We use the same prompt
template for all tasks and all models. Given a
question, the prompt template is as follows:

<|system|>
You are a helpful assistant. The

user will ask you a question
and you as the assistant solve

it. The assistant first
thinks how to solve the task
step by step and then provides
the user with the final

answer. The final answer must
be enclosed within <answer
>...</answer > tag , which
should appear at the end of
your reply.

<|user|>
{question}
<|Assistant|>

Reward Details. We use a rule-based reward
function. A reward of 0.0 is assigned to a re-
sponse if the format is wrong (e.g., answer tag
<answer>...</answer> is not found). Otherwise,
if the format is correct but answer is wrong, we as-
sign a reward of 0.1. If both are correct, we assign
a reward of 1.0.

Model and Dataset Details. We have listed the
models and datasets we used in Section 2. For
each task/dataset, the data is split into training and
test sets (with MATH500 serving as the test set
for MATH). All models and data we used are pub-
licly accessible and authorized for our intended use,
and the data did not contain personal identifying
info or offensive content. Test accuracy is simply
measured by pass@1.

Plotting details. In Figure 1, we smooth the
squared gradient norm (left plots) via exponential
moving average with coefficient 0.9 for better il-
lustration; for the learning gains (middle plots),
we smooth rewards over s = 75 steps for multi-
domain setting and s = 25 for single-domain set-
ting; the reward plots on the right are smoothed
with coefficient 0.7 with the raw data plotted as
the lighter curves. Same also apply to Figure 6
and Figure 4. Figure 2 is plotted by uniformly
picking points throughout training and compute
the absolute advantage and gradient norm at those
points (without smoothing). Figure 3 is plotted
with smoothing factor 0.5 with the raw data plotted
as the lighter curves. Figure 7 is plotted without
smoothing.

Hyperparameters. Hyperparameters are listed
in Table 2 and are kept consistent across all training
runs. Training was performed via GRPO on A100
GPUs. For both multi-domain and single-domain
settings, we train the model until observed conver-
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Figure 2: Gradient norms versus absolute advantage. Scatter plots across models (from left to right: Qwen-3B,
Qwen-7B, Llama-3B) and domains (from top to down: multi-domain and math-domain). Within each task, points
tend to cluster and vary consistently. Within a task, larger gradients often align with larger absolute advantages,
although unnecessarily linearly. Across tasks, however, this structure disappears: tasks with the largest gradients
(e.g., FinQA) do not yield higher absolute advantages than other tasks. Thus, absolute advantage may approximate
gradient magnitude within a task but fails across tasks.

gence (300 steps for the former and 100 steps for
the latter).

Parameter Value

batch size 128
rollouts per prompt 16
max prompt length 2048
max response length 4096
learning rate 5e-7
KL coefficient 1e-3
entropy coefficient 1e-3
grad clip 1.0
clip ratio 0.2

Table 2: Training hyperparameters.

C.1 Gradient Estimation

In this section, we explain how we estimate the
gradient magnitude in the experiments (e.g., in Fig-
ure 1). To obtain a faithful estimator, we cannot
simply take the norm of a batch gradient returned
by back-propagation. To see why, let g denote the
ground truth gradient we want to estimate:

g = ∇θJ(θ) = E[X ] ,

where X := ∇θ log πθ(a | s)Aπ(s, a).

Given a batch of size B, the naive plug-in estimator
is

ĝ =
1

B

B∑

i=1

Xi, X1, . . . , XB
i.i.d.∼ X.

While ĝ is an unbiased estimator of g, its squared
norm is a biased estimator of ∥g∥2. To see this,
using the identity:

E
[
∥ĝ∥2

]
=

∥∥E[ĝ]
∥∥2 + Tr

(
Cov(ĝ)

)
,

we obtain

E
[
∥ĝ∥2

]
= ∥g∥2 + Tr

(
Cov(ĝ)

)

= ∥g∥2 +
1

B
Tr

(
Σ
)
,

where Σ := Cov(X). Thus, the naive estima-
tor ∥ĝ∥2 is off from the target ∥g∥2 by the vari-
ance term Tr(Cov(ĝ)) = 1

B Tr(Σ). This term is
large considering the huge number of parameters
in LLMs.

To remove this bias, we form two independent
estimates by splitting the batch:

ĝ1 =
2

B

B/2∑

i=1

Xi, ĝ2 =
2

B

B∑

i=B/2+1

Xi,

and use the cross product

∥̂g∥2 = ⟨ĝ1, ĝ2⟩.
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Since ĝ1 and ĝ2 are independent and E[ĝ1] =
E[ĝ2] = g, we have the unbiasedness:

E[ ⟨ĝ1, ĝ2⟩ ] =
〈
E[ĝ1], E[ĝ2]

〉
= ⟨g, g⟩ = ∥g∥2.

Hence, such cross-product estimator provides a
faithful (and importantly, unbiased) estimate of the
squared gradient norm. In practice, we track the
squared gradient norm via the above estimator per
step and keep an exponential moving average (with
coefficient 0.95) of the tracked values as the final
estimate. Furthermore, when we want to estimate
the (unsquared) gradient norm, we simply take the
square root of the cross-product estimator above,
truncated at zero:

ˆ∥g∥ =

√
max

(
∥̂g∥2, 0

)
.

Here we truncate at zero to avoid negative values
inside the square root since the cross-product es-
timator is not guaranteed to be non-negative. To
reduce the overall computational cost of the cross
product, we only compute the gradient of the last
attention block as a proxy for the entire model. An
ablation study on this choice is provided in Sec-
tion D.2.

D Additional Experiment Results

D.1 Are Gradient Imbalances Explained by
Other Training Statistics?

Here we study whether gradient magnitude corre-
lates with several key training statistics and metrics,
including advantage function, training reward, and
token length. We note that, even if such correla-
tions exist, gradient imbalance would remain prob-
lematic because it cannot reflect learning gains, as
we discussed in Section 3.

Advantage Function. Prior work has speculated
that the absolute advantage function can serve as
an effective proxy for gradient magnitude of lan-
guage models, mainly focusing on single-task train-
ing (Chen et al., 2025; Wang et al., 2025; Gao et al.,
2025). To see the intuition, we recall the policy-
gradient theorem. For policy-gradient-based RL,
the derivative of the model parameters is derived
as (Sutton et al., 1998)

∇θJ(θ) = E[∇θ log πθ(a | s)Aπ(s, a)]

where J(θ) denotes the average reward of the pol-
icy πθ, and Aπ(s, a) is the advantage function. By

Jensen’s inequality, we have

∥∇θJ(θ)∥2 ≤ E
[
|Aπ(s, a)|∥∇θ log πθ(a | s)∥2

]

Hence, |Aπ| seems to be an effective proxy for gra-
dient magnitude, assuming the inequality is nearly
tight and ∇θ log πθ does not vary too much. While
this hypothesis has led to successful approaches in
single-task training, it remains to be seen whether
it holds in multi-task training. Thus, we put it to the
test and report results in Figure 2, where in the scat-
ter plot, we track and plot the absolute advantage
and gradient norm periodically throughout training.
The computation of advantage is following stan-
dard GRPO, which is estimated via empirical mean
and then normalized. Interestingly, we find a pecu-
liar pattern: the absolute advantage is a reasonable
proxy for gradient magnitude within a task, but it
fails to generalize across tasks. In particular, within
each task, the absolute advantage grows roughly
proportionally with the gradient magnitude. How-
ever, when comparing across tasks, the same level
of absolute advantage corresponds to very different
gradient norms: for example, MATH tends to yield
much smaller gradients than FinQA. Hence, we
conclude that the relationship is valid only within
a single task.

Training Reward (Accuracy). It is also tempt-
ing to associate gradient magnitude with task dif-
ficulty. For example, we may speculate that easy
tasks (high average reward/accuracy) yield clearer,
larger gradients while hard tasks (low average re-
ward/accuracy) produce noisier, smaller gradients
on average. However, this intuition may not hold
in the extreme: when accuracy is near 0% or 100%,
the advantage Aπ is close to zero; by the policy-
gradient theorem the expected gradient also ap-
proaches zero (Yu et al., 2025; Zhang et al., 2025).
Thus, gradient magnitude need not increase mono-
tonically with “easiness” or “hardness”. Qualita-
tively, in Figure 1 (right columns), while within
each task, the trend shows gradient norms decreas-
ing as training reward (accuracy) increases, there
is no consistent cross-task pattern, suggesting that
there is unlikely to be a simple relationship between
gradient magnitude and task difficulty.

Prompt/Response Length. Since different tasks
have varying prompt and response lengths, we also
investigate whether gradient magnitude is affected
by this factor. In principle, it should not be, be-
cause the policy-gradient loss is averaged over to-
kens and is therefore expected to be invariant to
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Task Avg. Prompt Length

Multi-
domain

Code 553.2
Countdown 164.5
MATH 168.6
FinQA 1161.9

Single-
domain

DeepScaleR 173.1
MATH 168.6
Arithmetic 105.4

Table 3: Average prompt lengths of all tasks.
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Figure 3: Response length for Qwen-3B model.

sequence length. Nonetheless, we examine the re-
lationship empirically. The average prompt lengths
for all tasks are reported in Table 3. We find no
meaningful correlation between prompt length and
gradient magnitude. FinQA often has long prompts
(due to embedded table data) and tends to exhibit
large gradients, yet this pattern does not hold uni-
versally: in the single-domain setting, Arithmetic
has the largest gradient magnitude despite having
the shortest average prompt. Similarly, the curves
of response length shown in Figure 3 reveal no
meaningful connection either.

Summary In summary, we found that the gradi-
ent imbalance cannot be easily explained by any

of the above training statistics. Hence, the imbal-
ance is likely from the inherent differences between
tasks.

D.2 Ablation Study
Gradient-Proportional Sampling. We perform
a sweep of temperature for gradient-proportional
sampling on Qwen-3B and Llama-3B for multi-
domain tasks and report the results in Table 4.
For η ≥ 0.1, we find the resulting weights are
nearly identical to uniform sampling, so meaning-
ful weight differences appear only when η < 0.1,
which is why we mainly focus on the range be-
low η = 0.1. However, as the temperature de-
creases, we consistently observe degraded average
performance, indicating that over-weighting large-
gradient tasks is detrimental. We fix η = 0.01 to
report results in Table 1 in the main text across all
models and settings.

Gradients of Different Attention Blocks. To
reduce computational cost, we approximate the
full-model gradient by computing it only on the
last attention block, as described in Section C.1.
To validate this choice, we examine the Qwen-3B
model by computing gradients across other layers
(first, middle, last) and reporting them in Figure 4.
The results show that gradients across layers are
of comparable scale and the dominance pattern
remains consistent across layers: Code and FinQA
have the largest gradients, while MATH has the
smallest. Notably, earlier blocks (first and middle
blocks) exhibit higher variance. These confirm that
the last attention block serves as a reliable proxy.

D.3 Supplementary Plots
In this section, we supplement additional plots of
other models and statistics for completeness. The
observations are consistent with the main text.
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Model Grad-Prop Temperature Multi-domain
Sampling? Code Countdown MATH FinQA Avg

Qwen-3B

✗ - 35.67 50.00 63.20 60.60 52.37
✓ 0.1 35.53 48.50 60.00 61.59 51.41
✓ 0.01 35.67 42.50 61.00 62.67 50.46
✓ 0.001 38.06 37.50 62.60 62.85 50.25

Lllama-3B
✗ - 30.34 42.50 49.00 64.65 46.62
✓ 0.1 28.51 40.00 44.20 62.04 43.69
✓ 0.01 30.76 40.50 48.20 65.01 46.12
✓ 0.001 29.92 39.50 46.80 64.47 45.17

Qwen-7B ✗ - 49.16 59.00 71.00 68.71 61.97
✓ 0.1 50.98 56.50 70.20 68.44 61.53
✓ 0.01 50.70 53.00 69.60 68.62 60.48
✓ 0.001 52.25 52.00 71.00 69.52 61.19

Table 4: Sweep of gradient-proportional sampling temperature across models. For temperature η ≥ 0.1, we
find the resulting weights are nearly identical to uniform sampling, so we mainly focus on the range below 0.1. As
the temperature decreases, we consistently observe degraded average performance, indicating that over-weighting
large-gradient tasks is detrimental. This further demonstrates the pitfalls of naively treating gradient magnitude as a
proxy for learning gains.
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Figure 4: Gradient norm of different attention blocks for Qwen-3B model on multi-domain tasks. There are
a total of 36 attention blocks in the model. From left to right are the gradients of the last (36th) attention block,
middle (18th) attention block, and the first attention block.
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Figure 5: (Unsquared) Gradient norm across models. From left to right are Qwen-3B, Qwen-7B, and Llama-3B.
Top row presents multi-domain tasks, and bottom row presents single-domain tasks. The pattern is identical to that
of the squared norm in Figure 1 and Figure 6.
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Figure 6: Replication of gradient imbalance across models. Same setup as Figure 1 but for Qwen-3B (top two
rows) and Llama-3B (bottom two rows). The imbalance pattern persists.
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Figure 7: Task-level accuracy under uniform vs. gradient-proportional sampling (as reported in Table 1). Top
three rows present multi-domain tasks, and bottom three present single-domain tasks. Within each block, results are
shown for Qwen-3B, Qwen-7B, and Llama-3B from top to bottom.
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