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ABSTRACT
Many real-world multi-agent systems are characterized by two
simultaneous challenges: strategic tension in social dilemmas and
non-stationary reward signals. While peer incentivization (PI) has
emerged as a decentralized mechanism to promote cooperation in
multi-agent reinforcement learning (MARL), existing approaches
typically rely on fixed or externally scaled incentive magnitudes.
When environmental rewards change, due to scaling, shifting, or
drift, the relative strength between rewards and incentives can
become misaligned, which destabilizes cooperation even when the
underlying strategic structure remains unchanged. We analyze this
structural sensitivity and argue that reward normalization preserves
gradient invariance but does not resolve incentive misalignment
in social dilemmas. We then introduce Dynamic Reward Incentives
for Variable Exchange (DRIVE), a reciprocal shaping mechanism
that exchanges reward differences rather than fixed magnitudes.
Because these differences are expressed in reward units, they scale
proportionally under affine reward changes, preserving the relative
influence of environmental rewards and incentives.
Code: https://github.com/philippaltmann/DRIVE
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1 MOTIVATION AND BACKGROUND
We can model many real-world AI applications, such as energy
management [7], traffic coordination [22], or resource allocation
[6], as self-interested, online learning multi-agent systems (MAS)
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where conflicts arise due to opposing goals or shared resources
[5]. These interactions are commonly modeled as social dilemmas
(SDs), where individually rational behavior can lead to collectively
suboptimal outcomes [3, 15]. At the same time, real-world reward
signals are rarely stationary: task specifications evolve, supply and
demand fluctuate, or sensors degrade over time [8, 13]. Even when
the interaction’s strategic structure remains unchanged, reward
magnitudes and offsets may vary. This work considers emergent
cooperation at the intersection of SDs and changing rewards.
Setting. We consider a decentralized MARL setting formalized
by a Markov game with agents 𝑖 ∈ D selecting actions 𝑎𝑡,𝑖 at each
time step 𝑡 according to their policy 𝜋𝑖 based on their local histories
𝜏𝑡,𝑖 and receiving an individual reward 𝑢𝑡,𝑖 [16, 25]. Collective per-
formance is measured through social welfare 𝑈 =

∑
𝑖∈D

∑𝐻−1
𝑡=0 𝑢𝑡,𝑖 .

To maximize their discounted returns 𝐺𝑡,𝑖 =
∑∞

𝑘=0 𝛾
𝑘𝑢𝑡+𝑘,𝑖 , we use

independent actor-critic learning [4, 24]. The critic estimates the
value𝑉𝑖 (𝜏𝑡,𝑖 ) of the agent’s current history 𝜏𝑡,𝑖 , and the actor adjusts
its policy based on how much the observed outcome deviates from
this estimate [12]. This deviation is captured by the advantage or
temporal-difference residual TD𝑖 (𝑢𝑡,𝑖 ) = 𝑢𝑡,𝑖 + 𝛾𝑉𝑖 (𝜏𝑡+1,𝑖 ) −𝑉𝑖 (𝜏𝑡,𝑖 ),
which measures whether the received reward 𝑢𝑡,𝑖 was better or
worse than expected [23]. Although actor-critic methods stabilize
learning, independent MARL still optimizes individual returns.
Social dilemmas. In SDs, independently optimizing each 𝐺𝑡,𝑖 can
be misaligned with achieving globally optimal behavior. Specifically
we consider 2-player matrix games with the actions 𝐶 (cooperate)
and 𝐷 (defect), and the payoffs for mutual cooperation 𝑅, defection
𝑃 , exploiting the other 𝑇 , and being exploited 𝑆 (cf. Fig. 1a). The
Prisoner’s Dilemma (PD) additionally satisfies 𝑇 > 𝑅 > 𝑃 > 𝑆 ,
where 𝐷 is individually rational despite 𝐶 being socially optimal,
as greed ( 𝑇 > 𝑅) and fear (𝑃 > 𝑆) often drive agents away from
mutual cooperation despite its collective benefit [3, 18, 21].

2 MARL UNDER CHANGING REWARDS
Before analyzing incentive mechanisms, it is important to distin-
guish between changes in strategic structure and changes in reward
scale. Considering a PD under an affine transformation at epoch𝑚:

𝑢𝑡,𝑖 = 𝑐𝑚𝑢𝑡,𝑖 + 𝑏𝑚,

with 𝑐 > 0, the ordering 𝑇 > 𝑅 > 𝑃 > 𝑆 is preserved. Thus, the
strategic structure of the dilemma remains unchanged.
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Figure 1: (a) Canonical Prisoner’s Dilemma payoffs with𝑇 > 𝑅 > 𝑃 > 𝑆 . We use𝑇 = 0, 𝑅 = −1, 𝑃 = −2, and 𝑆 = −3. DRIVE exchange
protocol: (b) if TD𝑖 (𝑢𝑡,𝑖 ) ≥ 0, agent 𝑖 sends a request; (c) its neighbor responds with the reward difference Δ𝑡,𝑖, 𝑗 = 𝑢 𝑗 −𝑢𝑡,𝑖 using its
current average reward 𝑢 𝑗 . Average social welfare𝑈 in the Iterated Prisoner’s Dilemma (IPD) for Naive Learning, LIO, MATE, and
DRIVE under (d) stationary reward 𝑢 = 𝑢 and (e) linear drift 𝑢 = 0.001𝑚𝑢. Shaded areas show the 95% confidence intervals. This
shows that DRIVE maintains cooperation under drift, while fixed-scale incentive methods degrade as reward scales change.

Naive Learning. In standard policy-gradient MARL without PI,
returns are often normalized within each epoch to stabilize learning
[26]. Under such normalization, affine transformations of rewards
cancel out: scaling and shifting proportionally affect mean and
variance, leaving the normalized signal unchanged. However, since
the PD inequalities remain unchanged, independent learners still
optimize individual returns and converge to defection. Reward
normalization preserves learning dynamics, but it does not alter
the underlying incentive structure.
Peer Incentivization. PI augments environmental rewards by
allowing agents to transfer rewards to one another [10, 20, 28]. In
reciprocal or token-based schemes such as MATE [19], a global
incentive parameter 𝑥 > 0 determines how strongly cooperation is
rewarded or defection is penalized. In a PD, cooperation becomes
individually rational only if 𝑥 exceeds a threshold proportional
to payoff gaps such as (𝑇 − 𝑅) or (𝑃 − 𝑆). Under affine reward
transformations, these gaps behave as follows:

• Scaling (𝑐𝑚 ≠ 1,𝑏𝑚 = 0). Payoff differences scale with 𝑐𝑚 , while
𝑥 remains fixed. Thus, even if 𝑥 was sufficient initially, a large 𝑐𝑚
invalidates the cooperation condition. Reward increases weaken
fixed incentives; a small 𝑐𝑚 can make them overly strong.

• Shift (𝑐𝑚 = 1, 𝑏𝑚 ≠ 0). A pure shift preserves payoff differ-
ences and thus the theoretical threshold. However, if incentives
are tuned relative to absolute reward levels or learned value
estimates, such shifts can still require retuning in practice [2].

• Drift (e.g., 𝑐𝑚 =𝑚). If reward scales change over epochs, the re-
quired threshold evolves accordingly. Any fixed 𝑥 would require
continual adaptation; introducing additional tunable parameters
merely shifts the burden of maintaining scale alignment.

These issues also affect learned PI methods, such as Learning to
Incentivize Other learning agents (LIO) [28], gifting [17], and related
incentive methods [9, 11, 14, 27]. Although incentives are learned
rather than fixed manually, their magnitudes remain implicitly
bounded. When environmental rewards scale or drift, their relative
strength to incentives changes unless incentives are proportionally
adapted. This failure is therefore structural: gradient normalization
preserves update invariance, but not the incentive–reward ratio. As
shown in Fig. 1d, LIO and MATE sustain cooperation in the Iterated
Prisoner’s Dilemma (IPD) under stationary rewards but degrade
under linear drift (Fig. 1e).

3 DYNAMIC REWARD INCENTIVES
Dynamic Reward Incentives for Variable Exchange (DRIVE) replaces
fixed incentive magnitudes with reward-difference exchange [1].
Instead of introducing externally scaled penalties or tokens, agents
exchange differences between realized rewards and expected re-
wards (Fig. 1). Concretely, an agent with non-negative temporal-
difference residual issues a request to its peer. The peer responds
with a reward difference relative to its own recent average. In this
2-agent scenario, the shaped reward is therefore computed as

𝑢DRIVE
𝑡,𝑖 = 𝑢𝑡,𝑖 −

[
TD𝑖 (𝑢𝑡,𝑖 ) ≥ 0

]
Δ𝑡,𝑖, 𝑗 +

[
TD𝑗 (𝑢𝑡, 𝑗 ) ≥ 0

]
Δ𝑡, 𝑗,𝑖 . (1)

Intuitively, if an agent benefits from another’s action, the gain
is reciprocated; if it exploits another, the resulting disadvantage
induces a counter-incentive. Because these differences are expressed
in the same reward units as 𝑢𝑡,𝑖 , they transform proportionally
under affine reward changes. Thus, environmental rewards and
incentives scale consistently, preserving their relative influence
under scaling, shifting, or drift. Fig. 1e, where DRIVE maintains
high social welfare despite reward drift, reflects this empirically.
In a Prisoner’s Dilemma with 𝑇 > 𝑅 > 𝑃 > 𝑆 , consider unilateral
defection (𝐷,𝐶) with payoffs (𝑇, 𝑆). If the defector’s TD residual
is non-negative, it issues a request; the cooperator responds with
Δ = 𝑢2 −𝑇 . In steady state 𝑢2 = 𝑆 , yielding Δ = 𝑆 −𝑇 . Substituting
into Eq. 1 reshapes (𝑇, 𝑆) ↔ (𝑆,𝑇 ), while leaving (𝐶,𝐶) and (𝐷, 𝐷)
unchanged. Unilateral defection is inverted, eliminating incentives
for greed and fear and making cooperation a best response.

4 DISCUSSION
Theoretical Perspective. In [1], we prove that reward-difference
exchange preserves cooperative equilibria under affine reward
transformations. The intuition is that incentives inherit the same
transformation structure as environmental rewards.
Empirical Perspective. Furthermore, empirical results in repeated
matrix games and sequential social dilemmas with different reward
transformations show that DRIVE maintains cooperation under
reward drifts, whereas fixed-scale PI methods degrade [1].
Conclusion.MARL with normalization is robust to reward scaling
but does not resolve social dilemmas. Static peer incentives solve
social dilemmas but are scale-sensitive. DRIVE operates at their
intersection, enabling decentralized cooperation under changing
rewards.
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