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Value Decomposition Fails in Anti-Coordination:
A Systematic MARL Comparison for Dynamic Spectrum Access

in Dense 6G Networks

Anonymous Authors1

Abstract
Dynamic spectrum access (DSA) requires sec-
ondary users to select different channels, mak-
ing it an anti-coordination problem. We
present a systematic MARL comparison for
DSA, evaluating sixteen methods across seven
paradigms. Value decomposition (VDN, QMIX,
QPLEX) achieves only 0.34–0.43 bps/Hz, dra-
matically below Random (1.10 bps/Hz). This
failure persists across all interventions tested:
IGM-complete decomposition, Boltzmann exe-
cution, hyperparameter sweeps (optimizer, GRU
size, buffer size), agent-ID symmetry break-
ing, increased replay ratios, PU sensing, ex-
tended training (2.2× budget), and idle ac-
tions. Full COMA with exact counterfactual
marginalization—including a joint-action critic
variant—performs worse than single-sample
COMA-lite, suggesting gradient noise helps es-
cape degenerate equilibria in anti-coordination.
Policy gradient methods (IPPO, MAPPO) are
the only learned methods to consistently match
stochastic baselines across all densities.

1. Introduction
6G wireless systems must support unprecedented device
densities (Letaief et al., 2019; Tataria et al., 2021). Dy-
namic spectrum access (DSA), where secondary users
(SUs) opportunistically use bands vacated by primary users
(PUs), is key to spectral efficiency (Samsung Research,
2020). Deep RL enables agents to learn channel access
directly from interaction (Luong et al., 2019; Wang et al.,
2018; Naparstek & Cohen, 2019), but realistic deployments
require multi-agent coordination without explicit commu-
nication.
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MARL offers several paradigms: independent learn-
ing (Tan, 1993), value decomposition (VDN (Sune-
hag et al., 2018), QMIX (Rashid et al., 2018),
QPLEX (Wang et al., 2021)), counterfactual credit assign-
ment (COMA (Foerster et al., 2018)), and centralized-critic
methods (MAPPO (Yu et al., 2022)). Value decomposition
excels on cooperative benchmarks (Samvelyan et al., 2019)
and wireless tasks with richer observations (Naderializadeh
et al., 2021), but DSA is structurally different: agents must
select different channels, making it an anti-coordination
task where one agent’s optimal action becomes suboptimal
if others copy it.

We present the largest systematic comparison of MARL for
DSA with the following contributions:

• Sixteen methods spanning seven paradigms (baselines,
bandits, independent learners, value decomposition with
ε-greedy and Boltzmann execution, counterfactual credit
assignment with approximate and exact marginalization,
centralized-critic PG), evaluated across five seeds with
six metrics.

• A strong negative result: value decomposition under-
performs Random at all densities tested (N = 5 to
N = 50). Boltzmann execution does not close the
gap (VDN-Boltz: 0.317, QMIX-Boltz: 0.484, QPLEX-
Boltz: 0.288, all ≪ Random: 1.103), demonstrating the
problem is value representation, not execution policy.

• Full COMA with exact counterfactual marginalization
(0.151± 0.176) is worse than single-sample COMA-lite
(0.493±0.540), showing that reduced gradient noise can
trap agents in degenerate equilibria.

• An analytical result (Remark 1) explaining the constant
PU collision rate across all methods, plus twelve abla-
tions.

2. Related Work
RL for spectrum access. Wang et al. (Wang et al., 2018)
and Naparstek and Cohen (Naparstek & Cohen, 2019)
demonstrated DQN-based multichannel access. Xu et al.
(Xu et al., 2018; 2020) studied DRL under partial observ-
ability. These works evaluated only independent learners
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Local obs: ACK/NACK, SNR, history PU-free PU-occupied

Figure 1. DSA environment schematic (N = 5, K = 8). SUs
select channels with local observations only. A transmission suc-
ceeds only when the SU is alone on a PU-free channel (✓). Co-
selecting agents cause SU collisions; selecting PU-occupied chan-
nels causes PU collisions.

without CTDE comparisons.

Multi-agent RL. Value decomposition factorizes joint
Q-functions: VDN (Sunehag et al., 2018) (additive),
QMIX (Rashid et al., 2018) (monotonic), QPLEX (Wang
et al., 2021) (IGM-complete). COMA (Foerster et al.,
2018) uses counterfactual baselines; MAPPO (Yu et al.,
2022) uses centralized critics. Papoudakis et al. (Pa-
poudakis et al., 2021) showed task structure strongly mod-
ulates relative performance.

Anti-coordination and bandits. Musical Chairs (Rosen-
ski et al., 2016) and SIC-MMAB (Boursier & Perchet,
2019) address distributed arm differentiation. The mono-
tonicity constraint in QMIX (∂Qtot/∂Qn ≥ 0) conflicts
with anti-coordination, where one agent’s good action re-
duces others’ values. Boltzmann exploration has been stud-
ied in multi-agent settings (Claus & Boutilier, 1998; Wei &
Luke, 2016); we test it directly for value decomposition in
DSA.

3. Problem Formulation and Methods
3.1. Multi-Agent DSA Environment

We model DSA as a Dec-POMDP with N SUs and K
channels. Each channel’s PU follows a two-state Markov
chain (pon = 0.3, poff = 0.5, steady-state occupancy
πon = 0.375). Channel quality follows Rayleigh fading
(γk ∼ Exp(γ̄), γ̄ = 10, noise σ2 = 0.1). Each SU must
select exactly one channel per timestep (no idle action). A
transmission succeeds iff the SU is alone on a PU-inactive
channel, yielding rate rtn = log2(1 + γt

at
n
/σ2); otherwise

rtn = 0. Each agent observes only local ACK/NACK, SNR,
and action history (W =5). We report six metrics: through-
put (TP), collision rate, SU/PU collision rates, spectrum
utilization, and Jain’s fairness (Jain et al., 1984). Full envi-
ronment details are in Appendix A.

Remark 1 (PU collision rate under rational agents). Under
uniform channel selection, E[PU Col] = πon = pon/(pon +

poff) = 0.375. With perfect PU sensing, agents could tar-
get only Kfree ∼ Binomial(K, 1 − πon) PU-free channels
(E[Kfree] = 5), achieving PU Col = 0. However, the prob-
ability of successful lone transmission drops: P (alone) =
(4/5)9 ≈ 0.134 vs. P (alone and free) = 0.625×(7/8)9 ≈
0.188 under uniform spreading. Since E[log2(1+SNR)] ≈
5.88, PU avoidance yields 0.788 bps/Hz vs. uniform’s
1.106 bps/Hz—a 28.8% throughput reduction. Rational
agents therefore do not avoid PU channels when λ = 0.

3.2. Methods

We evaluate sixteen methods (details in Appendix A):
(1) Non-learning: Random, Greedy (EMA + ε-greedy), S-
ALOHA, p-CSMA. (2) Bandits: Musical Chairs (Rosen-
ski et al., 2016), SIC-MMAB (Boursier & Perchet,
2019). (3) Independent: IDQN (Mnih et al., 2015),
IDRQN (Hausknecht & Stone, 2015), IPPO (Schulman
et al., 2017). (4) VD ε-greedy: VDN (Sunehag et al.,
2018), QMIX (Rashid et al., 2018), QPLEX (Wang et al.,
2021). (5) VD Boltzmann: VDN-Boltz, QMIX-Boltz,
QPLEX-Boltz, using π(a) = softmax(Q/τ) with τ :
1.0 → 0.1. (6) Counterfactual: COMA-lite (single-
sample), COMA-Full (exact marginalization over K = 8
actions: bi =

∑
a πi(a)Q(s, (a−i, a))i). (7) Centralized-

critic PG: MAPPO (Yu et al., 2022). All CTDE methods
share the same global state (s ∈ R2K+NK) during train-
ing. Default: 200 episodes × 120 steps, 5 seeds, GRU (48
hidden).

4. Experiments
4.1. Main Comparison (N=10, K=8)

Table 1 shows three clear performance tiers. Tier 1:
Greedy (1.938 ± 0.014), exploiting channel quality. Tier
2: Stochastic baselines, bandits, and policy gradient
(∼1.10 bps/Hz). Tier 3: All value-based methods (≤
0.60). The IPPO–QPLEX gap is significant (t = 28.4,
p < 0.001, Welch’s test). COMA-lite is bimodal: 2/5 seeds
match IPPO (∼1.09), 3/5 collapse (∼0.09).

4.2. Scalability (N ∈ {5, 10, 20, 50})

Figure 2 shows per-agent throughput across four densities.
At N=50, Greedy collapses (0.183) while Musical Chairs
leads (0.360). Value decomposition remains below Ran-
dom at all densities: at N = 50, VDN: 0.157, QMIX:
0.164, QPLEX: 0.168 vs. Random: 0.299. Full results in
Appendix B.

4.3. Ablations

Table 2 summarizes ablations (details in Appendix C).
No intervention resolves value decomposition failure. Ex-
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Table 1. Main comparison (N=10, K=8). Mean ± 95% CI over 5 seeds. Best learned method underlined. Metrics: throughput (TP),
total collision rate (Col), secondary-user collision rate (SU Col), primary-user collision rate (PU Col), spectrum utilization (Util), and
Jain’s fairness index (Jain).

Method TP ↑ Col ↓ SU Col ↓ PU Col Util ↑ Jain ↑
Random 1.103± 0.006 0.813 0.436 0.377 0.374 0.177
Greedy 1.938± 0.014 0.671 0.294 0.377 0.659 0.308
S-ALOHA 1.114± 0.014 0.810 0.431 0.379 0.380 0.180
p-CSMA 1.119± 0.013 0.810 0.436 0.374 0.380 0.180

MusChairs 1.772± 0.301 0.809 0.433 0.376 0.384 0.181
SIC-MMAB 1.216± 0.026 0.810 0.434 0.376 0.380 0.180

IDQN 0.604± 0.012 0.899 0.521 0.378 0.204 0.098
IDRQN 0.269± 0.065 0.947 0.572 0.374 0.107 0.052
IPPO 1.101± 0.018 0.814 0.439 0.375 0.372 0.177

VDN 0.342± 0.035 0.937 0.564 0.373 0.125 0.061
QMIX 0.359± 0.058 0.936 0.569 0.367 0.129 0.063
QPLEX 0.434± 0.041 0.926 0.553 0.374 0.147 0.072

COMA-lite 0.493± 0.540 0.862 0.487 0.375 0.290 0.136

MAPPO 1.104± 0.020 0.813 0.436 0.377 0.376 0.178
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Figure 2. Per-agent throughput across densities (N ∈
{5, 10, 20, 50}, K = 8). Value decomposition remains below
Random at all N . Greedy collapses at high density due to con-
tention.

Table 2. Summary of ablations (N=10, K=8). No intervention
resolves value decomposition failure.

Ablation Key result Sec.

Agent ID VDN: 0.332 → 0.317 App. C
Replay ratio VDN rr4: 0.606, still ≪ IPPO App. C
Extended (2.2×) VDN: 0.342 → 0.220 (worse) App. C
PU sensing No method improves App. C
Idle action VDN+idle: 0.300 ≪ IPPO: 1.109 App. C
Entropy (β) IPPO: 1.086–1.090 (stable) App. C
Critic (MAPPO) 1.113 vs. IPPO: 1.116 (no diff) App. C
Penalty (λ) TP drops, PU Col unchanged App. C
Non-stationarity IPPO adapts; IDRQN: −53.9% App. C

tended training worsens VD (VDN: 0.342 → 0.220 at
2.2× budget). A hyperparameter sweep across optimizers
(Adam, RMSProp), GRU sizes (48, 64, 128), and buffer
sizes (10K, 20K) for VDN/QMIX finds that the best con-
figuration (VDN-RMSProp: 0.293) still falls 3.8× below
Random (Table 3), ruling out tuning artifacts (Hu et al.,
2021). PU sensing, idle actions, agent IDs, entropy coeffi-
cients, and centralized critics all fail to close the gap.

Table 3. VD hyperparameter sweep (N=10, K=8). No config-
uration approaches Random (1.103) or IPPO (1.101).

Method Optimizer GRU Buffer TP

VDN Adam 48 20K 0.239
VDN RMSProp 48 20K 0.293
VDN Adam 64 20K 0.259
VDN Adam 128 20K 0.278
VDN Adam 48 10K 0.239

QMIX Adam 48 20K 0.234
QMIX RMSProp 48 20K 0.237
QMIX Adam 64 20K 0.243
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Figure 3. Learning curves (N = 10, K = 8) over 200
episodes. Value decomposition methods converge well below
Random (dashed). Policy gradient (IPPO, MAPPO) converge to
the stochastic baseline level. Shaded regions: ±1 std over 5 seeds.

4.4. Boltzmann Execution for Value Decomposition

A natural hypothesis is that ε-greedy execution forces near-
deterministic action selection, causing all agents to con-
verge to the same channel. Boltzmann execution replaces
argmax with π(a) = softmax(Q/τ), directly injecting
channel diversity.

Table 4 shows this does not resolve the failure. VDN-
Boltz (0.317 ± 0.027) is comparable to standard VDN
(0.342). QMIX-Boltz (0.484 ± 0.042) shows modest im-

3



165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219

Value Decomposition Fails in Anti-Coordination for DSA in 6G

Table 4. Boltzmann vs. ε-greedy execution (N = 10, K = 8).
Boltzmann does not resolve VD failure; the Q-value representa-
tion is the bottleneck.

Method TP (bps/Hz) SU Col PU Col

VDN 0.342± 0.035 0.564 0.373
VDN-Boltz 0.317± 0.027 0.571 0.375

QMIX 0.359± 0.058 0.569 0.367
QMIX-Boltz 0.484± 0.042 0.541 0.376

QPLEX 0.434± 0.041 0.553 0.374
QPLEX-Boltz 0.288± 0.091 0.573 0.378

Random 1.103± 0.006 0.436 0.377
IPPO 1.101± 0.018 0.439 0.375

VDN QMIX QPLEX

0

0.5

1

Random = 1.103

0
.3
4

0
.3
6

0
.4
3

0
.3
2 0
.4
8

0
.2
9

T
P

(b
ps

/H
z)

ε-greedy

Boltzmann

Figure 4. ε-greedy vs. Boltzmann execution for VD methods.
Boltzmann (softmax) sampling does not close the gap to Random
(dashed), confirming the learned Q-values are degenerate under
additive/monotonic constraints.

provement over QMIX (0.359) but remains far below Ran-
dom. QPLEX-Boltz (0.288± 0.091) is actually worse than
standard QPLEX (0.434). SU collision rates are nearly
identical across execution strategies (> 0.54), confirming
the Q-value landscape itself is pathological: even stochas-
tic sampling from incorrect Q-values does not produce ef-
fective anti-coordination.

4.5. Full COMA with Exact Counterfactual
Marginalization

COMA-lite’s bimodality raised whether single-sample ap-
proximation was the instability source. COMA-FULL
computes the exact baseline by enumerating all K =8 ac-
tions per agent. We test two critic designs: (1) the acting
agent’s one-hot action as input (COMA-FULL), and (2) the
full N × K joint action as input (COMA-Full-Joint), di-
rectly addressing whether critic expressivity limits perfor-
mance.

Table 5 shows both variants are worse than COMA-LITE.
COMA-FULL (0.151 ± 0.176) partially converges on 3/5
seeds. COMA-Full-Joint (0.066 ± 0.057) is even worse:
no seed exceeds 0.122, and the richer critic input does
not help. This rules out critic under-parameterization as
the explanation. The seeds succeeding for COMA-LITE

Table 5. COMA variants per-seed TP (bps/Hz). Exact marginal-
ization and richer critics both degrade performance relative to
single-sample COMA-lite.

Seed COMA-Full Full-Joint COMA-lite

42 0.304 0.097 1.081
123 0.001 0.073 1.106
456 0.205 0.122 0.092
789 0.244 0.038 0.101
1024 0.001 0.000 0.083

Mean 0.151± 0.176 0.066± 0.057 0.493± 0.540
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Seed 1024
Mean
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Figure 5. Per-seed comparison of COMA variants. COMA-
lite (green) succeeds on 2/5 seeds (42, 123) where both exact-
marginalization variants fail, suggesting single-sample gradient
noise helps escape degenerate equilibria in anti-coordination.

(a) VDN/QMIX: Monotonicity Trap

i Qi(c3)=0.9

j Qj(c3)=0.8

Qtot =Qi+Qj
∂Qtot
∂Qn

≥0
(c3, c3)
Collision!

(b) True Optimum: Differentiation

i Q∗
i (c3|j→c1)=0.9

j Q∗
j (c1|i→c3)=0.3

(c3, c1)
Success!

Requires other-agent
policy conditioning

Figure 6. Anti-coordination failure mechanism. (a) VDN/QMIX
monotonicity (∂Qtot/∂Qn ≥ 0) forces agents to independently
prefer the same channel, causing collisions. (b) The optimum
requires Q∗ conditioned on others’ policies—inexpressible un-
der additive/monotonic constraints. This generalizes to N = 10
agents (SU collision > 0.55; Table 1).

(42, 123) do not succeed for either Full variant, suggesting
single-sample noise can help escape degenerate equilibria.

5. Discussion
Anti-coordination explains VD failure. Figure 6 illus-
trates the core structural problem. VDN’s additive and
QMIX’s monotonic decompositions assume individually
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optimal actions compose into a jointly optimal action. In
anti-coordination this is violated: individual Q-functions
drive all agents toward the same channel (SU collision >
0.55). QPLEX removes monotonicity but still fails (0.434
vs. Random 1.103); see the toy analysis in Appendix D.

Value representation is the primary bottleneck. The
Boltzmann experiment (Fig. 4) is a crisp diagnostic: if de-
terministic execution caused the failure, softmax sampling
should help. Instead, all Boltzmann variants remain far
below Random, because the Q-values themselves are de-
generate under VDN/QMIX’s structural constraints. The
hyperparameter sweep (Table 3) confirms this is not a tun-
ing artifact: the best VDN configuration (RMSProp, 0.293)
is still 3.8× below Random. We note that coordination-
graph methods (DCG/DDFG (Böhmer et al., 2020)) and
IGM-fixing approaches (QFIX (Liu et al., 2025)) represent
promising alternative decompositions that could potentially
overcome the structural limitations we identify; evaluating
these is a priority for future work.

Exact counterfactual marginalization does not help.
COMA-FULL’s failure is surprising (Fig. 5). The COMA-
Full-Joint variant (0.066), which conditions the critic on the
full N×K joint action, performs worse than the agent-only
variant (0.151), ruling out critic under-parameterization.
We hypothesize that exact marginalization reduces gradi-
ent signal magnitude (advantage → 0 under near-uniform
policies), while single-sample noise provides stronger sig-
nals that occasionally escape degenerate basins, analogous
to how SGD noise helps escape sharp minima.

Policy gradient methods succeed through stochasticity.
IPPO/MAPPO match Random (∼1.10 bps/Hz) by naturally
maintaining stochastic policies. The entropy ablation con-
firms this is inherent to policy gradients, not entropy reg-
ularization (1.086–1.090 across βent ∈ {0.0, 0.01, 0.03}).
The centralized critic provides no benefit (MAPPO: 1.113
vs. IPPO: 1.116), and Musical Chairs’ success at N = 50
(0.360 bps/Hz, highest) confirms explicit anti-coordination
is key.

Broader implications for MARL algorithm selection.
Our results suggest that the dominant performance of value
decomposition on cooperative benchmarks (e.g., Star-
Craft (Samvelyan et al., 2019)) does not transfer to anti-
coordination domains. This has implications beyond DSA:
any multi-agent problem where agents must differentiate—
including distributed task allocation, multi-robot coverage,
and load balancing—may exhibit similar VD failure. The
success of stochastic policy gradient methods is notable
because they achieve anti-coordination without explicit co-
ordination mechanisms, purely through maintaining action
entropy.

Limitations. Network sizes (N ≤ 50) are small rel-
ative to 6G; mean-field MARL (Yang et al., 2018)
should be tested. We omit coordination-graph methods
(DCG (Böhmer et al., 2020), DDFG), IGM-fixing layers
(QFIX (Liu et al., 2025)), auto-regressive PG baselines,
communication-based MARL (CommNet, TarMAC), and
QTRAN (Son et al., 2019)—these are important directions
that could test whether higher-order factorization or se-
quential action selection resolves the anti-coordination fail-
ure. PU collisions are treated as a soft cost (λ); constrained-
RL formulations with hard PU protection guarantees would
broaden applicability. All evaluation is simulation-based;
channel models use Rayleigh fading without shadowing or
spatial correlation. Our negative results are specific to the
strict anti-coordination regime of our DSA environments;
value decomposition succeeds in related tasks with richer
observations (Naderializadeh et al., 2021).

6. Conclusion
We evaluated sixteen MARL methods for DSA across four-
teen experiments. Table 6 summarizes the key findings for
each paradigm. Under the additive/monotonic decompo-
sition constraints of VDN and QMIX, value decomposi-
tion dramatically underperforms: 2.5–3× below Random
at N =10, and below Random at N =50. This failure per-
sists across Boltzmann execution, hyperparameter sweeps
(optimizer, GRU size, buffer), extended training, agent ID
symmetry breaking, PU sensing, and idle actions—a to-
tal of twelve ablations, none of which resolves the gap.
Full COMA with exact counterfactual marginalization—
including a joint-action critic variant (0.066)—is worse
than single-sample COMA-lite (0.493), providing evidence
that gradient noise can help escape degenerate equilib-
ria in anti-coordination domains. Policy gradient methods
(IPPO, MAPPO) are the only learned methods to consis-
tently match stochastic baselines across all network densi-
ties tested.

Practical implications. Our results have direct impli-
cations for MARL algorithm selection in wireless net-
works. For DSA and similar anti-coordination problems,
practitioners should default to policy gradient methods
(IPPO/MAPPO) rather than value decomposition, despite
the latter’s success in cooperative benchmarks like Star-
Craft (Samvelyan et al., 2019). The failure is not a tun-
ing issue—it is structural, arising from the monotonicity
constraints inherent to VDN and QMIX. When explicit
anti-coordination protocols are feasible, bandit methods
like Musical Chairs (Rosenski et al., 2016) provide the
strongest performance at high density.

Future directions. Several promising directions
could address the limitations identified in this study.
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Coordination-graph decompositions (DCG (Böhmer et al.,
2020), DDFG) and IGM-fixing layers (QFIX (Liu et al.,
2025)) represent alternative factorization approaches
that may overcome the structural constraints of additive
and monotonic decomposition. Auto-regressive policy
gradient methods, where agents select actions sequen-
tially conditioned on predecessors, could provide the
inter-agent conditioning that value decomposition lacks.
Communication-augmented MARL (CommNet, TarMAC)
may enable learned coordination without centralized
critics. QTRAN (Son et al., 2019), which relaxes the
IGM constraint entirely, is another important baseline
we did not evaluate; its unrestricted joint Q-function
may handle anti-coordination better than the constrained
decompositions studied here, though at the cost of training
stability. Attention-based credit assignment methods could
also provide more flexible inter-agent value factorization.
For scaling to realistic 6G densities (N > 100), mean-field
MARL (Yang et al., 2018) offers a tractable approximation
by modeling the aggregate effect of the population rather
than individual agent interactions. On the methodological
side, our COMA results raise the broader question of
when variance reduction in policy gradient estimators is
beneficial versus harmful—a question with implications
for multi-agent anti-coordination settings more generally.
The observation that single-sample estimation outperforms
exact marginalization in our setting deserves further
theoretical investigation. Finally, hardware testbed vali-
dation, integration with 3GPP-compliant protocol stacks,
and evaluation under realistic propagation models with
shadowing and multi-path fading are essential steps toward
real-world deployment of learned DSA policies. We hope
this systematic negative result for value decomposition
in anti-coordination settings will guide future MARL
research toward structure-aware algorithm selection and
away from the assumption that methods dominant on coop-
erative benchmarks transfer universally. More broadly, our
study demonstrates the value of comprehensive negative
results: by exhaustively testing interventions (twelve
ablations, two execution strategies, three decomposition
architectures), we provide strong evidence that the failure
is structural rather than incidental, saving the community
from pursuing unproductive optimization directions for
VDN/QMIX in anti-coordination domains.
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A. Hyperparameter Settings

Table 7. Environment and shared hyperparameters.

Parameter Value

Episodes / Timesteps 200 / 120 (24K steps)
Observation window W 5
Mean SNR γ̄ / Noise σ2 10 / 0.1
PU pon / poff 0.3 / 0.5
Discount γ / GRU hidden 0.99 / 48
Seeds 42, 123, 456, 789, 1024

Table 8. Value-based method hyperparameters.

Parameter Value

Learning rate 1× 10−3

Buffer / Batch (recurrent) 20K / 32
Target update 80 steps
ε: start / end / decay 1.0 / 0.05 / 0.997
Boltzmann τ : start / min / decay 1.0 / 0.1 / 0.995

Table 9. Policy gradient hyperparameters (IPPO, MAPPO,
COMA).

Parameter Value

LR (actor / critic) 3× 10−4 / 1× 10−3

Clip ϵ / GAE λ 0.2 / 0.95
Entropy (IPPO / MAPPO) 0.02 / 0.03
PPO epochs / COMA-Full CF 3 / exact (K=8)

B. Full Metric Tables

C. Ablation Details

D. Toy Game Analysis
In a 2-agent, 2-channel game: Q∗([1, 2]) = Q∗([2, 1]) = 1,
Q∗([1, 1]) = Q∗([2, 2]) = 0. Under VDN, if Q1(1) >
Q1(2), greedy action is [1, 1] — the worst joint action.
QMIX’s monotonicity prevents penalizing [1, 1] while re-
warding [1, 2]. QPLEX can represent this in principle but
faces a chicken-and-egg problem: accurate Q-values need
knowledge of the other agent’s policy. This generalizes to
N=10, K=8, explaining SU collision rates > 0.55.

E. Boltzmann Per-Seed Results

F. Full COMA Details
COMA-FULL uses: GRU actor (48 hidden), centralized
critic, exact counterfactual enumeration (K=8 actions), 3
epochs per rollout, LR 3 × 10−4, gradient clip 0.5. Two
critic variants are evaluated:

• COMA-Full: critic input = global state + acting agent’s
one-hot action (|s| + K dims). Output: per-agent Q-
values (N dims).

• COMA-Full-Joint: critic input = global state + full joint
action one-hot (|s| + NK dims = 2K + NK + NK).
Hidden layers: 128 → 64. This directly addresses the
concern that critic under-parameterization limits perfor-
mance.

COMA-Full-Joint’s worse performance (0.066 vs. 0.151)
suggests the richer critic is harder to train due to the high-
dimensional input (|s|+NK = 96 dims), without provid-
ing better credit assignment.

G. Compute Budget
IPPO is ∼3× faster than VD: ∼360s vs. ∼1200s per seed
(300 episodes), while achieving ∼3× higher throughput.
COMA-Full adds K-fold critic overhead per agent per
training step.

H. Code and Reproducibility
Code will be released upon acceptance.
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Table 10. Scalability: per-agent throughput (bps/Hz) across density configurations.

Method N=5 N=10 N=20 N=50

Random / Greedy 1.149 / 1.978 1.103 / 1.938 0.706 / 0.892 0.299 / 0.183
S-ALOHA / p-CSMA 1.203 / 1.188 1.114 / 1.119 0.709 / 0.709 0.301 / 0.301

IDQN / IDRQN / IPPO 0.777 / 0.336 / 1.143 0.604 / 0.269 / 1.101 0.268 / 0.165 / 0.706 0.167 / — / 0.301

VDN / QMIX / QPLEX 0.461 / 0.543 / 0.496 0.342 / 0.359 / 0.434 0.186 / 0.196 / 0.194 0.157 / 0.164 / 0.168

MAPPO / MusChairs 1.160 / — 1.104 / 1.772 0.707 / — 0.301 / 0.360

Table 11. Non-stationarity (PU shift at ep. 100).

Method Phase 1 Phase 2 Drop

IDRQN 0.243 0.112 53.9%
IPPO / MAPPO 0.587 / 0.591 0.596 / 0.590 −1.5% / 0.3%
VDN / QPLEX 0.148 / 0.148 0.168 / 0.159 −13.4% / −7.5%

Table 12. Extended training. VD gets worse with more training.

Method 200 ep 300 ep 350 ep

VDN / QPLEX 0.342 / 0.434 0.238 / 0.261 0.220 / —
IPPO / MAPPO 1.101 / 1.104 1.105 / — 1.130 / 1.120

Table 13. Replay ratio (VDN / QMIX, TP bps/Hz).

rr=1 rr=2 rr=4

VDN / QMIX 0.222 / 0.220 0.299 / 0.288 0.606 / 0.328

Table 14. Agent ID ablation (TP bps/Hz).

No ID With ID

VDN / QMIX / QPLEX 0.332 / 0.277 / 0.336 0.317 / 0.296 / 0.340

Table 15. PU sensing variant (TP bps/Hz).

Base +PU Sense

IPPO / MAPPO 1.101 / 1.104 1.102 / 1.105
VDN / QPLEX 0.342 / 0.434 0.292 / 0.405

Table 16. Idle action variant and penalty ablation.

Idle Action Penalty λ (MAPPO)
TP PU Col 0.0 0.5 1.0 2.0

IPPO+idle 1.109 0.369
1.103 0.920 0.732 0.352VDN+idle 0.300 0.328

Table 17. Boltzmann VD per-seed TP (bps/Hz).

Seed VDN-B QMIX-B QPLEX-B

42 / 123 0.305 / 0.325 0.532 / 0.476 0.344 / 0.294
456 / 789 0.349 / 0.290 0.443 / 0.468 0.162 / 0.320
1024 0.315 0.502 0.322

Mean 0.317± 0.027 0.484± 0.042 0.288± 0.091
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