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Extended Abstract

Multi-agent pipelines of small language models (SLMs) are an attractive way to do long-document
question answering cheaply, but they trail frontier models by a wide margin. This project asks
whether reinforcement learning can close that gap, and if so, where in the pipeline it pays off. One
would assume the place to spend RL is the synthesizer that actually writes the final answer, but the
experiments point somewhere else. I start from MoSA (Karabiyik et al.,|2026), a five-agent pipeline
of Llama-3.2-3B QLoRA adapters (orchestrator, extractor, calculator, reasoner, synthesizer), and
study RL fine-tuning of its specialists with RLOO+, a from-scratch RLOO/GRPO-style trainer I
wrote on top of HuggingFace generation. RLOO+ uses a leave-one-out advantage (Ahmadian et al.}
2024), per-task reward standardization (Shao et al.,|2024), dynamic sampling (Yu et al.| 2025), an
asymmetric “clip-higher” surrogate (Yu et al.| 2025)), a constant-length-normalized objective (Liu
et al.,[2025)), and a k3 KL anchor (Schulman), 2020)) to the SFT init.

The headline result is that specialist RL helps when the trained specialist is the binding constraint of
the pipeline, and helps very little otherwise. Thus training the extractor against a dense teacher-match
reward improves held-out FinanceBench accuracy from 46 to 56 (4+10) and QASPER token-F1 from
34.0 to 39.8 (+6), where a continuous (“smooth”) reward is what unlocks the QASPER gain. On
LongHealth the same recipe regresses (66 to 57). One would think a better extractor can only help
the pipeline, so this looked at first like RL simply hurting, but it was in fact a producer/consumer
coupling artifact. The synthesizer had been trained on the old extractor’s output distribution, therefore
re-SFT-ing it on the RL extractor’s outputs (“‘co-adaptation’) recovers the score to 67, and in the
deployable frontier-orchestrator-and-synthesizer configuration the RL extractor reaches 74, within
one point of a full frontier-extractor pipeline (75). I also find that joint end-to-end RL across all
agents never beats plain SFT (38—42 vs 46), with per-agent credit beating shared credit but neither
winning.

The contribution is a method (bottleneck-specialist RL with a smooth teacher-match reward, plus
consumer co-adaptation) and a set of insights into its success and failure modes, namely objective
alignment between the trained agent and the task metric, producer/consumer coupling in frozen
pipelines, reward saturation, and the capacity ceiling of a 3B specialist. None of these required
state-of-the-art performance to surface, and I think the failure modes are basically the most useful
part of the study.
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1 Introduction

Long-document question answering over financial filings, clinical records, and scientific papers is
dominated by large frontier models. A cheaper alternative is a pipeline of small, specialized models.
An orchestrator decomposes the question and routes document chunks to specialists (an extractor,
a calculator, a reasoner), and a synthesizer composes the final answer. This MoSA-style design
(Karabiyik et al.,[2026) is attractive operationally, but it leaves a large accuracy gap to frontier models.

Supervised fine-tuning (SFT) on teacher traces gets the SLM pipeline part of the way, but SFT only
imitates. The natural next step, and the subject of this project, is reinforcement learning. The question
I care about is not only whether RL can push the specialists past their imitation ceiling, but where
in the pipeline it actually pays off, since a multi-agent system gives many possible places to spend
the RL budget. One would assume the synthesizer is the obvious target, because it is the agent that
produces the answer, and yet the experiments below say the leverage is at the extractor that feeds it.

This is a CS224R project and the RL study is the novel contribution. The MoSA pipeline itself is
carried over from a prior CS224N project (Karabiyik et al., [2026), with two changes I made for this
work. First, chunk-based document dispatch, so specialists see roughly 3K-token chunks rather than
whole 10-30K-token documents. Second, re-training the per-agent LoRA adapters (Hu et al., [2022)
on the chunked traces, which fixes a train/inference distribution mismatch in the inherited adapters,
since they had been trained on full documents but were being run on chunks. My contributions are:

* RLOO+, a from-scratch RLOO/GRPO-style trainer for the pipeline that composes several
techniques from the recent LLM-RL literature, with two justified deviations (clip-higher
and constant-length normalization).

* A single-agent, bottleneck-first RL recipe with a smooth teacher-match reward, and a
producer/consumer co-adaptation step that re-SFT's a downstream agent on the RL agent’s
outputs.

* A cross-benchmark analysis on FinanceBench, QASPER, and LongHealth that maps when
specialist RL helps, including several negative results and the mechanisms behind them.

2 Related Work

Policy-gradient RL and RLHF. The trainer builds on REINFORCE with a baseline for variance
reduction (Williams| [1992; Sutton et al.,|1999) and on the PPO clipped surrogate (Schulman et al.,
2017). RLOO (Ahmadian et al.}|2024) removes the value network and uses a leave-one-out group
baseline, and GRPO (Shao et al.}[2024)) normalizes rewards within a group and folds the KL penalty
into the loss. DAPO (Yu et al., |2025)) contributes clip-higher and dynamic sampling, and Dr. GRPO
(Liu et al.} 2025)) identifies and fixes a response-length bias in GRPO’s per-sequence normalization.
The KL anchor to a frozen reference follows RLHF practice (Christiano et al., [2017), and I use
Schulman’s k3 estimator (Schulman, [2020). DeepSeek-R1 (DeepSeek-Al [2025)) is the reference
point for verifiable-reward RL at scale.

Multi-agent LLM systems. Mixture-of-Agents (Wang et al., [2024)), Minions (Narayan et al., [2025),
and Chain-of-Agents (Zhang et al.,|2024) compose multiple LLM calls to improve quality or reduce
cost, and MoSA is in this family. Prior work largely studies prompting and routing, thus RL fine-
tuning of the individual specialists inside such a pipeline is comparatively underexplored, which is
the gap this project targets.

Verifiable-reward RL. Recent reasoning-RL systems (Shao et al.,|2024;|Yu et al., |2025) use rule-
based, verifiable rewards. My final-answer rewards (an LLM judge for FinanceBench, exact match
for LongHealth, token-F1 for QASPER) are in this style. The per-agent teacher-match reward is my
own design, and as far as I know rewarding a specialist by agreement with a teacher’s sub-answer is
not standard in this line of work.

3 Background and Setup

Pipeline. MoSA routes a question through a frozen orchestrator (DeepSeek-V3 over an API, or a
local adapter) that emits sub-questions and chunk assignments, three specialists (extractor, calculator,



CS224R Final Report

reasoner) that run on the assigned chunks, and a synthesizer that produces the final answer. Each
agent is a Llama-3.2-3B model with a per-role QLoRA adapter (Dettmers et al., 2023)) (NF4 4-bit,
rank 16). All adapters are first distilled by SFT from DeepSeek-V3 teacher traces, and that SFT
adapter is both the RL initialization and the frozen KL reference.

Benchmarks. FinanceBench (Islam et al.|,[2023)) has numeric and textual answers over 10-K filings,
scored by an LLM judge. LongHealth (Adams et al.,[2024) is clinical multiple choice, scored by
exact match over the A-E letter. QASPER (Dasigi et al., |2021) is scientific QA, scored by token-F1.
I use the locked held-out splits from the prior project (FinanceBench 50, LongHealth 100, QASPER
100) and report single-sample evaluation unless noted.

4 Method

4.1 RLOO+

For each training query I sample a group of G completions from the policy and score each with a
scalar reward. The advantage is the leave-one-out baseline

1
Ai:Ti—iG_lsz,
J#i
so no value network is needed, which is basically the RLOO simplification of PPO (Ahmadian et al.,
2024). Rewards are z-scored per task before forming advantages (Shao et al., [2024), and groups
whose rewards have near-zero variance are dropped, since they carry no gradient. This dropping is
the dynamic-sampling idea from DAPO (Yu et al.,|2025)), and it also avoids a 0/0 normalization on
degenerate groups.

The policy loss is the PPO clipped surrogate (Schulman et al.,|2017) on the response tokens,
L=-— E[min (pA7 clip(p, 1 — €iows 1 + €nign) A)} ,

where p = ey /Told 1S the importance ratio. I make two deviations from textbook PPO and GRPO,
and I think both are justified rather than cosmetic. First, clip-higher. I decouple the bounds to
€low = 0.2 below epign = 0.28 (Yu et al., [2025)), so low-probability tokens can still gain mass. This
implies the policy keeps some exploration, and of course that is what stopped the entropy collapse I
saw with a symmetric clip. Second, constant-length normalization. I sum the per-token objective and
divide by a constant Ly, rather than by the per-sequence length (Liu et al.l 2025)), which removes
the length bias that otherwise inflates long and often-wrong responses.

A k3 KL term to the frozen SFT reference (Schulman, 2020) is added to the loss with weight 8 = 0.01,
and I keep the KL in the loss in GRPO style (Shao et al.,|2024) rather than in the reward. The k3 form
exp(s) — 1 — s with s = log(mer/) is unbiased, low-variance, and always nonnegative, therefore
the penalty behaves well. Hyperparameters are G = 8, learning rate le-6 (with one 5e-6 ablation), a
cosine schedule with warmup, and a paged 8-bit AdamW optimizer. The loss, advantage, and KL are
written from scratch, with unit tests checking that the advantages sum to zero within a group, that the
KL is zero when policy equals reference, and that the loss reduces to —E[A] when the ratio is one.

4.2 Reward design

The final-answer rewards are verifiable and benchmark-specific. The per-agent teacher-match reward
scores a specialist against the teacher’s sub-answer, using relative error for numeric answers, token-F1
for short spans, and a local embedding similarity for free-form reasoning. I also use a smooth variant
(continuous relative error and raw token-F1 instead of a thresholded 0/1), and this turned out to matter.
A smooth reward gives gradient where a thresholded reward saturates, which is exactly the QASPER
situation below.

4.3 Bottleneck-specialist RL and co-adaptation

Rather than train all agents jointly, I train the single specialist that is the binding constraint, which
for these tasks is the extractor, and I keep the rest of the pipeline fixed. There is a catch. When a
downstream agent has been SFT-trained on the old specialist’s output distribution, RL-shifting the
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specialist creates a distribution mismatch, so the frozen consumer can break even though the producer
got better. I address this with co-adaptation. After RL-training the extractor, I re-SFT the synthesizer
on traces produced by the RL extractor, thus adapting the consumer to the new producer. I also
study joint end-to-end RL, training all specialists and the synthesizer against the shared final-answer
reward, with two credit-assignment schemes, namely the shared final-answer advantage and per-agent
advantages.

5 Experiments

5.1 Specialist RL helps where the specialist is the bottleneck

Table ] reports held-out results, and Figure [T| shows the cross-benchmark picture. Training the
extractor with a teacher-match reward improves FinanceBench from 46 to 56 (+10) and QASPER
from 34.0 to 39.8 (+6). On QASPER the gain only appears with the smooth reward. A prior run with
the thresholded reward left the score around 33, since the discrete reward gave each group almost no
usable variance, therefore switching to the continuous reward is what moved the score to 39.8.

Table 1: Held-out accuracy (FinanceBench, LongHealth) and token-F1 (QASPER). LongHealth
shows the raw RL extractor with the original synthesizer, then after co-adaptation.

Held-out SFT Extractor RL A
FinanceBench (acc) 46 56 +10
QASPER (F1) 34.0 39.8 +6
LongHealth (acc) 66 57 raw — 67 co-adapt recovered

5.2 LongHealth: a coupling regression, then recovery

On LongHealth the RL extractor with the original synthesizer regresses to 57. One would think a
sharper extractor could only help downstream, so this looked at first like RL simply hurting, but it was
in fact a producer/consumer coupling effect. The synthesizer was SFT-trained on the old extractor’s
output distribution, therefore when the extractor shifts the synthesizer is reading an input distribution
it never saw. Co-adapting the synthesizer recovers the score monotonically, from 57 to 63 with a first
co-adaptation pass, then to 67 with a cleaner and larger one (Figure[2)), which is parity with SFT (66)
within noise. In the deployable configuration with a frontier orchestrator and frontier synthesizer,
the RL extractor reaches 74 versus 70 for the SFT extractor, thus landing within one point of a full
frontier-extractor pipeline (75). The same frontier configuration on QASPER shows a wash-out
instead, with RL at 46.9 and SFT at 48.1 (ceiling 48.4), within noise, because a strong synthesizer
recovers the answer from any adequate chunks and the extractor’s improvement no longer matters.

5.3 Joint end-to-end RL underperforms SFT

Training all agents jointly against the shared final reward never beats SFT on FinanceBench, landing
at 38-42 versus 46 (Figure[3). One would assume training the whole pipeline end-to-end is strictly
more powerful than training a single agent, and yet it is not. Per-agent credit (42) beats shared credit
(38), which confirms that the shared final-answer advantage is too noisy a signal to attribute to any
one agent, but neither variant wins. Together with the single-agent results, this is the main practical
reason I concentrate RL on the bottleneck specialist rather than the whole pipeline.

5.4 Training and reward dynamics

This is a polishing regime, not a discovery one. Textbook RL expects a reward that starts low and
climbs as the policy explores, with the policy moving meaningfully away from its initialization. I
see the opposite. Because RLOO+ starts from a strong SFT init that already imitates the teacher,
the reward starts high and moves only modestly, and the KL to the reference stays between about
le-4 and 3e-4. On FinanceBench in particular the reward is nearly flat and the KL is essentially zero
(Figure ), and across the three benchmarks the mean reward shifts by at most about 0.14 over a
full run (Figure[5). The policy is not discovering a behavior, it is basically being nudged around a
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point that is already near a local optimum of the reward. This is the regime I would expect for RL
fine-tuning on top of a competent imitator with a verifiable reward, and it is the opposite of R1-style
training (DeepSeek-All [2025) where the policy travels a long way and long reasoning emerges.

What stalls learning is advantage variance, not reward magnitude. The RLOO+ advantage
A =1 — ﬁ > i T is built entirely from within-group reward variance. When the SFT model
is already good, the G samples for a prompt tend to receive the same reward, so the variance is
near zero, the dynamic-sampling filter drops the group, and there is no gradient at all. This implies
that the better the initialization, the fewer informative groups there are, and therefore the effective
learning signal shrinks as the policy approaches the teacher. The reward goes flat because it has been
starved of advantages. QASPER is the clearest case. A thresholded reward (one if F; > 0.5, else
zero) collapses a whole group to identical values, kills the variance, and learning flatlines around an
F1 of 33. The smooth reward fixes this precisely because it restores variance, since a continuous
F1 separates near-identical but unequal completions and manufactures the nonzero advantages the
thresholded reward had destroyed. With the smooth reward the QASPER mean reward climbs from
about 0.47 to 0.58 over training (Figure[5) and the score moves to 39.8. LongHealth is the mirror
image and the most informative curve. One would assume a rising reward means a rising score, and
yet there the mean reward also climbs, from about 0.39 to 0.53 (Figure EI) while the held-out score
falls from 66 to 57. That is the cleanest single piece of evidence that the extractor’s proxy reward
improved while the pipeline metric got worse, which is exactly the coupling effect of Section[5.2} The
lesson is a little counter-intuitive relative to from-scratch RL, where failure is common and variance
is essentially free. Thus near a strong init, reward shaping (smoothness) matters more than reward
scale, because the binding resource is advantage variance.

The tiny KL is a feature here. In RLHF one usually budgets KL to let the policy capture reward
while guarding against drift and entropy collapse, and clip-higher is the part of
RLOO+ that protects that exploration. In this regime the policy barely needs to move, therefore the
gains are small reweightings near the initialization rather than large behavioral change. That is of
course why the runs are stable, and it is also why the headroom is limited, since a 3B policy that
already matches the teacher cannot reweight its way past a capacity ceiling.

Bottleneck-extractor RL vs SFT: wins on FB & QASPER, regresses on LongHealth

801 g sFT
B Extractor RL (smooth teacher-match)
B Frontier-extractor ceiling -9

Held-out score (%)
=
&

FinanceBench QASPER LongHealth
(acc) (F1) (acc)

Figure 1: Extractor RL versus SFT across the three benchmarks. RL helps where extraction is close
to the answer (FinanceBench, QASPER) and needs co-adaptation on LongHealth.

6 Discussion

The unifying picture is that specialist RL pays off when the trained agent is the binding constraint and
its objective is aligned with the task metric. Three mechanisms explain the cross-benchmark pattern.
First, objective alignment. When extraction is basically the answer, as with FinanceBench numbers
and QASPER spans, improving the extractor improves the metric directly. On LongHealth the
extractor produces evidence that a separate synthesizer turns into an A—E choice, therefore optimizing
extraction-text-match is one step removed from the metric, and this is why naive RL there can hurt.
Second, producer/consumer coupling. A frozen consumer trained on the old producer’s distribution
breaks when the producer shifts, and co-adaptation fixes it. I think this is a general recipe, namely RL
a specialist, then re-SFT its consumer. Third, capacity and saturation ceilings. The frontier-extractor
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LongHealth: RL-extractor regression is a coupling artifact — co-adapting the synth recovers it
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Figure 2: LongHealth: the RL extractor regresses with the frozen synthesizer, then recovers to parity
and beyond as the synthesizer is co-adapted to the RL extractor’s outputs.

FinanceBench held-out (50 q): single-agent RL beats SFT; joint e2e-RL does not

56

FinanceBench held-out accuracy (%)

Extractor RL SFT baseline e2e per-agent e2e correct e2e hybrid e2e shared
(single-agent) credit (flat) (flat T™) credit

Figure 3: Joint end-to-end RL on FinanceBench stays below the SFT baseline, with per-agent credit
above shared credit.

ceilings (LongHealth 75, QASPER 48.4) sit well above the 3B, and on QASPER the teacher-match
reward is saturated, since the SFT extractor already matches the teacher, so further gains there need a
task-aligned reward or more capacity rather than more steps.

A taxonomy of outcomes. Putting the dynamics and the cross-benchmark results together, the four
behaviors I see map cleanly onto when group-relative RL from a strong init should and should not
work. The policy improves when the proxy reward is aligned with the metric, the trained agent is the
bottleneck, and there is enough reward variance to form advantages (FinanceBench). It stalls when
the reward saturates and the within-group variance dies, which calls for shaping or more capacity
rather than more steps (QASPER teacher-match). It regresses when the agent’s own reward improves
but it shifts the input distribution of a frozen downstream consumer, which is basically the same
failure as evaluating a fixed policy off its training distribution in offline RL, therefore the fix is to
adapt the consumer rather than to train the producer harder (LongHealth). And it washes out when a
strong downstream makes the agent’s improvement irrelevant to the metric (QASPER under a frontier
synthesizer). None of these are visible from the final scores alone, which is why I think the reward
dynamics are the more useful half of the study.

7 Limitations and Future Work

The trained specialists are 3B models, and the frontier ceilings show a real capacity gap that RL cannot
close. The QASPER result is reward-limited rather than training-limited, therefore a task-aligned
reward (rewarding the extractor by the final answer rather than by teacher-match) is the natural next
step, but it washes out under a frontier synthesizer, which means its upside is mainly the all-SLM
regime. LongHealth’s full-context extractor RL is memory-bound on a single GPU. Finally, the
evaluations use single-sample scoring on locked held-out splits, so a majority-vote protocol would
likely raise all of the numbers and is worth running before drawing sharp comparisons.



CS224R Final Report

Per-agent RLOO+ training on FinanceBench (held-out eval in legend)

Training reward (FinanceBench, teacher-match) KL to frozen reference
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Figure 4: FinanceBench training dynamics. The teacher-match reward edges up while the KL to the
SFT reference stays tiny, so the policy improves without drifting far from its initialization.
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Figure 5: Mean teacher-match reward over training for the three single-agent extractor runs (rolling
average). QASPER and LongHealth climb the most, but on LongHealth the rising reward coincides
with a drop in held-out accuracy, which is the coupling effect of Section[5.2}

8 Conclusion

Specialist RL is a useful but conditional lever for small-model multi-agent QA. With a from-scratch
RLOO-+ trainer, a smooth teacher-match reward, and producer/consumer co-adaptation, bottleneck-
specialist RL beats SFT on FinanceBench (4+10) and QASPER (+6) and reaches near-frontier
extraction quality on LongHealth in the deployable configuration, while joint end-to-end RL does
not beat SFT. The takeaway I would keep is a small map of when the lever works. Align the trained
agent’s objective with the task metric, target the binding constraint, and co-adapt its consumer.

Team Contributions

This is a solo project. All work was carried out by Mert Karabiyik. The MoSA pipeline is inherited
from a prior CS224N project, and the chunk-based dispatch, the LoRA re-training, and all RL work
in this report are new for CS224R. This matches the contribution breakdown in the proposal, with the
one scope change that RL moved from the synthesizer to the bottleneck extractor once the experiments
showed the extractor was the binding constraint.

Al Tools Disclosure

I used the Al assistant Claude as an aid throughout the project, and not as a substitute for the core
work. The reinforcement learning algorithm itself, namely the RLOO+ loss, advantage, and KL
inrl/losses.py and the trainer in r1/train_agent.py, I developed completely independently.
Al helped me with boilerplate code, setting up the evaluation harness, and data management such
as chunk routing and synthetic data generation, and it also aided me in tracking and coordinating
training runs on Modal, debugging, and pulling insights out of the pipeline traces. It also helped
me generate figures and draft and organize the final report and its references, which I then revised,
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fact-checked against my own results, and rewrote in my own voice. Everything the tools produced
was reviewed and edited by me before it went into the submission, therefore the judgments and the
final wording are my own.
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