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Abstract

We present Role-Specific Gradient-Weighted Merging (RS-GWM), a one-pass method that creates both a drafter and a verifier
adapter from a shared pool of task-specific LoRA fine-tunes. We split parameters into two groups: those critical for generating
answers and those critical for verifying them. This classification is based on the gradient EMA magnitudes recorded during
fine-tuning. The two adapters work together in a simple inference pipeline (GWM-DV-V2). Here, the drafter suggests an answer
while the verifier assesses it. If the verifier finds an unsupported draft, it triggers a retry loop.

We tested this approach on TinyLlama-1.1B and the GSM8K math benchmark, using 100 test items. The drafter alone
achieves 0.72 accuracy with a hallucination rate of 0.18 and an average response time of 2104.87 ms. Using the same drafter in
the GWM-DV-V2 pipeline increases accuracy to 0.84 (a 12-point rise), nearly cuts the hallucination rate in half to 0.10, and
lowers the false-accept rate from 0.0244 to 0.0115 (a 53% drop). This increase in accuracy costs 1.56 times more in wall-clock
latency, with an average of 3284.51 ms compared to 2104.87 ms. We believe this trade-off is reasonable for tasks where incorrect
answers are costly.

Tests on verifier acceptance thresholds and training data balance show that the verifier is crucial. It keeps the false-accept rate at
0.16 or lower, even in the most lenient conditions, and it remains the key factor for adjusting the precision and recall of the
pipeline.
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1. Introduction

Small open-weight language models with 1-2 billion parameters are appealing for on-device and Apple Silicon
deployments. However, their reasoning quality on multi-step tasks like grade-school math is often unreliable. Acommon
fix is to pair a fast drafter with a slower verifier [8, 10]. But training both roles separately doubles the fine-tuning
budget. It also produces two checkpoints whose behaviour can drift apart over time. Closing this gap without doubling
the training cost is therefore a useful engineering goal. This is especially true for resource-constrained deployments,
where every extra gigabyte of adapter weights and every extra hour of fine-tuning is a real cost.

This paper studies a cheaper alternative. We start from a single pool of task-specific LORA adapters [6]. From this
pool, we merge them in two different ways. The first merge produces a drafter that is biased toward generation-critical
parameters. The second merge produces a verifier that is biased toward verification-critical parameters. We infer the
split from gradient EMA statistics that are already available at the end of LORA fine-tuning. No extra training pass is
needed. The two resulting adapters share the frozen base model. At inference time, the pipeline loads them as
separate PEFT modules and switches which one is active for the current forward pass.

Our contributions are:

< RS-GWM, a one-pass merging recipe that splits LORA parameters by gradient EMA magnitude. It produces a
matched drafter and verifier pair from a single set of fine-tunes (Section 3).

= GWM-DV-V2, a drafter—verifier inference pipeline with a bounded retry budget and a tunable accep-tance
threshold (Section 3).

< A small but reproducible empirical study on TinyLlama-1.1B and GSM8K. It shows that GWM-DV-V2 lifts
accuracy from 0.72 to 0.84, cuts the hallucination rate roughly in half, and reduces false accepts by 53%. The
cost is 1.56 times more latency (Section 5).

= Tests on acceptance threshold and verifier training balance that show the verifier is the load-bearing part of the
pipeline (Section 5).

= An open-source reference implementation, including the merging script, the inference pipeline, and the evaluation
harness used to produce every number in this paper (Appendix A).

2. Related Work

Model merging. Several methods combine multiple fine-tunes of the same base model into a single adapter. These
include task arithmetic [7], TIES-Merging [12], model soups [11], and DARE [13]. RS-GWM bhorrows the idea of
weighting each parameter, but uses gradient EMA magnitudes as the importance signal. It also produces two
specialised adapters instead of one averaged checkpoint. TIES-Merging uses the sign of the delta, and DARE uses
random pruning. In contrast, RS-GWM treats gradient EMA as a continuous importance score for each parameter,
and splits the parameter space into role masks rather than dropping parameters outright.

IJRTI2605140 International Journal for Research Trends and Innovation (www.ijrti.org)  [S8¥4s



http://www.ijrti.org/
mailto:tmnabeel30@gmail.com
mailto:takshilaggarwal16@gmail.com
mailto:nishchay04.sharma@gmail.com

© 2026 IJRTI | Volume 11, Issue 5 May 2026 | ISSN: 2456-3315
Drafter—verifier and process supervision. Prior work on self-consistency [10] and process reward models (PRMs) [8]
shows that a separate scoring model can greatly improve final answer quality on math reasoning. We use the same
overall design, but we get both roles from a shared LoRA pool instead of training a verifier from scratch. This differs
from speculative decoding, where the drafter and verifier share a base model and the verifier only re-scores token-level
proposals. GWM-DV-V2 verifies the entire candidate answer and triggers re-sampling when verification fails.

Parameter importance. The lottery-ticket hypothesis [3] and outlier-feature studies [2] both suggest that only a small
fraction of parameters carry the load of any given capability. RS-GWM applies this idea to adapters. Parameters with
persistently large gradients during a particular task are treated as load-bearing for that task. They are then routed to the
matching role-specific merge. Magnitude pruning uses post-training weight norms. Gradient EMA, by contrast,
captures the optimisation pressure each parameter received during training. This is a better signal for whether the
parameter is actively used by the task, rather than just large.

3. Method

3.1. Setup and Notation

Let & RY be the parameters of a frozen base model. Define A = 6; & as the LORA delta of the t-th task
fine-tune, fort=1, ..., T. During each fine—tuQe, we keep a per-parameter exponential moving average

of squared gradients, g: € R¢ soWe use st = g asthe importance signal. The signal s; is the same value

that adaptive optimisers like Adam already track, so collecting it adds no extra cost during fine-tuning.

3.2. Role-Specific Gradient-Weighted Merging (RS-GWM)
For a target role r € {DRAFT, VERIFY} and a quantile threshold z; € (0, 1), define the role mask

mOL] = 1[sdi] = Q. ()1, i=1,...,d, ®
where Q; (st) is the zr-quantile of s;. The role-specific delta of task t is AV = m® © A, and the final
t t

role-specific adapter is the importance-weighted sum

> NG
AD =T 5 SOy )
=1 ;C:lst'O mt"ﬂ +e
with & = 1078 for numerical stability. We use zorar = 0.30, which keeps the top 70% of generation-critical

parameters. We use zveriey = 0.50, Which keeps the top 50% of verification-critical parameters. The two role-specific
adapters ACRAT) and AVERFY) share the base 6o. They are loaded as separate PEFT modules at inference time.

Algorithm 1 shows the procedure in pseudo-code. The merge is a single linear pass over the T fine-tunes and their per-
task importance vectors. As a result, the wall-clock cost is roughly the same as one forward pass on the base model.

3.3. GWM-DV-V2 Inference Pipeline

Given a prompt x, the pipeline runs three steps:

1. Draft. The drafter adapter samples a candidate answer y~ with temperature T = 0.7 and top, = 0.9.
2. Verify. The verifier adapter computes a log-probability score v(y" | x) € [0, 1].

3. Decide. If v = zaccerr, the pipeline accepts y”. Otherwise, it samples a new draft. We allow up to K =3
attempts. If no draft is accepted, the pipeline returns the highest-scoring candidate.

The default acceptance threshold is zaccerr = 0.7. We also test zaccerr = 0.5 in Section 5. Figure 1 shows the
control flow.
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Algorithm 1
Role-Specific Gradient-Weighted Merging (RS-GWM)

Input: base 6o; per-task LoRA deltas {A}T ;per-task gradient-EMA importance vectors {s} ; role_guantiles

TpRAFT, TVERIFY-

Output: role adapters APRAFT) AWVERIEY),

1: for each role r € {DRAFT, VERIFY} do
2: N < 04, D« Q4

3 forgs=1,....T do i )

4: mUli] «— 1[sfi] = Q: (St)] role mask via per-task quantile
T, r, r

5: 55) «— mt() ©) At(r) keep role-relevant entries

6: N « N +5s O A

7 D« D+s.OmP

8: end for

9 A®«— N/(D+e)

10: end for

11: return A(RAFD A(VERIEY)

Drafter . y Verifier yes
Promptx (— '—» Candidate y" —{ (T —» Accept

A

no

Retry (K<3)
Figure 1

GWM-DV-V2 inference pipeline. The drafter (ACC***M) proposes a candidate answer y*; the verifier (A(VERFY)) scores it; the
candidate is accepted when v = zaccerr, Otherwise a new draft is sampled (bounded to K <3 retries).

4. Experimental Setup

Base model and adapters. All experiments use TinyLlama-1.1B-Chat [14] as the frozen base. We train T = 4
task-specific LoRA adapters. Each adapter uses rank r = 16, scaling o = 32, and dropout 0.05. The target
modules are the four attention projections Oproj, Kproj, Vproj, Oproj. Ve train each adapter for two epochs on a
balanced 810-row reasoning corpus. The corpus is drawn from GSM8K [1], MATH [5], CommonsenseQA [9], and
StrategyQA [4]. For verifier training, we also use balanced positive and negative pairs. The negatives are synthetic,
generated by perturbing the gold rationales.

Evaluation. We report headline numbers on a fixed n = 100 slice of the GSM8K test split. Smoke and ablation runs
use n 10, 20 for fast iergtion. Yheir numbers appear only as ablations and never as headlines. Accuracy is exact-
match on the final numeric answer, after parsing the #### delimiter.

Hardware. We run all training and inference on a single Apple Silicon M-series machine through the MPS backend.
We do not use any CUDA GPU. We measure wall-clock latency end-to-end. This includes verifier scoring and any
retry attempts.

Metrics. We report seven numbers for each run: (i) accuracy; (ii) hallucination rate (the final answer differs from gold
and is not a refusal); (iii) accept rate (the fraction of test items on which the verifier accepts a draft within K = 3
attempts); (iv) accepted-and-correct (the joint event); (v) false-accept rate (the verifier accepts an incorrect draft,
divided by accepted items); (vi) average attempts per item; and (vii) average end-to-end latency in milliseconds.

5. Results

5.1. Headline Comparison (n=100)

Table 1 compares the drafter alone (SINGLE-GWM) with the full GWM-DV-V2 pipeline on the n = 100 GSM8K
slice. The pipeline improves accuracy by 12 percentage points. It nearly halves the hallucination rate, and cuts the
false-accept rate by 53% in relative terms. The cost is a 1.56 increase in average latgncy (3284.51 ms compared to
2104.87 ms). It also takes 0.19 extra generation attempts per item on average.
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Table 1
Headline comparison on GSM8K, n = 100, TinyLlama-1.1B. GWM-DV-V2 improves every quality metric over the drafter
alone, at a 1.56x latency cost.

Metric Single-GWM GWM-DV-V2
Accuracy 0.72 0.84
Hallucination rate 0.18 0.10
Accept rate 0.82 0.87
Accepted & correct 0.70 0.82
False-accept rate 0.0244 0.0115
Avg. attempts 1.42 1.61
Avg. latency (ms) 2104.87 3284.51
Throughput (qpm) 27.43 17.59

Table 2
Acceptance-threshold and prompt-alignment ablation on n = 20 GSM8K slices. Lower thresholds trade false-accept rate for
latency.

Variant Acc.  Accept False-acc. Attempts Lat. (ms)
7=0.7 (default) 0.80 0.85 0.0000 1.50 3050.18
7=0.5 (smoke) 0.80 0.95 0.1579 1.20 2502.42
7=0.5 (aligned) 0.85 0.95 0.1053 1.20 2418.73

5.2. Acceptance-Threshold Ablation

Table 2 sweeps the verifier acceptance threshold zaccer 0. 7 on n ¥ 20 smoke slices. Lowering the threshold
from 0.7 to 0.5 raises the accept rate from 0.85 to 0.95. It also drops the average attempts from

1.50 to 1.20. However, the false-accept rate climbs from 0.00 to 0.1579. With prompt alignment between training
and inference (THRO5-ALIGNED), accuracy recovers to 0.85 and the false-accept rate drops back to 0.1053. This tells
us two things. First, the verifier’s calibration is sensitive to prompt formatting. Second, the conservative tacceer =
0.7 default is the right operating point.

5.3. Training-Balance and Pipeline-Variant Ablation

Table 3 reports the full GWM-DV-V2 pipeline under three training-data variants on n = 20 smoke slices. The
variants are: the default mixed-balance run; a class-balanced verifier-training run (BALANCED); and a phase-2
prompt-template variant (PHASE2). All three variants land in the 0.80-0.85 accuracy band, with a hallucination rate of
0.10 or lower. This tells us that the headline result in Table 1 is not an artefact of a single training configuration. The
phase-2 variant gives the best smoke-slice accuracy (0.85) and the lowest number of attempts (1.45). This suggests
there is still room for improvement through prompt-template engineering.

6. Discussion

The verifier carries the gain. The accuracy improvement from 0.72 to 0.84 in Table 1 comes entirely from the
verifier filter and retry loop. The underlying drafter is the same in both columns. This matches the finding of process-
supervision work [8]: even an imperfect verifier is very useful when it can reject obvious failures and trigger a fresh
sample. The 53% relative drop in false-accept rate confirms that the verifier is not just a re-ranker. It is actively
filtering bad drafts. To make this concrete: accepted-and-correct rises from

0.70 to 0.82, while accept rate only rises from 0.82 to 0.87. The gain comes almost entirely from rejecting incorrect
drafts, not from accepting more drafts.

Latency versus quality. The 1.56 lateacy cost is mostly due to two things: the second adapter’s forward pass, and
the extra draft attempts (1.42 1.61). For interactive use, this is borderline. For offline batch evaluation, or for
any setting where a wrong answer costs more than 1.2 extra seconds, the trade-off is reasonable. The zaccerr =
0.5 aligned variant in Table 2 hints at a better point on the curve. It reaches

0.85 accuracy at only 2418.73 ms latency, but with a higher false-accept rate (0.1053). A practitioner who can
tolerate a small rise in false accepts can therefore keep most of the accuracy gain without paying the full latency
penalty.

Prompt alignment matters. The largest single swing in false-accept rate (0.1579 0.1053) esmes from aligning the
verifier’s training-time prompt format with its inference-time prompt format. It does not come from changing the
threshold itself. We flag this as a deployment hazard. Any pipeline that swaps a chat template between LoRA
training and inference likely pays a hidden calibration cost. Our experiments suggest
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Table 3

Training-balance and pipeline-variant ablation on n = 20 GSM8K slices.
Variant Acc. Hall. Accept Attempts Lat. (ms)
GWM-DV-V2 (default) 0.80 0.10 0.85 150 3050.18
GWM-DV-V2 (balanced) 0.80 0.10 0.85 1.55 3120.48
GWM-DV-V2 (phase2) 085 0.0 0.90 1.45 2987.21

this cost can be larger than changing the acceptance threshold by a full 0.2 in either direction.

When is RS-GWM the right choice? RS-GWM is most useful in three settings. First, when the practitioner already
has a pool of task-specific LoRA fine-tunes. Second, when the compute budget for extra fine-tuning passes is limited.
Third, when the deployment can afford a second adapter forward pass per query. If any of these conditions fail,
training a dedicated verifier from scratch (such as a PRM) will likely do better. We therefore think of RS-GWM as a
low-effort upgrade for existing LORA pipelines, rather than a replacement for purpose-built verifiers.

Limitations. We see four main limitations. First, the headline evaluation is on a single n = 100 slice of one
benchmark. We do not yet have multi-seed confidence intervals. Second, we use a small base model (TinyLlama-
1.1B). The gain may shrink in absolute terms as the drafter itself becomes stronger. Third, all numbers come from
MPS-backed inference on Apple Silicon. CUDA latency would be different. Fourth, our synthetic verifier negatives
may not match the failure distribution of a stronger drafter. We expect the first and fourth items to be the most
impactful targets for follow-up work.

7. Conclusion

We introduced RS-GWM, a one-pass merging recipe that turns a pool of LoRA fine-tunes into a matched drafter and
verifier pair. The resulting GWM-DV-V2 inference pipeline lifts TinylLlama-1.1B accuracy on GSM8K from 0.72 to
0.84. It halves the hallucination rate and cuts false accepts by more than half. The cost is 1.56 latency. The verifier is
the load<bearing component. The single cleanest intervention we found is keeping its training-time and inference-time
prompts aligned. We believe the recipe should extend to larger base models and to non-math reasoning benchmarks.
We leave that scaling study to future work.
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W. Lu, TinyLlama:

A. Implementation and Hyperparameters

Table 4 lists the full set of hyperparameters used in the experiments. All values are the defaults of the reference
implementation. We did not tune them per experiment, beyond the ablations reported in Section 5.

Table 4

An open-source small language model,

arXiv preprint

Hyperparameters used in all experiments. Values marked with * are swept in the ablations.

B. Reproducibility

Component Hyperparameter Value
LoRA fine-tune rank r 16
scaling o 32
dropout 0.05
target modules g, k, v, 0 proj.
epochs 2
COrpus rows 810 (balanced)
RS-GWM TDRAFT 0.30
TVERIFY 0.50
) 10°8
Pipeline temperature T 0.7
topp 0.9
TACCEPT 0.7 (default)
max retries K 3
Hardware device Apple Silicon (MPS)
precision bfloat16

Every number in this paper comes from a single evaluation harness. The harness takes the merged adapters and a test
split as input, and it emits the full metrics table. It is deterministic, except for the sampling seed. The seed is fixed to
42 for headline runs. Smoke and ablation runs use seeds 0, 1, 2 and report the nfedian, o limit variance from the
smaller n = 20 slices. We will release the reference implementation, the training scripts, and the merged checkpoints
alongside the camera-ready version of this paper.

IJRTI2605140

International Journal for Research Trends and Innovation (www.ijrti.org)  [s8E{U



http://www.ijrti.org/

