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POST-TRAINING ON THE CLOCK:

SPECIALIZING A SMALL LANGUAGE MODEL ON A CONSUMER

GPU

Uygar Kurt

ABSTRACT

How should a language model be specialized for a target task when training is limited to one consumer
GPU and a few hours? We study the allocation of a nominal three-hour training budget, with up to
0.3 additional hours, between supervised fine-tuning (SFT) and Group Relative Policy Optimization
(GRPO). We use tool calling as a case study because of its practical relevance to language-model
agents and its verifiable outputs. Using Qwen2.5-0.5B-Instruct with low-rank adaptation on an
RTX 5060 Ti with 16 GB of memory, we compare SFT, GRPO, and six sequential SFT-to-GRPO
allocations. Training uses a filtered mixture of xLAM function-calling examples and Hammer
irrelevance examples, covering both call construction and abstention when no offered tool is suitable.
Evaluation reports xLAM exact tool-call and function-name accuracies for local call construction,
BFCL-v3 Single-turn FC (agg) for external function calling, BFCL-v3 Irrelevance (agg) for abstention,
and MMLU, MATH-500, and IFEval for selected general capabilities. The suffix (agg) denotes
study-specific averages of selected subset accuracies weighted by subset size. At the last evaluated
checkpoints within 3.3 reported hours, SFT achieves the highest xLAM exact tool-call accuracy
(82.82%), compared with 69.13% for GRPO alone. Selected hybrid allocations improve external
function-calling accuracy over SFT, with different abstention trade-offs. Most sampled GRPO groups
have constant rewards and provide no relative task-reward signal. We release the prepared mixed
dataset, all allocation-study checkpoints, and Post-Training Lab, an editable training and evaluation
codebase with CUDA and MLX implementations.

1 Introduction

Specializing a language model for a target task under a short training budget requires choosing an adaptation recipe. A
practitioner must choose between supervised fine-tuning (SFT), which learns from reference responses; reinforcement
learning (RL), which learns from rewards on generated responses; or a sequential combination of the two. We study
this choice using Group Relative Policy Optimization (GRPO) [26] as the RL method.

We use tool calling as a case study because of its practical relevance to language-model agents and its verifiable
outputs [16, 34]. Structured tool calling maps a user query and offered functions to correct calls or abstention when
none is suitable. Small specialized models can make this capability accessible on consumer hardware.

We specialize Qwen2.5-0.5B-Instruct [22] on one NVIDIA RTX 5060 Ti with 16 GB of memory. All reported runs
use low-rank adaptation (LoRA) [6] to reduce trainable-parameter and optimizer-memory costs under this resource
constraint. The released training scripts also support full-parameter fine-tuning. Six intermediate checkpoints from a
shared SFT trajectory initialize GRPO continuations, alongside SFT-only and GRPO-only baselines. We use a nominal
three-hour training budget with up to 0.3 hours of headroom. The primary comparison selects each trajectory’s last
evaluated checkpoint at or below 3.3 reported hours. Hybrid totals include their SFT initialization time.

Our training data combine xLAM function-calling examples [16, 34] with the irrelevance dataset released by Lin et
al. [13]. The original xLAM corpus is positive-only: every reference answer contains at least one function call. It
therefore provides no examples of when to abstain. Hammer supplies complementary examples with empty reference
call lists, constructed by removing the appropriate functions from offered tool lists. We mix the sources and remove rows
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with ambiguous duplicate function names and negative examples with no offered tools. This preserves the distinction
between choosing no call from an available tool list and ordinary interaction without tools. We release this dataset.

Our contributions are:

1. A consumer-hardware recipe comparison. We compare SFT, GRPO, and six sequential allocations under
the stated training-time budget, reporting call construction, abstention, and selected general-capability metrics
separately.

2. An editable research implementation. We release Post-Training Lab 1 with explicit training objectives,
LoRA and full-parameter CUDA training, TensorBoard diagnostics, local dataset evaluators, and an additional
native MLX backend. The experiment branch 2 contains the implementation used in this study as well as the
evaluation scripts.

3. Released dataset and checkpoints. We release the prepared mixed xLAM 3 and all 40 allocation-study training
checkpoints 4, with source attribution, filtering and split procedures, and reproducible training configurations.

2 Related work

Tool-calling research has expanded what models must learn: when to invoke an application programming interface
(API), which function to select, and how to supply its arguments. Toolformer learns API insertions from self-supervised
data [25], while ToolLLM builds instruction-tuning trajectories over large API collections [21]. APIGen emphasizes
automated generation and verification [16]; xLAM develops action models from such data [34], and ToolACE broadens
coverage through agent-based synthesis [15]. These efforts provide reusable data for specialization, while leaving the
choice of adaptation recipe open.

Learning when to abstain is part of this problem. Although the public xLAM 60k corpus contains positive calls, APIGen
augments its own model training with irrelevance and insufficient-argument examples [16]. Lin et al. explicitly study
over-calling after positive-only training and add irrelevant-tool examples alongside function masking [13]. When2Call
further distinguishes calling, requesting clarification, and explaining that the available tools cannot answer [24].
Our mixture adapts existing negative data, with reproducible filtering and separate call-construction and abstention
evaluation.

Verifiable calls also enable direct RL feedback. ToolRL uses graded rewards for format, tool selection, and argu-
ments [20]; Nemotron-Research-Tool-N1 instead combines format and call correctness in a binary reward [36]. Both
report RL gains over SFT baselines under their respective recipes. SLCA-GRPO further examines how rewards are
assigned to tool-call and summary segments [33]. Laskar et al. [10] directly compare SFT, GRPO, and SFT-to-GRPO
across six Qwen3 scales from 0.6B to 32B: LoRA-SFT is strongest in most in-distribution settings, while GRPO has a
modest cross-dataset transfer advantage. Laskar et al. do not match training compute across methods, leaving open how
these methods compare under a shared, short time budget.

The supervised starting point also affects what subsequent RL can learn. In mathematical reasoning, Li et al. [11] find
that response diversity can help identify better starting checkpoints for RL, while Kang et al. [8] find that generalization
measures can predict subsequent RL performance more reliably than SFT accuracy alone. SRFT combines supervised
and reinforcement objectives within one stage [1], extending the design space beyond sequential training. We compare
several SFT prefixes along one shared trajectory; our allocation study covers those sequential recipes rather than all
possible schedules.

Comparing recipes requires specifying the resource being allocated. Raghavendra et al. [23] divide annotation budgets
between supervised and preference-based tuning. Wang et al. [31] characterize near-optimal allocation regions and their
transfer across model scales, primarily under annotation budgets, with an additional GPU-time case study for SFT and
direct preference optimization. Vattikonda et al. [30] already branch RL from shared SFT checkpoints and analyze
frontiers measured in floating-point operations for multi-step web agents.

Under a short deadline, the information obtained per rollout matters as well as its computational cost. Equal rewards
give zero group-relative task advantages by construction. DAPO and gradient-starvation work diagnose the resulting
inefficiency and propose sampling or advantage-estimation remedies [18, 32]. RC-GRPO addresses low within-group
reward variation in multi-turn tool calling through reward-conditioned sampling [38]. Liu et al. [14] analyze wasted
tool-calling rollouts and update costs, comparing acceleration under equal wall-clock time.

1https://github.com/uygarkurt/post-training-lab/tree/main
2https://github.com/uygarkurt/post-training-lab/tree/time-constraint-trianing-research
3https://huggingface.co/datasets/uygarkurt/xlam-tool-calling-mixed
4https://huggingface.co/collections/uygarkurt/post-training-on-the-clock

2

https://github.com/uygarkurt/post-training-lab/tree/main
https://github.com/uygarkurt/post-training-lab/tree/time-constraint-trianing-research
https://huggingface.co/datasets/uygarkurt/xlam-tool-calling-mixed
https://huggingface.co/collections/uygarkurt/post-training-on-the-clock


Post-Training on the Clock

Cramming [3] studies language-model pretraining from scratch on a single GPU within one day. We similarly evaluate
performance under fixed hardware and training-time constraints, focusing on post-training.

Existing systems support model-parallel training (Megatron-LM [28]), RL post-training (verl and OpenRLHF [7, 27]),
and fine-tuning/data workflows (LlamaFactory and ActionStudio [35, 37]). Post-Training Lab complements these
systems with explicit, editable objectives, CUDA and native MLX implementations, and the prepared data, evaluators,
and checkpoints accompanying this measured comparison.

3 Study design

3.1 Data, filtering, and abstention

We prepare the dataset using APIGen/xLAM and MadeAgents/xLAM-irrelevance, used to train the Hammer series of
models. MadeAgents/xLAM-irrelevance constructs negatives by removing the reference function from sampled xLAM
tool lists and setting the target to []. We reuse these examples without generating new data or applying Hammer’s
function masking.

The positive-only control motivates including negatives: after 2.7 reported hours of SFT, BFCL-v3 Irrelevance (agg)
falls from 66.93% to 7.22%, indicating failure to abstain when no offered tool is suitable. Mixed SFT at the same time
scores 67.47%, with similar xLAM ETC (81.29% versus 82.12%). This single-seed comparison supports the mixture
choice, consistent with Hammer [13], without establishing an optimal mixing ratio. Complete checkpoint results for the
positive-only control appear in Table 6 in Appendix B.

Preparation parses JSON fields of both datasets, converts Python-like parameter types to JSON Schema, and validates
queries, unique tool names, and reference calls. We remove 260 positive rows and 20 negative rows whose offered tool
lists contain repeated function names, ensuring that each function name uniquely identifies one offered tool within an
example. We also remove 1,446 negative rows with no offered tools: our negative task is to abstain despite available
tools, while the intended no-tools mode remains ordinary instruction following. No other source rows are removed.
Table 1 gives the resulting counts. The mixture concatenates and shuffles the retained sources without oversampling.

Table 1: Prepared source splits. The mixture contains 65,774 retained rows; 1,726 of 67,500 source rows are removed.

Source Original Removed Train Test

xLAM calls 60,000 260 56,753 2,987
Hammer irrelevant-tool examples 7,500 1,466 5,732 302

Prepared mixture 67,500 1,726 62,485 3,289

After filtering, we first split the positive dataset into 95% training and 5% testing, keeping queries with identical text
after whitespace normalization together. Negative examples with matching queries are assigned to the same split as their
positive counterparts. We then assign the remaining negative query groups, aiming for 5% of all retained negative rows
in testing, including those already assigned through matching queries. Keeping query groups together takes priority
over reaching this target exactly. Finally, we combine the positive and negative examples within each split and shuffle
them; preparation uses seed 42. This prevents exact-query overlap between the prepared training and test sets, but does
not prevent paraphrase or tool-family overlap. At training time, both SFT and GRPO scripts reserve a further 5% of
their length-filtered training rows for validation using a random row-based split with seed 42. The scripts support initial
and periodic validation, but we disabled both in all reported training runs. The validation split was still created: these
rows were excluded from training and were not evaluated during the runs. The prepared test set remains separate from
this runtime split.

Complete SFT sequences above 896 tokens are dropped, retaining 57,088 mixed examples and removing 5,397.
GRPO uses a 640-token prompt cap, retaining 48,791 and removing 13,694. Neither path truncates training inputs.
Consequently, the stages share a source pool but have different eligible distributions.

3.2 Model and timing

All allocation runs use Qwen2.5-0.5B-Instruct [22], bfloat16 computation, low-rank adaptation (LoRA) [6] rank 8,
α = 16, zero dropout, and all linear layers as targets. There are 4,399,104 trainable parameters (0.8826% of the adapted
model). Trainable LoRA parameters are float32. Every run uses seed 42. Both methods use global gradient clipping at
1.0 and AdamW [17] defaults β = (0.9, 0.999), ϵ = 10−8, and weight decay 0.01.
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Measured time starts immediately before each training loop and includes rollouts, updates, and periodic saving. It
excludes startup, model loading, preprocessing, and external evaluation. Hybrid totals add the original SFT-prefix time,
even though experiments reuse the checkpoint. The comparison is therefore training-loop wall time. Paper timings and
checkpoint eligibility use the reported training times at their recorded precision.

3.3 Supervised fine-tuning

SFT uses the tokenizer’s native tool-aware chat template and minimizes cross-entropy over assistant tokens, masking all
other tokens and dividing the loss by the number of supervised tokens. No-call targets are assistant messages containing
[]. We use batch size four, 200 warmup updates, and cosine decay from 5× 10−5 to 5× 10−6 over 19,600 planned
updates. Checkpoints every 2,800 updates provide six GRPO initializations after 0.4, 0.9, 1.3, 1.8, 2.2, and 2.7 reported
hours of SFT.

3.4 GRPO algorithm and hyperparameters

We use GRPO with token-level loss normalization, matching the reduction used in DAPO. Unlike the original GRPO
objective, which averages token losses within each rollout before averaging across rollouts, we average over all
generated tokens in the sampled group. We retain KL regularization and symmetric clipping, without DAPO’s dynamic
sampling. For each prompt x, GRPO [26] samples G completions from the old policy. With rewards Ri, their mean

R̄ = G−1
∑

j Rj , and population variance σ2
R = G−1

∑
j(Rj − R̄)2, each completion receives advantage Ai =

Ri−R̄
σR+δ

where δ stabilizes normalization. Let mi,t mask generated tokens, including the end-of-sequence token but excluding
padding, and N =

∑
i,t mi,t. For a ∈ {θ, old, ref}, define token log probabilities ℓai,t = log πa(yi,t | x, yi,<t). We

compute the token probability ratio as ri,t(θ) = exp
(
ℓθi,t − ℓoldi,t

)
. Each inner update minimizes

LGRPO = −
1

N

∑

i,t

mi,t min (ri,t(θ)Ai, clip(ri,t(θ), 1− ϵ, 1 + ϵ)Ai) + βD̂KL(θ), (1)

where the sampled Kullback–Leibler (KL) penalty [9, 26] is

D̂KL(θ) =
1

N

∑

i,t

mi,t [expm1(di,t)− di,t] , di,t = ℓrefi,t − ℓθi,t.

Here ϵ controls clipping and β weights the KL penalty. We evaluate expm1(d) = ed − 1 for numerical stability. The
loss averages over generated tokens across the group. Old-policy probabilities are fixed for that group; the reference
remains frozen at each branch’s initialization.

We use a deterministic binary reward function. For a completion y and reference call multiset C⋆, let C(y) be the
normalized predicted call multiset and b(y) indicate accepted abstention. The reward is

R(y, C⋆) =





1, C⋆ ̸= ∅ and C(y) = C⋆,

1, C⋆ = ∅ and b(y) = 1,

0, otherwise.

(2)

The local parser accepts Qwen <tool_call> blocks or bare JSON calls/lists, optionally in a complete JSON fence.
It normalizes a nested function envelope and JSON-string arguments. Exact matching preserves function names,
arguments, JSON types, and duplicate-call multiplicity, while ignoring call order. Accepted abstention includes []
and ordinary non-call text, but excludes parsed calls, attempted tool-call tags, and other JSON-like call attempts. This
differs from requiring literal [] and from BFCL’s parser. No learned reward model or partial credit is used.

All reported GRPO runs use one prompt per outer update with G = 4, ϵ = 0.2, β = 0.02, and δ = 10−8. Sampling
allows at most 256 new tokens, with temperature 1, top-p 1, top-k disabled, and repetition penalty 1. Four inner AdamW
updates reuse each sampled group at learning rate 10−6; old-policy and reference log probabilities are computed once
per group. Log probabilities, ratios, and KL calculations use float32.

3.5 Evaluation

Our local xLAM evaluator reports exact tool-call accuracy (ETC) and function-name accuracy (FNA). ETC requires all
function names, argument keys, JSON types and values, and call multiplicities to match; call and object-key order are
ignored, while array order is preserved. FNA checks only function names and their multiplicities, ignoring arguments.
Both are whole-example accuracies without partial credit, measured on the same 2,287 positive examples retained from
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2,987 held-out rows by the 640-token prompt cap; 700 (23.43%) are excluded. This holdout measures call construction
but cannot measure abstention; the prepared mixed holdout remains unevaluated.

Selected Berkeley Function Calling Leaderboard (BFCL-v3) subsets [19], evaluated with EvalScope [29], test external
call construction and appropriate tool use. BFCL-v3 Single-turn FC (agg) measures single-turn function-calling
accuracy using abstract syntax tree checks of function names and arguments across eight subsets containing 2,351
examples in total. BFCL-v3 Irrelevance (agg) measures correct abstention when no offered tool is suitable, combining
irrelevance and live_irrelevance, which contain 1,122 examples in total. We compute these two aggregates

separately, weighting each subset’s accuracy by its number of examples: 100
∑

s
nsas∑
s
ns

. Here, s indexes the subsets

included in the aggregate, ns is the number of examples in subset s, and as ∈ [0, 1] is the fraction of those examples
answered correctly. The factor of 100 converts the result to a percentage. These are study-specific summaries rather
than official BFCL leaderboard aggregates. Throughout the paper, the suffix (agg) identifies these two aggregates,
including shortened labels in tables and figures. Relevance measures appropriate invocation when a suitable tool is
offered. Its 18 examples yield identical scores for seven of eight adapted endpoints, so we report it only in the complete
appendix results (Table 5).

We use lm-evaluation-harness [2] to probe selected capabilities without tool schemas: Massive Multitask Language
Understanding (MMLU) measures knowledge and problem solving across 57 subjects using subject-size-weighted
accuracy [4]; MATH-500 measures mathematical reasoning using answer-equivalence accuracy [5, 12]; and Instruction-
Following Evaluation (IFEval) measures compliance with verifiable instructions using strict prompt-level accuracy,
requiring every constraint in a prompt to pass [39]. These diagnostics assess knowledge, reasoning, and instruction
following beyond tool calling rather than unrestricted conversational quality. All reported metrics are percentages, with
higher values better.

4 Results

At the last evaluated checkpoints within the 3.3-hour envelope, mixed-data SFT reaches 82.82% xLAM ETC at 3.1
hours, compared with 69.13% for GRPO alone at 3.3 hours and 63.84% for the starting model (Table 2). The strongest
hybrid endpoint reaches 81.90%. SFT therefore leads local exact-call specialization under the primary reporting rule.
Figure 1 shows how tool-calling and general-capability metrics evolve over the sampled checkpoints.

The SFT trajectory is not monotonic. Between 0.9 and 1.3 reported hours, xLAM ETC falls from 77.61% to 71.49%
and FNA from 97.46% to 86.88%, while BFCL-v3 Irrelevance (agg) rises from 49.46% to 88.59%. These changes
are consistent with a temporary shift toward abstention, but aggregate scores do not establish its cause. Later SFT
checkpoints recover call-construction accuracy, so SFT-prefix duration alone does not imply steadily improving
specialization.

GRPO alone has the lowest xLAM ETC, xLAM FNA, and BFCL-v3 Single-turn FC (agg) among the adapted endpoints;
its 50.24% BFCL-v3 Single-turn FC (agg) remains close to the starting model’s 50.28%. Its leading BFCL-v3
Irrelevance (agg) score (74.60%) therefore coexists with weak call construction. One possible explanation is that it
remains less specialized, preserving more of the starting model’s behavior rather than learning a better overall tool-use
policy. GRPO also preserves MMLU better than the other adapted models, so its weakness is specific to call construction
rather than every measured capability.

Training diagnostics suggest that sparse relative task feedback may contribute to GRPO’s slow adaptation. Recalling

Section 3.4, Ai =
Ri−R̄
σR+δ

: all-correct and all-incorrect groups have constant rewards and therefore zero task advantages.

KL regularization, AdamW momentum, and weight decay can still change parameters. Across the selected primary
endpoints, 74.87% of GRPO-only groups and 81.65–84.09% of groups in the six hybrid branches have constant rewards;
66.41–75.91% of hybrid groups are all correct. All-correct groups are already frequent early in the hybrid runs. These
fractions use nonoverlapping ten-prompt TensorBoard intervals and count groups rather than completions or inner
updates; Appendix A reports the full summaries.

These frequent constant-reward groups raise the question of whether larger groups could provide more useful task
feedback. With binary rewards, a group provides relative task feedback only when it contains both correct and incorrect
completions. For a given prompt, let p be the probability that one sampled completion is correct and G the number of
completions in the group. Assuming independent samples, the probability of mixed outcomes is 1−pG− (1−p)G [18]:
pG is the probability that all completions are correct, and (1 − p)G is the probability that all are incorrect. Here, p
describes one prompt, not the overall accuracy across prompts, which may differ in difficulty. Larger groups increase
the chance of mixed rewards when 0 < p < 1, but also increase rollout cost. Whether this trade-off improves learning
within the same training-time budget remains untested here.
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Table 2: Primary comparison using the last evaluated checkpoint at or below 3.3 hours. Hybrid times include SFT
initialization. Scores are percentages (↑: higher is better); bold marks the best score in each metric column, including
ties and the base model.

Recipe Training time (h) xLAM BFCL-v3 General capabilities

SFT GRPO Total ETC ↑ FNA ↑

Single-turn

FC (agg) ↑
Irrelevance

(agg) ↑ MMLU ↑ MATH-500 ↑ IFEval ↑

Base 0.0 0.0 0.0 63.84 90.03 50.28 66.93 42.04 15.80 26.80
SFT 3.1 0.0 3.1 82.82 97.81 56.78 67.65 38.19 17.20 30.13
GRPO 0.0 3.3 3.3 69.13 92.26 50.24 74.60 41.81 15.40 25.51
SFT→GRPO 0.4 2.6 3.0 76.17 96.20 55.17 59.98 39.48 17.60 31.98
SFT→GRPO 0.9 2.2 3.1 79.49 97.38 57.59 54.90 38.74 17.20 33.09
SFT→GRPO 1.3 1.8 3.1 79.49 96.90 56.23 66.31 37.96 18.80 29.94
SFT→GRPO 1.8 1.5 3.3 80.72 97.64 56.53 63.81 38.15 17.40 30.13
SFT→GRPO 2.2 1.1 3.3 80.94 97.11 57.46 69.69 37.95 17.80 28.10
SFT→GRPO 2.7 0.4 3.1 81.90 98.03 57.42 54.55 38.46 15.60 29.02

Adding GRPO after SFT changes the trade-off. The 0.9-hour SFT prefix produces the highest endpoint BFCL-v3
Single-turn FC (agg) (57.59%) and IFEval (33.09%) at 3.1 total hours, but BFCL-v3 Irrelevance (agg) falls to 54.90%,
versus SFT’s 67.65%. A 2.2-hour SFT prefix reaches nearly the same BFCL-v3 Single-turn FC (agg) (57.46%) with
69.69% BFCL-v3 Irrelevance (agg). Thus 0.9 hours is a promising handoff for these two metrics, not a universal
best allocation. Under this budget, SFT is a strong first baseline; a GRPO continuation should be selected against the
intended call-construction and abstention criteria rather than assumed to improve both.

This ranking differs from ToolRL and Tool-N1, which find that RL directly from instruction-tuned models can
outperform both SFT and SFT-to-RL under their recipes [20, 36]. Those comparisons do not impose our short training-
time envelope; data, rewards, and optimization also differ. Tool-N1 additionally reports limited RL gains at 0.5B and
1.5B, making model scale a relevant qualification. Our local SFT advantage agrees qualitatively with Laskar et al.’s
predominantly SFT-favoring in-distribution results [10]. Together, these findings favor evaluating the recipe under the
actual resource budget rather than extrapolating an RL advantage across settings.

The general-capability probes show selective changes. Relative to the starting model, SFT raises MATH-500 from
15.80% to 17.20% and IFEval from 26.80% to 30.13%, while MMLU falls from 42.04% to 38.19%. Five of six hybrid
endpoints also improve both MATH-500 and IFEval; the 2.7-hour prefix is the exception on MATH-500 (15.60%).
GRPO alone scores below the starting model on all three probes, although its 41.81% MMLU is the best adapted score.
Tool-specialization gains can therefore accompany selected non-tool improvements, but neither general-capability
preservation nor a uniform loss follows from these results. These probes complement the tool-use transfer comparisons
in the closest studies rather than measuring the same form of generalization.

Table 3 summarizes the observed recipes for different practitioner priorities, including earlier evaluated checkpoints
alongside the primary endpoints. Approximate SFT/GRPO shares describe how training time was divided between
stages; early stopping is a separate choice. These descriptive recommendations apply to the measured setting and
require validation for other models, datasets, or hardware.

Table 3: Observed recipes for practitioner priorities. For hybrid recipes, percentages indicate the share of training time allocated to
SFT and GRPO. BFCL FC (agg) and Irrelevance (agg) denote the study-specific BFCL-v3 aggregates. These proportions can be
applied to other time budgets, but comparable performance at those budgets has not been established.

Practitioner priority Recipe (time
allocation)

Pros Cons

Keep training simple
with strong
tool-calling results.

SFT only, 3.1 h Improves all four tool-calling scores
over the base: ETC 82.82, FNA 97.81,
BFCL FC (agg) 56.78, and
Irrelevance (agg) 67.65. Highest
observed ETC; one training stage.

Some hybrids achieve slightly
higher FNA or BFCL FC (agg).
MMLU declines, although
MATH-500 and IFEval improve.
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Table 3: Observed recipes for practitioner priorities (continued).

Practitioner priority Recipe (time
allocation)

Pros Cons

Reduce training time
while keeping
performance close to
the full SFT run.

SFT only, 2.2 h Saves 0.9 h. All four tool-calling
scores remain within 1.5 points of
final SFT: ETC 81.33, FNA 97.68,
BFCL FC (agg) 56.19, Irrelevance
(agg) 66.40.

Gives up some performance on
every tool-calling metric relative
to final SFT. Irrelevance (agg) is
slightly below the base model’s
66.93. MMLU is also lower than
the base.

Maximize selected
tool-calling scores:
prioritize correct
function names.

2.7 h SFT + 0.4 h
GRPO
∼ 87% SFT + ∼ 13%

GRPO

Highest observed FNA: 98.03. BFCL
FC (agg) reaches 57.42, improving on
SFT. ETC remains close to SFT at
81.90, only 0.92 points lower.

Irrelevance (agg) falls
substantially to 54.55, a
13.10-point reduction. The FNA
advantage is small. MATH-500
is slightly below the base model.

Keep general scores
close to the base while
gaining some
tool-calling ability.

GRPO only, 1.9 h MMLU is 41.80 versus the base’s
42.04; MATH-500 and IFEval
improve. All four tool-calling scores
exceed the base.

Tool-calling gains are limited:
ETC 69.70 and BFCL FC (agg)
50.70, substantially below
stronger SFT and hybrid recipes.
General scores are not strictly
unchanged.

Correctly avoid
unsuitable tools while
obtaining higher
BFCL function call
accuracy.

2.2 h SFT + 1.1 h
GRPO
∼ 70% SFT + ∼ 30%

GRPO

BFCL FC (agg) 57.46 and Irrelevance
(agg) 69.69 both exceed final SFT.
BFCL FC (agg) is only 0.13 points
below the highest observed score.

Two training stages. ETC 80.94,
FNA 97.11, and MMLU are
below final SFT.

5 Limitations

Our experiments focus on one small instruction-tuned model, one consumer GPU, and a short training budget, using a
single random seed per trajectory. The findings characterize the SFT–GRPO trade-offs within this setting. Repeating the
comparison across seeds, model families, and budgets would assess the robustness of the observed rankings, particularly
where score differences are small. Stage-specific length limits also mean that the comparison reflects the feasible
training recipes, including their eligible data, rather than the training objective alone.

The reward-group diagnostics identify frequent groups without relative task feedback in the studied GRPO recipe,
suggesting one explanation for its slower improvement. Targeted comparisons of group sizes and reward designs would
help separate their effects on learning. Keeping the training budget fixed would test whether more informative groups
improve learning enough to offset any additional rollout cost. Earlier binary/partial pilots differ in mixture, group size,
sampling, or precision and do not constitute a controlled reward ablation.

Evaluation emphasizes single-turn call construction and abstention when available tools are unsuitable, with abstention
assessed through BFCL because the local holdout contains only positive calls. Evaluating the prepared mixed holdout
and multi-turn tool-use tasks would broaden the behavioral assessment. MMLU, MATH-500, and IFEval provide
complementary capability probes. Dedicated conversational evaluation would further assess ordinary responses and
unintended tool calls when no tools are offered.

6 Conclusion

We studied how to allocate a short training budget between SFT and GRPO when specializing a small language
model for tool calling on one consumer GPU. Within the measured 3.3-hour envelope, SFT achieves the highest
primary-endpoint xLAM ETC and provides a simple route to strong tool-calling performance. Selected hybrids improve
function-name accuracy or external BFCL call accuracy, with different abstention and general-capability trade-offs.
GRPO alone improves call construction less, despite its high BFCL-v3 Irrelevance (agg) score, and training logs
show that most sampled groups supply no relative task-reward signal. These findings support starting with SFT and
judging a GRPO continuation against the intended evaluation priorities. The released mixed dataset, checkpoints, and
Post-Training Lab implementation support reproduction and further study of these budget-dependent choices.
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Figure 1: Tool-calling and general-capability scores over training time for SFT, GRPO, and six SFT-to-GRPO allocations.
Hybrid times include SFT initialization. Dashed horizontal lines show base-model scores; dotted vertical lines mark the
3.3-hour cutoff. Lines connect evaluated checkpoints from single-seed runs; axis ranges vary by metric. The suffix
(agg) denotes the study-specific BFCL-v3 aggregates.
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A Reward-group diagnostics

Table 4: Training-group diagnostics. Rates are percentages of prompt groups. Each interval contains ten groups.

SFT h Outer step All zero All one Mixed Zero advantage

0.0 4620 23.25 51.62 25.13 74.87
0.4 4620 15.24 66.41 18.35 81.65
0.9 3960 13.06 68.74 18.21 81.79
1.3 3300 10.97 71.03 18.00 82.00
1.8 2640 10.42 71.74 17.84 82.16
2.2 1980 8.94 75.00 16.06 83.94
2.7 660 8.18 75.91 15.91 84.09

The fractions are averaged over equal-sized, nonoverlapping ten-prompt intervals through each listed checkpoint. For
binary rewards, all-zero, all-one, and mixed fractions sum to one; the zero-task-advantage fraction is the sum of the first
two. Each outer step uses one prompt group and four sampled completions. All six hybrid branches have an evaluated
continuation within the primary 3.3-hour cutoff. The branch initialized after 2.7 reported SFT hours has 660 prompt
groups through its first continuation at 3.1 reported total hours.

B Complete experiment table

Table 5: Complete checkpoint results for the mixed-data SFT, GRPO, and SFT-to-GRPO recipes. Hybrid times include SFT
initialization; rows with zero GRPO time repeat the corresponding SFT starting checkpoint. The positive-only control is reported
separately in Table 6. Scores are percentages (↑: higher is better); bold marks the highest score in each metric column within this
table, including ties and the base model.

Recipe Training time (h) xLAM BFCL-v3 General capabilities

SFT GRPO Total ETC ↑ FNA ↑

Single-turn

FC (agg) ↑ Relevance ↑
Irrelevance

(agg) ↑ MMLU ↑ MATH-500 ↑ IFEval ↑

Base 0.0 0.0 0.0 63.84 90.03 50.28 77.78 66.93 42.04 15.80 26.80

SFT 0.4 0.0 0.4 73.72 95.89 51.76 83.33 58.83 39.80 18.40 29.57

SFT 0.9 0.0 0.9 77.61 97.46 53.04 83.33 49.46 39.42 18.00 31.24

SFT 1.3 0.0 1.3 71.49 86.88 46.24 55.56 88.59 37.91 18.00 29.21

SFT 1.8 0.0 1.8 79.49 96.81 54.28 83.33 72.91 38.36 16.20 27.36

SFT 2.2 0.0 2.2 81.33 97.68 56.19 83.33 66.40 38.04 18.40 29.02

SFT 2.7 0.0 2.7 81.29 97.68 56.02 83.33 67.47 38.44 18.40 28.10

SFT 3.1 0.0 3.1 82.82 97.81 56.78 83.33 67.65 38.19 17.20 30.13

GRPO 0.0 0.5 0.5 65.85 91.91 49.77 77.78 67.74 42.20 14.00 25.69

GRPO 0.0 1.0 1.0 66.29 90.38 46.87 77.78 75.94 42.05 16.80 28.28

GRPO 0.0 1.4 1.4 68.82 93.40 50.70 77.78 71.13 41.97 15.40 26.62

GRPO 0.0 1.9 1.9 69.70 93.14 50.70 77.78 73.08 41.80 16.00 27.73

GRPO 0.0 2.4 2.4 69.70 93.83 51.81 72.22 69.25 41.94 15.00 26.25

GRPO 0.0 2.8 2.8 70.05 93.35 50.79 77.78 73.27 41.74 14.40 25.69

GRPO 0.0 3.3 3.3 69.13 92.26 50.24 77.78 74.60 41.81 15.40 25.51

SFT→GRPO 0.4 0.0 0.4 73.72 95.89 51.76 83.33 58.83 39.80 18.40 29.57

SFT→GRPO 0.4 0.4 0.8 76.43 96.50 54.36 88.89 48.84 39.76 18.20 30.50

SFT→GRPO 0.4 0.7 1.1 76.17 96.02 54.78 83.33 61.32 39.67 17.60 30.31

SFT→GRPO 0.4 1.1 1.5 76.30 96.06 53.72 83.33 61.23 39.66 18.40 31.79

SFT→GRPO 0.4 1.5 1.9 77.26 96.37 55.59 83.33 60.34 39.75 18.60 30.68

SFT→GRPO 0.4 1.8 2.2 77.66 96.72 56.70 83.33 56.15 39.70 17.00 31.05

SFT→GRPO 0.4 2.2 2.6 77.35 96.33 56.40 83.33 55.79 39.60 16.80 31.79

SFT→GRPO 0.4 2.6 3.0 76.17 96.20 55.17 83.33 59.98 39.48 17.60 31.98
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Table 5 (continued)

Recipe Training time (h) xLAM BFCL-v3 General capabilities

SFT GRPO Total ETC ↑ FNA ↑

Single-turn

FC (agg) ↑ Relevance ↑
Irrelevance

(agg) ↑ MMLU ↑ MATH-500 ↑ IFEval ↑

SFT→GRPO 0.9 0.0 0.9 77.61 97.46 53.04 83.33 49.46 39.42 18.00 31.24

SFT→GRPO 0.9 0.4 1.3 77.87 97.11 55.38 83.33 55.26 39.34 18.80 32.16

SFT→GRPO 0.9 0.7 1.6 78.22 97.07 56.48 83.33 51.87 39.25 17.40 31.98

SFT→GRPO 0.9 1.1 2.0 78.40 97.29 56.78 83.33 52.41 39.15 17.60 31.24

SFT→GRPO 0.9 1.5 2.4 79.23 97.46 56.06 83.33 56.51 38.97 17.00 31.05

SFT→GRPO 0.9 1.8 2.7 79.23 97.38 57.12 83.33 53.83 38.89 16.40 31.42

SFT→GRPO 0.9 2.2 3.1 79.49 97.38 57.59 83.33 54.90 38.74 17.20 33.09

SFT→GRPO 1.3 0.0 1.3 71.49 86.88 46.24 55.56 88.59 37.91 18.00 29.21

SFT→GRPO 1.3 0.4 1.7 78.88 97.11 55.21 83.33 64.79 37.96 18.40 29.02

SFT→GRPO 1.3 0.7 2.0 79.32 96.76 56.14 83.33 66.58 38.15 19.40 29.02

SFT→GRPO 1.3 1.0 2.3 79.27 96.63 56.66 83.33 68.27 38.12 18.60 29.02

SFT→GRPO 1.3 1.5 2.8 79.49 96.72 56.44 83.33 67.74 38.19 16.60 28.84

SFT→GRPO 1.3 1.8 3.1 79.49 96.90 56.23 83.33 66.31 37.96 18.80 29.94

SFT→GRPO 1.8 0.0 1.8 79.49 96.81 54.28 83.33 72.91 38.36 16.20 27.36

SFT→GRPO 1.8 0.4 2.2 79.93 97.42 56.19 83.33 66.58 38.56 17.60 29.21

SFT→GRPO 1.8 0.7 2.5 80.54 97.64 57.08 83.33 66.22 38.24 18.60 29.02

SFT→GRPO 1.8 1.1 2.9 81.07 97.73 57.25 83.33 65.33 38.07 18.40 28.47

SFT→GRPO 1.8 1.5 3.3 80.72 97.64 56.53 83.33 63.81 38.15 17.40 30.13

SFT→GRPO 2.2 0.0 2.2 81.33 97.68 56.19 83.33 66.40 38.04 18.40 29.02

SFT→GRPO 2.2 0.4 2.6 81.68 97.90 56.91 83.33 59.36 37.97 18.40 28.47

SFT→GRPO 2.2 0.7 2.9 80.94 97.20 56.40 83.33 69.96 38.10 16.00 28.47

SFT→GRPO 2.2 1.1 3.3 80.94 97.11 57.46 83.33 69.69 37.95 17.80 28.10

SFT→GRPO 2.7 0.0 2.7 81.29 97.68 56.02 83.33 67.47 38.44 18.40 28.10

SFT→GRPO 2.7 0.4 3.1 81.90 98.03 57.42 83.33 54.55 38.46 15.60 29.02

B.1 Positive-only SFT control

Table 6: Complete checkpoint results for the positive-only SFT control, with the base model for comparison. Training uses xLAM
examples whose reference answers contain at least one function call. Scores are percentages (↑: higher is better); bold marks the
highest score in each metric column within this table, including ties and the base model.

Recipe Training time (h) xLAM BFCL-v3 General capabilities

SFT GRPO Total ETC ↑ FNA ↑

Single-turn

FC (agg) ↑ Relevance ↑
Irrelevance

(agg) ↑ MMLU ↑ MATH-500 ↑ IFEval ↑

Base 0.0 0.0 0.0 63.84 90.03 50.28 77.78 66.93 42.04 15.80 26.80

SFT 0.5 0.0 0.5 75.73 96.81 53.85 94.44 13.28 41.77 17.00 28.10

SFT 0.9 0.0 0.9 77.96 97.33 53.60 94.44 7.04 41.61 19.80 29.57

SFT 1.4 0.0 1.4 79.23 97.64 55.34 100.00 8.02 41.83 18.60 26.62

SFT 1.8 0.0 1.8 81.24 97.99 57.59 100.00 9.09 41.56 19.20 31.42

SFT 2.3 0.0 2.3 81.59 98.08 57.34 100.00 7.31 41.47 18.40 31.05

SFT 2.7 0.0 2.7 82.12 98.29 56.19 100.00 7.22 41.72 18.60 29.76

12


	Introduction
	Related work
	Study design
	Data, filtering, and abstention
	Model and timing
	Supervised fine-tuning
	GRPO algorithm and hyperparameters
	Evaluation

	Results
	Limitations
	Conclusion
	Reward-group diagnostics
	Complete experiment table
	Positive-only SFT control


